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Diabetes mellitus is a significant chronic disease affecting over 37 million Americans. 

Complications of the lower extremity related to diabetes can be severe, including deformity, 

ulceration, and amputation. Developing improved prevention and treatment of pedal complications 

necessitates a better fundamental understanding of the diabetes-related changes to plantar soft 

tissue microstructure and mechanics. Despite growing agreement that aberrant pressures are 

associated with ulceration, long-standing hypotheses about shear stresses initiating ulcer injury, 

and observational assessments of microstructural and biochemical disruptions, microstructural 

study has not assessed the characteristics of the unique adipose septal chambers of the plantar fat 

pad, and there has been little in vivo measurement of internal multidimensional strains. This gap 

in knowledge can be related to the difficulty of measuring these important parameters, as 



microstructural assessment requires substantial time from a highly trained histologist, and in vivo 

measurements must prioritize human safety and comfort. In order to address these lingering 

questions, this work develops physical and computational tools to make previously unexplored 

microstructural, macrostructural, and mechanical measurements of the plantar soft tissue.  

First, an automated method for assessing morphology of plantar soft tissue histological samples is 

reported and applied to quantify changes in the plantar adipose chambers related to tissue depth 

and diabetes. Adipose chambers were found to be quantitatively smaller in the superficial adipose 

layer than in the deep adipose layer, and with diabetes the size of the superficial chambers 

increased and the deep chambers decreased, leading to more similar chamber sizes between the 

two layers. Then, a volumetric load-bearing ultrasound scanner is constructed to acquire high-

resolution, three-dimensional structural scans of the plantar soft tissues in unloaded and naturally 

loaded conditions. This scanner consists of an elevated platform, a two-axis mechanical translation 

system for the transducer, and a load-bearing plate capable of transmitting B-mode and shear wave 

elastography ultrasound modalities. In order to more safely couple the foot and transducer to the 

load bearing plate, custom polyacrylamide coupling gels were developed to meet application 

demands for strength and toughness. Finally, the volumetric scanner was integrated into a data 

collection protocol including computed tomography and plantar pressure, and scans were acquired 

for four subjects. Analytical methods for acquiring internal axial and shear strains across all three 

anatomical axes and planes, regional stiffness maps, and plantar pressure based on underlying 

bony geometry are reported. These methods are applied to the data from several subjects to 

demonstrate their feasibility.  
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Figure 6-4: Left. Tested materials that meet the criteria of creep pressure greater than 200kPa and 
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plot. The six samples selected as best meeting the goal of a strong, tough, resilient gel for 

weight bearing scans are located in the top center of the graph between 375 kPa and 

500kPa and 0.1 mm and 0.15 mm. (in circle) ................................................................. 179 

Figure 6-5: The modulus measured during the ramp portion of the mechanical test was positively 
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Figure 6-7: Left. Loading stress-strain curve for the six best samples, representative of the shapes 

of all curves. Stress-strain behavior is nonlinear. Right. Creep displacement for the best 
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Figure 6-9: Left. Prior work evaluating changes in elastic modulus with acrylamide and 

crosslinker content demonstrating positive correlations for both. The magnitude of the 

moduli in prior works is lower than those presented here. This may be due in part to 

testing methods. Right. Prior work of compression tests only, with size represented by 

displacement rate and shape represented by peak strain. Peak strains from prior work are 
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1 Introduction 

1.1 Prevalence and Complications of Diabetes 

Over 34 million, or 13%, of U.S. adults live with diabetes mellitus (DM) as of 20181, an increase 

of nearly 50% from 8.7% of U.S. adults in 2000, making it not only one of the most prevalent 

chronic diseases in the U.S.2, but suggesting that it will continue to be a significant chronic disease 

in years to come. DM is a systemic disease, in which the body makes insufficient insulin (Type I) 

or becomes resistant to insulin (Type II). Insulin promotes absorption of glucose into liver, fat, and 

skeletal muscle cells. When insulin is unable to sufficiently promote glucose uptake, the level of 

glucose remains elevated in the blood. This elevated blood-glucose is carried to all tissues in the 

body through the circulatory system, and can disrupt normal biochemical processes such as 

advancing glycation of proteins. As a systemic disease, DM is associated with a large number of 

co-morbid complications such as retinopathy, nephropathy, cardiovascular disease, hypertension, 

neuropathy, and skin infections. Foot complications of DM encompass a range of pathologies 

including structural deformities, to loss of sensation, reduced vascular function, and ulceration.  

1.1.1 Plantar Ulceration 

Ulcers are open wounds of unclear origin that appear on the foot. These wounds can be slow to 

heal, in part due to the effects of diabetes on peripheral vascularization, and may not be 

immediately noticed in cases of neuropathy. This combination of factors makes ulcers difficult 

and expensive to treat3, and also gives them a high risk of infection. Infection in ulcers can be 

severe, and if it reaches the bone, it may require amputation of the affected limb up to the level of 

that bone. In 2016, 130,000 adults with diabetes underwent a lower extremity amputation1.  
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An estimated 19% of people diagnosed with DM will develop a foot ulcer during their lifetime4, 

meaning of the 34 million adults with diabetes in the U.S., 6.5 million will develop at least one 

ulcer. Ulcers affect quality of life and are difficult to treat, often doubling healthcare costs3 and, in 

severe cases, requiring amputation. Despite the seriousness of this condition, and the recurrence 

rate of 40% at one year and 65% at 5 years4, ulcer risk assessment is still largely based on systemic 

metrics like HbA1c, or comorbidities like peripheral neuropathy and peripheral arterial disease, 

rather than local factors specific to the foot. Similarly, ulcer prevention consists of controlling 

blood glucose levels (systemic), non-constrictive footwear (general), and foot self-checks (early 

identification)5. 

There are a variety of hypothesis for the mechanism of ulceration, with some focusing on risk 

factors like insensate feet due to peripheral neuropathy and the possibility of unnoticed injury, 

poor wound healing due to peripheral vascular disease, skeletal deformities like Charcot foot or 

claw toes, or dry skin. Other hypotheses are mechanically-driven, suggesting that there is a change 

in plantar loading to generate high plantar pressures that injure tissue with normal motion or a 

change in shear forces at the plantar surface or in internal soft tissues that causes a tissue injury6. 

The true mechanism of injury is likely to be a combination of these factors, but the change in 

plantar mechanics is the least understood due to difficulties in measuring the mechanical properties 

of the plantar soft tissue in vivo.  

1.1.2 Treatments, Guidelines, and Gaps 

Despite a long history of foot ulcers in diabetes and an established connection between ulceration 

and increased cost, morbidity, and mortality, the prevention and treatment options for 

complications of DM in the foot, particularly ulceration, have undergone minor changes since the 

combination of debridement and offloading for plantar ulcer treatment was established before the 
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turn of the century. The International Working Group on the Diabetic Foot (IWGDF) guidelines 

for prevention of persons with foot ulcers from 2019 lists sixteen recommendations5. These 

recommendations can be broadly summarized as: 

 screening patients for risk factors such as history of prior ulceration, foot deformity, 

neuropathy, vascular disease, or signs of foot injury (recommendations 1 & 2) 

 instructing patients to practice good self-care (do not walk barefoot, inspect plantar 

surface of both feet daily, monitor foot temperature, wear appropriate footwear; 

recommendations 3-6) 

 prescribing therapeutic footwear or custom orthoses (recommendations 7-9) 

 treating pre-ulcerative signs such as ingrown toenails or calluses (recommendation 10) 

 considering tendon surgeries when conservative treatments fail (recommendations 11 & 

12), but not nerve decompression (recommendation 13)  

 prescribe light walking and mobility-related exercise (recommendations 14 & 15) 

 prescribe integrated foot care (recommendation 16) 

These recommendations for prevention of ulcers focus on external signs, however, the 

pathomechanics of ulceration have been hypothesized to initiate in the deep tissue and propagate 

outward6. Other areas of emphasis include systemic metrics of diabetes severity (peripheral nerve 

and vascular complications, other comorbities), general self-care, and therapeutic footwear, which 

is typically only able to target offloading after the first incidence of ulceration.  

Treatment of ulcers consists of two components: wound care and offloading. The IWGDF 

guidelines for wound care contain thirteen recommendations, primarily concerned with techniques 

for debridement of the wound and considerations of the type of wound dressing that aids wound 
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healing and patient comfort, such as topical treatments, oxygen therapy, and negative pressure. 

However, the quality of evidence for the majority of these recommendations is low. While 

debridement and wound dressing are essential to avoid infection and poorer outcomes, it is difficult 

to heal an ulcer once formed.  

After debridement and dressing, the wound must be protected from additional injury through 

offloading. The IWGDF lists nine recommendations for offloading of an ulcer7, which can be 

broadly summarized (Figure 0-1), with the primary interventions being a non-removable off-

loading device, a removable off-loading device, or tendon surgery, and with most 

recommendations being directed at forefoot and midfoot ulcers rather than ulcers at the heel. The 

recommendations note that heel ulcers are less common but little research on the best way to 

offload and heal them.  

 

Figure 0-1: Flowchart of plantar ulcer treatment from the IWGDF guidelines for plantar 

offloading7, reproduced with permission.  
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Given the high cost of treating an ulcer, the high rate of recurrence, the difficulty in healing an 

ulcer, and the low quality of evidence for many of the treatment recommendations, prevention of 

the initial ulcer is critical. However, preventative care for ulcers lacks clarity and specificity due 

to a persistent lack of information about the process of ulcer development. There is little 

information on how to predict when or where an ulcer might occur prior to its occurrence. Plantar 

pressure has been correlated with ulceration, but with low specificity8–10, and plantar pressure 

measurement systems are rarely available in clinics. An improved understanding of how ulcers 

form, with a focus on diagnostic imaging and targetable early interventions could drastically 

improve diabetes care.  

1.2 Objective 

This thesis aims to expand understanding of the plantar soft tissue structure at a microscale, 

macroscale, and mechanical level in order to provide a basis for improved prevention and treatment 

of diabetes-related plantar ulceration.  

There are several specific hypotheses related to each level: 

Microstructure 

µH1) The adipose chambers will be larger in the deep layer than in the superficial. 

µH2) The adipose chambers will be smaller in the diabetic specimens than the non-diabetic. 

µH2) A deep neural network with attention will be able to highlight areas of importance in 

the plantar soft tissue and guide development of new measurements.  

Macrostructure and mechanics 
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mmH1) All tissues will have increased stiffness in diabetic patients, leading to an overall 

increase in diabetic plantar soft tissue stiffness, but the magnitude of this change will vary by 

tissue and location. 

mmH2) Shear strain (from rest to standing) between different plantar soft tissues will be 

increased in diabetic subjects  

mmH3) A deep neural network with attention will be able to highlight areas of importance in 

the plantar soft tissue and guide development of new measurements. 

To address these hypotheses, this work will have these specific aims: 

Microstructure 

µSA1) Develop a method for automated segmentation of different plantar soft tissues from 

microscopy slides.  

µSA2) Investigate attention mechanisms in order to guide selection of areas and 

morphological parameters of interest with relation to diabetes.  

µSA3) Use automated processing to quantify morphological changes to the microstructure of 

plantar soft tissue.  

Macrostructure and mechanics 

mmSA1) Develop a mechanical system and the necessary software to generate a three-

dimensional scan of the entire plantar soft tissue, using B-mode ultrasound for structural 

information and shear wave elastography for tissue properties.  

mmSA2) Collect plantar soft tissue scans for 7 diabetic non-neuropathic subjects and 7 non-

diabetic subjects.  
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mmSA3) Analyze these scans using segmentation and strain information calculated with 

digital volume correlation as well as an interpretable classification neural network.  
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2 Background  

2.1 Anatomy of the foot 

The foot is the initial load bearing structure in the kinematic chain and is uniquely designed to 

dissipate high loads encountered during bipedal activities. The foot can be considered in three 

sections: the dorsal aspect of the foot, which is the superior surface and consists of the soft tissues 

superior to the bones of the foot; the skeletal aspect, which includes the bones of the foot, the 

ligaments and tendons that connect bones, provide support to the joints, and maintain the overall 

structure of the foot; and the plantar aspect, which includes all the soft tissues inferior to the bones 

of the foot. As the focus of this work is the plantar soft tissues, this discussion of the foot anatomy 

with begin with a brief overview of the foot skeleton before a detailed description of the soft 

tissues.  

2.1.1 Skeletal Structure 

The skeletal aspect of the foot consists of 28 bones connected by primarily plane and condyloid 

synovial joints. These bones are arranged in a structure that allows significant tri-planar motion 

and flexibility. This structure is reinforced with numerous ligaments that provide stability and 

prevent excessive motion at any of the joints. Some tendons as well provide necessary tension that 

maintains the skeletal structure of the foot. Finally, intrinsic muscles also serve essential function 

in supporting foot structure.  

The skeletal structure is often split into three sections: the hindfoot, which consists of the calcaneus 

and talus; the midfoot, which consists of the navicular, cuboid, and three cuneiforms; and the 

forefoot, which consists of the five metatarsals and phalanges.  

2.1.2 Plantar Soft Tissue 
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 The plantar soft tissue broadly describes all soft (non-osseous) tissue beneath the bones of 

the foot. This includes skin, adipose, muscle, ligament, tendon, nerve, blood vessel, and other 

connective tissue11. Starting from the skeletal structure (Figure 2-1A), the first soft tissues 

encountered (Figure 2-1B) are the ligaments of the arch and the interosseous muscles. These 

ligaments stretch between the calcaneus or the talus and the cuboids or metatarsals, spanning the 

hindfoot and midfoot to support the arch structure. These ligaments are generally strong and 

fibrous.  

The next layer moving superficially (Figure 2-1C) consists of three small muscles in the forefoot, 

which mainly serve as toe flexors. The muscle bodies of these muscles lie just beneath the 

metatarsals. The deep branches of the lateral and medial plantar nerves are also seen at this level 

in the forefoot.  

The following layer (Figure 2-1D) includes the tendons of the long flexor muscles whose muscle 

bodies originate in the leg, as well as the muscle bodies and tendons of the lumbricals and 

quadratus plantae, which assist in toe flexion. Additionally, in this middle layer, the tibial nerve 

and posterior tibial artery branch into the medial and lateral plantar nerves and plantar arteries and 

travel along the arch of the foot, branching again into smaller deep and superficial nerves and 

vessels. While the dorsal foot has several large superficial vessels, the plantar surface undergoes 

such high stress that large superficial vessels would be unable to adequately function, so plantar 

blood supply is routed deep and superficial offshoots are small.  

The most superficial layer of the plantar muscles (Figure 2-1E) includes the three short abductor-

flexor muscles, which flex and abduct the toes. The muscular bodies lie within the arch while the 

tendons run along the tendon sheaths to the most distal phalanges.  
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Superficial to the plantar muscles and tendons is the plantar aponeurosis (Figure 2-1F), a strong 

ligamentous structure that connects the calcaneus to the phalanges. It also extends to help form 

synovial sheaths for the tendons of the toes and forms a central compartment (medial-laterally) of 

the foot that includes the flexor digitorum tendons and lumbrical muscles. The foot has separate 

medial and lateral compartments that house the hallux and fifth digit tendons and muscles. 

Superficial to this aponeurosis is a layer of adipose tissue which acts as a shock absorber and load 

dissipater. Finally, the plantar skin is the most superficial layer of plantar soft tissue. 

2.1.3 Functional anatomy of the foot 

In a typical healthy foot, load is carried through contact of the forefoot, calcaneus, and lateral 

midfoot. Ligaments and tendons sustain tension between the other bones of the foot such that load 

is transmitted between skeletal and soft tissues and the other areas of the foot do not make direct 

contact with the ground. In order for this to happen, the longitudinal and transverse arches run the 

Figure 2-1: From left to right: A) the bones of the foot viewed from the plantar surface, B) the 

deep layer of interosseous muscles, ligaments, and fibrous capsules, C) the deep plantar intrinsic 

muscles, D) the mid layer of intrinsic plantar muscles and tendons, E) the superficial layer of 

intrinsic muscles, and G) the superficial plantar fascia and aponeuroses. Adapted  from 

Hollinshead's Functional Anatomy of the Limbs and Back 11 and Earth’s Lab 

(https://www.earthslab.com/category/anatomy/lower-limb/). 
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length and width of the skeletal foot. These two arches function to sustain the complex three 

dimensional load carrying skeletal geometry of the foot, and the stress at any particular point is 

proportional to its height on the curve of the arch, similar to the pattern of stress placed on an 

engineering arch.  

2.1.4 Microstructure 

Much of the focus of microstructural investigations into the plantar soft tissue focus on the skin 

and plantar adipose, in part due to the thick layer of plantar adipose at the calcaneus (also called 

the heel pad) which is the primary soft tissue superficial to that significant load-carrying bone. In 

one of the earliest investigations into the plantar adipose, Blechschmidt described qualitatively but 

in great detail the structure of the plantar adipose using formalin-fixed samples stained with 

fuchsin, carmine, methyl blue, or Hart’s elastin stain as well as selective dissolution of thicker 

tissue sections to photograph relief images of the tissue in solution12. Blechschmidt described a 

complex organization of larger chambers whose walls are thick and fibrous subdivided by more 

delicate elastic and collagenous divisions which create an irregular yet ordered structure full of 

asymmetric curves ( 

Figure 2-2, Left, Middle). He supported the mechanical explanation that this structure of fibrous 

yet elastic chambers of adipocytes ensures that the total deformation of the plantar fat is the sum 

of numerous small deformations, despite the stress likely being unequal throughout the plantar 

adipose and causing uneven deformation across the calcaneal fat pad. He further hypothesized that 

these septa are structured to provide the greatest padding to the point of highest load—under the 

calcaneus—and are uniquely oriented to resist vertical loading.  
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Similarly, Jahss noted the interconnected collagen-elastin septal networks creating isolated 

adipose chambers as well as medio-lateral and anterior-posterior differences in chamber size13. He 

similarly concluded that “the organization of this structure is what confers upon its unique role as 

a shock absorber”.  

 
Figure 2-2: Left. Frontal section of subcalcaneal padding showing complex septal structure and 

skin (adapted from Blechschmidt, 1982, Foot&Ankle, 2:5, 274). Middle. Close-up of thinner and 

thicker septal divisions (adapted from Blechschmidt, 1982, Foot&Ankle, 2:5, 278.). Right. 

Section of calcaneus and subcalcaneal tissue showing skin, superficial and deep layers of adipose 

tissue, fibrous connection of tissue to bone (adapted from Buschmann, 1995, Foot & Ankle 

International, 16:5, 265). 

Buschmann further described the subcalcaneal tissue as consisting of a “very thick dermis” 

followed by a papillary dermis and a larger reticular dermis with substantial (40-50%) elastic 

tissue. He then described two ‘subcutaneous’ layers, which are the superficial and deep adipose 

layers described by Bleschdmidt and Jahss. Finally, he described the anchoring of the 

subcalcanceal tissue to the calcaneus by varied sized retinacula. These different layers can be seen 

in  

Figure 2-2, Right. Colloquially, the chambers of the deep layer have been called ‘macrochambers’ 

and the chambers of the superficial layer have been called ‘microchambers’14–17. However, while 

the chambers have been observed qualitatively as larger in the deep layer, the chamber size has 

not been quantified.  

2.1.5 Structure-function Relationship 
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The effect of microstructure on material properties is well-established in classical mechanics. 

Microstructural features such as grain size significantly affect the properties of metals, particularly 

alloys, and form a strong basis for manufacturing techniques like heat treatment. Microstructure 

can be used to change the strength, ductility, and toughness of materials to best fit the intended use 

of the material.  

Biological materials are often required to sustain large and dynamic loading, and their 

microstructures are complex, with variability in order, orientation, composition, and shape. The 

hierarchical structure of biological materials and intricate lattice patterns allow for complex 

combinations of material properties difficult to replicate in synthetic materials. These unique 

material property combinations make biological materials and their complex hierarchical 

structures of particular interest to material scientists.  

While the microstructures of some individual tissues have been defined through 

histomorphological analysis, the microstructure of multiple tissues interactions, particularly the 

plantar soft tissue, lacks mechanical investigation.  

2.1.5.1 Plantar soft tissue  

There have been a few investigations into the effect of microarchitecture on plantar soft tissue 

mechanics. Using ex vivo methods, Miller-Young et. al. found no significant difference between 

specimens of the plantar adipose cut perpendicular and parallel to the skin, suggesting isotropy in 

the plantar fat18. However, the specimens were cut into 8mm diameter, 10mm height samples, 

which may be smaller than the size of some of the larger septal chambers, introducing the 

possibility that these tests were not able to effectively test the anisotropy of the plantar adipose 

structure.  
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Micromechanical computational models suggest that the extracellular matrix of the plantar adipose 

tissue may be 2-3 times stiffer than the whole tissue19, and that the septal walls and adipose 

chambers may have similar volumetric stiffness but that septal walls have higher shear stiffness20. 

Recently, Johnson et. al. attempted to recreate the properties of the plantar soft tissue using only a 

3D printed lattice21, and found that by modulating only the cross-sectional area and spacing of 

struts in a lattice, a relatively hard but compliant material (Tango, Stratasys, Eden Prairie, MN, 

USA,  E=2500) could mimic the properties of plantar soft tissue. These works emphasize the 

importance of the microstructure on the function of the material.  

A comprehensive analysis of the interaction of specific tissue types, the effect of relative tissue 

composition, and geometric and morphological tissue structure, and changes therein on the 

functional properties of the plantar soft tissue would be a useful resource for applications in tissue 

damage prevention, tissue replacement, and artificial limbs.  

2.1.5.2 Challenges in Plantar Soft Tissue Mechanical Testing 

Soft tissue presents specific challenges to describing its behavior. Soft tissues tend to display both 

nonlinearity and viscoelasticity. Soft tissues are also hydrated and often pre-stressed in vivo in 

addition to being at body temperature, and often temperature-sensitive. This combination of 

environmental factors makes ex vivo testing particularly difficult both to perform and to apply to 

the in vivo state. However, in vivo testing presents challenges as well. It is difficult to visualize the 

tissues and measure strain in real-time as there ate tissue visualization limitations inherent to 

noninvasive imaging modalities. Additionally, parameters like radiation exposure, subject pain 

and comfort, and human elements like blood flow and movement must be considered as well. 

While ex vivo testing is more controllable, it is difficult to translate to clinical intervention. While 
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in vivo testing is easier to translate to clinical intervention, the test parameters are difficult to 

control. 

2.2 Ulcer-related Diabetes Pathophysiology 

DM is a systemic disease characterized by elevated levels of glucose in the blood. DM can have 

wide-ranging complications due to its systemic nature. Two primary areas of investigation have 

emerged with regards to diabetes and plantar soft tissue—mechanical changes that may predispose 

the plantar soft tissue to injury, and biochemical and histological changes that may form the basis 

for mechanical changes or targets for therapeutic intervention. 

2.2.1 Mechanical and macrostructure changes 

Given that ulceration presents as a tissue injury, and tissue injuries are often a result of mechanical 

damage, aberrant mechanics are a common hypothesis for ulcer etiology. As a result, there have 

been many approaches to quantifying changes in mechanical properties of plantar and other soft 

tissues in diabetes. These approaches can be grouped as involving ex vivo mechanical tests on 

biopsied or dissected tissue, in vivo imaging tests using ultrasound, MRI, or X-ray radiography, 

and computational finite element models.  

2.2.1.1 Ex vivo tests 

Ex vivo tests are a critical component of understanding tissue mechanics and the function and 

dysfunction of the plantar soft tissue. In order to fully understand a multi-material structure, it is 

important to understand the properties of each material in the structure as well as parameters like 

the strength of connection between materials. The plantar adipose and the plantar skin have been 

characterized as materials, and changes to those material properties with diabetes have also been 

quantified. In the most thorough characterization to date, our laboratory characterized the 
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compressive22 and shear23 properties of the plantar adipose at six locations and also separately 

tested the skin24 of the same specimens, allowing some comparison between changes of two 

different tissues. Similar to other soft tissues, the plantar adipose and skin are both nonlinear and 

viscoelastic (Figure 2-3). However, the plantar adipose has a longer toe region, remaining in the 

initial low-modulus phase of the compression stress-strain curve for nearly 40% strain before 

increasing sharply (Figure 2-3A). In contrast, the toe region for the plantar skin lasts only 20-30% 

strain (Figure 2-3, c), dependent on location. As may be expected from the rule of mixtures, a 

structural test of similar set up using specimens with both plantar adipose and skin had a toe region 

of between 30 and 40% strain25.  

 

Figure 2-3: Example stress-strain curve for A) adipose in compression, showing frequency-

dependence (from Pai 2010, reproduced with permission), B) adipose in shear showing location 

dependence (from Pai 2012, reproduced from with permission) , C) skin in compression, 

showing location dependence (from Brady 2021, reproduced with author rights), D) skin in 

shear, showing location dependence (from Brady 2021, reproduced with author rights). 

In compression, the elastic modulus, calculated from the second half of the stress-strain curve, 

from the diabetic specimens was nearly twice the elastic modulus of the non-diabetic specimens 

in adipose and 1.25 times the elastic modulus of non-diabetic specimens in skin. In shear, the final 

modulus was 47% higher in diabetic adipose tissue but only 27% higher in diabetic skin. These 

studies show that the magnitude of the increase of stiffness in the plantar adipose is considerably 

larger than that of the skin. Such a difference could cause dramatic shifts in the local stress 

concentrations under loading, particularly with the irregular bony surfaces. However, as these 
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studies performed physiologically realistic loading based on a normal gait cycle, there is no 

information about changes in the fatigue or fracture characteristics of the tissue.  

In a structural test, Chen26 showed that the plantar skin-adipose interface was 27% stronger with 

diabetes, but that the plantar skin was 12% stiffer and less extensible with diabetes. This supports 

a modest change in skin mechanics, but that there are additional shifts in other parts of the plantar 

soft tissue to accommodate the irregularity.  

While ex vivo testing has contributed significantly to our understanding of plantar soft tissue 

mechanics and the changes of specific plantar soft tissues with diabetes, these tests are often 

limited to material-level tests and steps must be taken to alleviate differences in moisture, 

temperature, and other conditions that are different from in vivo. Fixative and dissection processes 

can alter the natural structure of the whole plantar soft tissue, limiting utility of cadaveric models 

for structural investigations and clinical translation.  

2.2.1.2 In vivo imaging  

MRI is a popular choice for studying the plantar soft tissue. MRI produces a three-dimensional 

volume and has excellent soft tissue resolution. Studies using MRI have shown that the effective 

shear27 and elastic27–29 moduli of the plantar soft tissue are higher in diabetic feet compared to non-

diabetic, and that muscle fiber atrophy and fibrosis of the adipose tissue occurs in the metatarsal 

head of the diabetic foot30. However, MRI is expensive, requires lengthy acquisition and highly 

specialized technicians, and cannot resolve dynamic motion. Therefore, its use in studying the 

mechanics of the plantar soft tissue is limited.  

Another 3D modality, computed tomography (CT), has similar limitations. While it has been used 

to demonstrate changes in plantar mechanics due to bony structures and soft tissue thickness in 
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diabetic and non-diabetic ambulators31, and reduced muscle density and increased arthropathy at 

the forefoot with diabetes and prior ulcer32, CT is an uncommon choice, due to the higher doses of 

radiation and poor soft tissue resolution. Similarly, while fluoroscopy can resolve dynamic motion, 

soft tissue resolution is poor, and as such, fluoroscopy is often used to track bone motion and infer 

properties of the soft tissue by using the foot bones and the ground as a reference33. This method 

has been used to demonstrate that the heel pad operates close to its pain threshold in barefoot 

walking33.  

A real-time, safe, relatively inexpensive, imaging modality with good soft tissue resolution, 

ultrasound is a common choice for studying the plantar soft tissue. One of the most common 

methods of interrogating the plantar soft tissue using ultrasound involves attaching an ultrasound 

transducer to a mechanical actuator and applying a pressure to the plantar soft tissue while imaging 

its deformation, thus allowing the calculation of a force-deformation relationship. Using this 

method, several groups have shown an increase in stiffness with diabetes34–36. Additionally, 

ultrasound has been used to measure plantar soft tissue thickness, showing no difference in 

thickness between diabetic peripheral neuropathic subjects and controls34,36, increased overall 

plantar soft tissue thickness35, and progressively decreased epidermal thickness with diabetes, 

comorbid peripheral neuropathy, and history of or present ulcer35. Separating the plantar soft tissue 

into a superficial and deep layer, Hsu et. al used ultrasound indentation to describe a decrease in 

strain but increase in stiffness of the deep layer with diabetes and a decrease in stiffness of the 

superficial layer with diabetes16. However, ultrasound indentation is limited by the small area of 

action as well as the discomfort threshold of the device (~500kPa at the heel)37, which is somewhat 

lower than the final modulus of the plantar soft tissue at maximum physiological compression22.  

2.2.1.3 Plantar pressure 
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Plantar pressure is an external measurement that describes the distribution of bodyweight over the 

plantar surface during either static standing or a dynamic motion such as walking. As an easily 

measureable non-invasive mechanical quantity, plantar pressure is an intuitive and desirable 

measurement for assessing ulcer risk due to changes in mechanics. Plantar pressure has been 

correlated with ulcer incidence8, and is often used as an indicator of ulcer risk in research as well 

as a metric of effectiveness of strategies to prevent ulceration38–40 and a method of validating 

computational models for answering diabetes and ulcer-related questions41. Plantar pressure is 

often higher at the site of a previous ulceration42. However, while some have measured ulcer 

incidence occurring in only those patients with abnormally high general plantar pressure8, 

incidence of ulcers at locations of high or peak plantar pressure has been measured at 38%8 and 

57%10. Ledoux et al. demonstrated that for the metatarsals, higher peak plantar pressure was 

associated prospectively with ulceration; the same was not true elsewhere in the foot9. 

Additionally, there seems to be differences in the distribution of plantar pressure, as Abriu et al 

found a significant inverse relationship between midfoot peak plantar pressure and severity of 

neuropathy, suggesting that increase in plantar pressure in one location may be accompanied by a 

decrease in plantar pressure at another location. One group found that peak plantar pressure and 

peak plantar shear occurred at the same location in 20% of patients with diabetes and 0% of 

subjects without diabetes, suggesting that the combination of peak plantar compression and shear 

may contribute to injury43.  

Clearly, plantar pressure, while sometimes indicative of future ulceration, is not comprehensively 

predictive, suggesting there is a need for additional metrics to provide comprehensive preventative 

care. Additionally, plantar pressure measurements require specialized equipment and is highly 
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variable with shod conditions. Plantar pressure measurements are not often available clinically, 

making them difficult to integrate into preventative care. 

2.2.1.4 Computational experiments 

Given the difficult of measuring internal stresses and strains in vivo due to patient comfort and 

ethics, and ex vivo due to difficulty maintaining structure, computational models have long been 

used to estimate internal stresses and strains for plantar soft tissue conditions. Finite element 

models have been used to evaluate the change in plantar stress given a change in material properties 

of the plantar soft tissue with diabetes44, demonstrate that internal strains near pedal bones are ten 

times higher than plantar surface strains45, demonstrate increased maximum principal stress and 

decreased minimum principal stress (increased magnitude compressive stress) in diabetic plantar 

adipose tissue46, and show that nonlinearity of the plantar soft tissue material properties leads to 

uneven stress distribution47. 

However, finite element models are limited by simplifications in anatomical geometry, material 

models, meshing, assumed boundary conditions, and lack of validation. One study found that 

addition of sliding contact between tissues in a finite element foot model improved the fidelity of 

the plantar pressure distribution48, though many models assume fixed connections between tissue 

layers, when multiple tissues are present. In a review of 96 finite element models of the foot, 

Behforootan et. al. noted that ligaments and cartilage were only modeled in just over half, and 

rarely nonlinear or viscoelastic when present, 77% of studies modeled the distinct layers of skin, 

fat, and muscle together as a single bulk ‘plantar soft tissue’ despite significant differences in the 

material properties of each, 44% of reviewed studies did not offer any validation of the model, and 

only five studies listed the number of elements in the mesh49. Of the reviewed studies, 79% 

modeled healthy feet, and just 13% were focused on the diabetic foot. Inclusion of anatomically 
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realistic geometry, distinct material models, and nonlinear, viscoelastic models all increase the 

computational time required to run a model. However, the assumptions used to simplify the 

models, combined with a striking lack of validation, makes many finite element models difficult 

to rely on or conclude from.  

A computational micromechanical model used a lattice structure of septa and adipose chambers, 

showing that the volumetric stiffness of connective septa and adipose chambers may be four and 

two times higher, respectively in diabetic adipose tissue, but that the shear stiffness may remain 

unchanged20. 

2.2.1.5 Effect of Location 

Not all plantar locations are equally susceptible to ulceration31,50. In an analysis of 212 patients, 

32.3% of ulcers occurred on the second to fifth toes, 31.6% on the hallux, 9.5% beneath the 

metatarsals, and 9.5% at the heel, suggesting that the forefoot is the primary location of 

ulceration50. In a study of 230 patients, 22.2% of ulcers occurred at the hallux, 14.7% at the 

metatarsals, 12.6% at the heel, 8.7% at the other toes, and 3.1% at the midfoot51. While these 

results again suggest the forefoot as the location of the majority of ulcers, there are a large share 

at the heel. Ex vivo compression and shear testing of plantar adipose and skin found significant 

variation in mechanical properties by location, though there was no interaction assessment between 

location and diabetes status22–24. Finally, while skeletal deformity of the foot is a known risk factor 

for ulceration, and ulcers are clearly location-dependent, attempts to link deformity and location 

of ulceration are mixed, with some finding a correlation31 and others finding no correlation51. 

Ultimately, there are clear differences in both material properties of plantar soft tissues and ulcer 

risk by plantar location, making location an important consideration in analysis of ulcer etiology 

and diabetic plantar soft tissue mechanics.  
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2.2.2 Biochemical and Histological changes 

Biochemical and histological investigations are often targeted toward non-plantar tissues or non-

specific tissue components like collagen fibrils, but systemic changes to biochemistry and cellular 

histology can be presumed to occur in similar ways throughout the body.  

Early work experimentally induced diabetes in the skin and aorta of a rat model using 

streptozotocin52, finding that collagen fibers were lower in quantity but increased in strength. 

Additional work showed thicker capillary basement membrane, increased endocardial interstitial 

fibrosis, and decreased myocyte size with diabetes53. Reihsner et al54 showed that the exponential 

coefficients fit to the stress-strain curve of skin taken from the plantar and dorsal aspect of the 

hand of persons with diabetes are higher than those coefficients for unaffected skin. They further 

showed that similar changes occur when artificially glycation unaffected skin specimens in vitro, 

and that the fluorescence of artificially glycated and diabetic specimens have similar luminance 

and peak wavelength, suggesting that the stiffening mechanism may be a direct result of increased 

glycation.  

Of those studies focused specifically on the plantar soft tissue, Brash et. al reported fibrosis of the 

subcutis, which caused thicker and more fibrous septal separations as well as compressed 

adipocytes within the adipose chambers30. In a combined study of the biochemical and histological 

properties of the plantar adipose55 and skin24, there was no change in total collagen content, 

collagen: elastin ratio, collagen I:III ratio, size of adipocytes, total adipose area, skin thickness, or 

adipose/seta area fraction with diabetes, but the septal wall separating adipose chambers were 75% 

thicker and total elastin content was 25% higher in diabetic plantar adipose specimens. 

Additionally, of these parameters, only the total collagen content and septal thickness (adjusted 
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for location) were correlated with mechanical parameters (energy loss and modulus, 

respectively)56.  

Supporting the idea of a change in the adipose structure, Johnson et. al. found that a lattice with 

increased spacing and increase diameter of struts produced material properties similar to diabetic 

plantar soft tissue and a lattice with smaller strut spacing and diameter produced material 

properties similar to non-diabetic plantar soft tissue for the same base material, strut orientation, 

and strut organizational pattern21. This suggests that increased septal thickness even if combined 

with larger adipose chambers could account for the increase in stiffness seen in diabetic tissue.  

While there is evidence that collagen glycation may change the mechanical properties of the 

plantar soft tissue, there is little structural evidence of changes to the microstructure of plantar soft 

tissue being associated with the macroscale functional differences seen in diabetes56. Therefore, 

there are still unanswered questions about how the microstructure influences the functional ability 

in diabetes. 

2.3 Mechanical Testing and Models  

2.3.1 Mechanical testing methods and considerations 

Mechanical analysis is often performed using a series of tests defined by engineering standards. 

These test are designed to mimic real-word use cases but in an idealized environment to reduce 

errors in measurements. These tests include tension, compression, bi-axial, impact, and drop tests, 

among others. In normal activities such as gait, the plantar soft tissue experiences complex loading 

that includes motion in all three anatomical planes due to the numerous joints and bones of the 

foot. However, the majority of plantar soft tissue testing is performed using compression testing 

methods as the primary axis of loading is normal to the plantar surface.  
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Much ex vivo testing of the plantar adipose is performed in compression on cylindrical 

specimens18,22,25, while in vivo testing of the whole plantar soft tissue is often performed using 

impact or indentation techniques27,36,37,57. Ex vivo compression tests struggle with the boundary 

conditions of friction between the sample and the platens, opting for securing with glue, sandpaper, 

or assuming frictionless testing. Another issue with these tests is the high rate of slipping when 

specimens are not secured. Finally, in compression testing of elastic materials of high 

recoverability, identifying failure can be difficult, as there is unlikely to be a brittle fracture. In an 

inhomogeneous material like plantar adipose, it may be difficult to identify small cracks that 

signify plasticity in barrel deformation.  

In order to fully understand the mechanics of the plantar soft tissue in relevance to injury during 

activities of daily living, the ideal mechanical test mimics the loading pattern and allows 

visualization of the entire structure’s response to loading in a controlled way. Given the multi-

axial loading in the foot, the aforementioned difficulty imaging the diverse tissues of the foot, and 

the numerous variables that arise with both in vivo and ex vivo testing, many methods are able to 

achieve one or more but not all of these conditions.  

2.3.2 Mechanical models of soft tissues and composites 

Soft tissues are classically nonlinear and viscoelastic, meaning that the change in load resisting an 

applied deformation is not linearly related to the applied deformation over a range of deformation 

(nonlinear), and also that the force-deformation behavior is time-dependent (viscoelastic), 

exhibiting a change in either force or deformation for a constant application of the other (creep or 

relaxation), and a change in the force-deformation relationship depending on the rate of applied 

deformation (rate-dependence). These properties are in contrast with most engineering materials, 
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which are linear and elastic; exhibiting the same linear force-deformation relationship irrespective 

of total applied deformation or the rate of applied deformation up to the point of yielding.  

Linear elastic behavior can be described with a simple linear equation, but nonlinearity and 

viscoelasticity are described by more complex models. Nonlinear materials are represented by 

hyperplastic models like Mooney-Rivlin58, Ogden59, neo-Hookean, and Arruda-Boyce60 models, 

while viscoelastic materials are classically taught using simple combinations of springs and 

dashpots such as the Maxwell and Kelvin models. A common model for both nonlinear and 

viscoelastic biological soft tissues is the quasilinear viscoelastic model61, which assumes the elastic 

(F(e)(ε)) and temporal G(t) components of material behavior are separable:  

𝐹(𝑡) =  ∫ 𝐺(𝑡 − 𝜏′)
𝜕𝐹(𝑒)[𝜀(𝜏′)]

𝜕𝜀

𝑡

0

𝜕𝜀(𝜏′)

𝜕𝜏′
𝑑𝜏′.  

Equation 2.3-1 

Soft tissues can also be thought of as composite structures, composed of fibers and filling media 

with drastically different properties. As a result of this inhomogeneous constitution, composite 

materials have properties that are in between the properties of the two components. This 

combination of properties can be predicted by the rule of mixtures, which states that for a material 

made of multiple components, the material’s property is a weighted sum of the component 

materials, where the weight is a volume fraction.  

Finally, these are material and microstructural models, but there many structural considerations as 

well. Boundary conditions between different materials, morphology and orientation of different 

components, and direction and type of applied loads all affect the way that materials behave in a 

structure.  
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2.4  Medical image analysis 

Medical images include modalities like MRI, CT, X-ray, ultrasound, and histology or pathology 

microscopy images. Given their importance in the diagnosis, monitoring, and treatment of disease, 

there are a wealth of methods to analyze such images in order to improve the consistency and 

quality of care.  

2.4.1  Classic image analysis  

Classically, image analysis methods derived from attempting to describe qualitative and 

quantitative human observations in digital terms or from attempting to extract information that 

may be obscured through some processing of the image. Such image descriptors and enhancers 

draw from qualities like edges between objects; changes in illumination, contrast, or color; texture; 

morphology; connected components; distance between objects; arithmetic combinations of 

images; or abstractions like frequency decomposition or principal components.  

These classic image analysis methods have been used to successfully aid tasks in medical imaging, 

particularly in histological and bone analysis, such as measuring and counting adipocytes in 

histology62–64, evaluating cortical geometry and trabecular microarchitecture in CT65, quantifying 

axonal myelination in fluorescent microscopy66, describe elastin fiber alignment in the cerebral 

artery in histology67, measuring nuclei to detect cervical carcinoma pathology68, counting and 

quantifying features of nuclei in retinal histology69.  

However, manual or semi-manual image processing techniques can be costly, requiring both large 

quantities of time and highly skilled personnel. These requirements often cause bottleneck in 

analyses, particularly in cancer biopsy review. Alleviating this burden on pathologists as well as 

incentive to reduce human bias and error has led to a drive for automated recognition of tissue 



59 

 

types in digital histology images. Solutions aim to automatically detect areas of cancerous growth 

in large images composed of entire tissue slides at micron or nanometer resolution, correlating to 

pixel-level labeling in gigabyte sized images. 

2.4.2 Machine Learning and Deep neural networks 

Two of the most common tasks in medical image analysis are classification, typically attempting 

to classify images or regions of images as disease or health tissue, and segmentation, typically 

attempting to label each pixel in an image as one of multiple tissue types. These tasks tend to be 

difficult in medical imaging because the difference in appearance between tissues—particularly at 

tissue boundaries or mildly pathological tissue—is relatively small compared to other image 

analysis tasks. Therefore, more robust learning algorithms often outperform classic image analysis 

techniques, though with a tradeoff of increased complexity. Learning algorithms, often referred to 

as machine learning, optimize high-dimensional models to model complex relationships between 

instances of high-dimensional data. In order to model these relationships, the optimization is 

‘trained’ on a large dataset and then ‘tested’ or ‘validated’ on a smaller, unseen subset.  

Statistical machine learning techniques usually take image information abstracted via some classic 

image descriptors, and develop a model of the relationship between that image information and 

the desired output, often a classification. There are many different statistical machine learning 

algorithms, including nearest neighbor, regression, support vector machines, graphical models, 

random forests, decision tress, and Bayesian decision making. Supervised machine learning refers 

to the class of machine learning algorithms that are given a label as well as a feature or feature 

vector in the training data, while unsupervised machine learning is given only the feature vector 

in the training data, and is allowed to find its own pattern via clustering or pattern recognition 

techniques. Statistical machine learning algorithms have been used with classic image descriptors 
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to successfully classify images by disease state70 or severity71 as well as perform segmentation72 

or clustering73. However, these methods are limited by the human choice of feature descriptors 

and require experienced engineers to choose and supervise the process.  

Deep neural networks are composed of multiple linear and nonlinear differentiable transformation 

functions that, when ‘layered’ sequentially create a complex nonlinear functional relationship. 

These networks are optimized by evaluating a target function and propagating the gradients of 

each layer backwards to the input layer to update the weights of the function in each layer. The 

most common neural network in medical image analysis uses the convolution function for the bulk 

of its image transformations, earning it the name ‘convolutional neural network’, or CNN. CNNs 

have been used to classify large image datasets into thousands of classes74,75, identify instances of 

objects in images76, segment images77, and more. One of the most common and successful 

variations of the CNN, the UNet77, employs a down sampling chain of convolutions and nonlinear 

rectified linear units (ReLUs), and an equivalent up sampling chain of deconvolutions and ReLUs 

to directly convert an input image into a same-size segmentation image. Variations of the UNet 

have been applied to segment nearly all medical image types.  

Deep neural networks are less developed for three-dimension inputs due to the difficulty of the 

increased input size. However, some groups have applied CNNs to volumetric MRI or CT inputs 

by using slices of the volume as inputs78–80, breaking the inputs into smaller volumes80,81, or 

downsampling the volumes using some interpolation algorithm82. As computational power 

continues to improve, and deep neural networks become more efficient, there may be more 

advances in leveraging the predictive power of the deep neural network for volumetric medical 

images.  
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2.5 Ultrasound Elastography 

Ultrasound has been used to image the plantar soft tissue and calculate deformation with applied 

stress in order to measure changes in mechanics with diabetes. However, newer techniques 

alleviate the issues inherent in in vivo testing such as patient discomfort by directly measuring the 

tissue stiffness. Measurement of stiffness through imaging has been coined ‘elastography’. 

Elastography techniques exist for both MRI and ultrasound, and there are various methods of 

accomplishing this measurement.  

Initial elastography techniques involved an external mechanical actuator which would induce a 

mechanical deformation or the body’s own mechanical deformation, such as from heartbeats or 

breaths, and produced a color-coded relative stiffness image of the tissues in frame based on their 

deformation by assuming uniform applied stress. This method of estimating stiffness based solely 

on deformation to get relative stiffness value within an image is called strain elastography. The 

use of an external mechanical actuator was useful for imaging superficial tissues, such as in 

investigating breast lumps, but imaging deeper tissues was more difficult. Such externally-actuated 

elastography was qualitative and subject to considerable error due to difficulty measuring probe 

displacement, location of the ultrasound probe in space, difficulty obtaining sequential images in 

the same plane due to user variability, and difficulty measuring accurate force.  

Eventually, a high-powered ultrasonic pulse, called an acoustic radiation force impulse or ARFI, 

was developed in order to create a targeted applied force at a specific depth to provide improved 

control over applied stress and remove the need for an additional external mechanical actuator. 

The ARFI was used in some commercial strain elastography systems.  

2.5.1 Shear Wave Elastography 
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The next breakthrough in ultrasound elastography was shear wave elastography, which allows 

quantitative measurements of stiffness rather than the qualitative strain measurements. Shear wave 

methods use the ARFI to create an internal tissue stress, which then creates a perpendicularly 

propagating shear wave. A method called point shear wave elastography induces a single ARFI at 

a single focal point, but a more common method is to induce multiple ARFI’s along the axis of the 

transducer in rapid succession to create a ‘mach cone’ which then propagates a quasi-plane shear 

wave.  

One of the most popular and first commercially available techniques to use shear wave 

elastography for quantitative modulus measurement is the supersonic shear imaging method (SSI) 

developed in 2004 by Bercoff et al83 as an answer to the problems addressed above. In SSI, the 

ARFI, generates a Mach cone and a subsequent quasi-plane shear wave, which then propagates as 

two plane shear pressure waves roughly perpendicular to the initial pulse. This shear wave creates 

low intensity, lower frequency displacements that can be measured using ultrafast B-mode 

ultrasound imaging at speeds around 1000fps. The displacements are measured over time and used 

to compute the shear wave speed, which is then related to the elastic modulus assuming 

homogeneity, isotropy, infinite extent, and incompressibility using the equation:  

𝐸 ≈ 3𝜇 ≈ 3𝜌𝑐𝑠
2 

Equation 2.5-1 

where µ is the shear modulus, ρ is the material density, and cs is the shear wave speed of sound.  

2.5.1.1 Validation 

This approach to measuring soft tissue stiffness in vivo has been widely adopted in several fields, 

particularly where pathological tissue has been found to have different mechanical properties 
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than healthy tissue. The primary application of SWE has been in diagnosis of soft tissue tumors, 

particularly breast8485 and prostate84 tumors and identifying liver fibrosis84. Many validations and 

studies of error sources have been performed for shear wave elastography due to the complexity 

of the method and the assumptions involved.  

Many external and internal factors can also influence the ability of SWE to obtain quantitative, 

objective measurements of internal tissue mechanics, including the incident angle of the transducer 

on the skin, striations and anisotropy in soft tissue, thin layers of tissue acting as acoustic wave 

guides, pre-stress, and more. The plantar soft tissue encompasses areas of primarily adipose tissue, 

which can be generally assumed isotropic, muscle, which is strongly anisotropic, thin layers of 

skin, tendons, and the thick aponeurosis. Additionally, the plantar surface is non-planar, with the 

curved geometry of the heel, arch, and cushions at the metatarsal heads and distal phalanges, 

making a consistent isonification angle difficult, and the plantar soft tissue undergoes cycles of 

extreme stress and deformation. Therefore, all of these considerations are applicable to study of 

the plantar soft tissue.  

The effect of pre-stress on shear wave speed has been studied and a theoretical model described to 

calculate the change in shear wave speed with applied stress in soft solids. Building on prior work 

establishing a general energy density equation86 and separating the compressible and shear 

components thereof87,88, Gennison et. al developed the acoustoelasticity equation for shear 

propagation perpendicular to the axis of applied force: 

𝜌𝑐𝑠𝑤
2 = 𝜇 − 𝜎

𝐴

12𝜇
 

Equation 2.5-2 
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where ρ is the density of the material at zero stress, µ is the initial shear modulus at zero stress, σ 

is the applied stress, and A is a nonlinear constant from the third order elastic strain energy density 

equation developed by Landau89. 

2.5.2 Measurements in plantar soft tissue 

Recently, ultrasound elastography gained popularity in biomechanical analysis of muscle, tendon, 

and soft tissues. However, soft tissues have demonstrated viscoelasticity and strain rate 

dependence. Therefore, correlations and validations of low strain, low strain rate mechanical 

testing of soft tissues and shear wave elastography may not translate to high strain, high strain rate 

soft tissue applications such as muscle contraction, tendon tension, and plantar soft tissue 

deformation during gait.  

Both strain elastography and shear wave elastography have been used to measure the relative and 

quantitative stiffness of the plantar soft tissues in various pathologies. One study showed that 

introducing strain elastography stiffness standardized relative to a gel standoff pad into a model of 

ulcer prediction based on systemic parameters and comorbidities improved the model’s sensitivity, 

specificity, prediction accuracy, and strength90. The same group later showed using the 

acoustoelasticity relationship that the elastic modulus and nonlinear parameters calculated using 

SWE in the subcalcaneal tissue are linearly related to those determined with finite element 

analysis, though they are not the same91. A different group showed that stiffness decreased with 

depth in the subcalcaneal tissue, though this result may be confounded by attenuation of signal92. 

SWE has also been used to evaluate age-related changes in stiffness and estimate material 

properties for finite element modeling of subcalcaneal tissue strain93. While SWE is becoming 

more popular for measuring stiffness of musculoskeletal tissues, including the plantar soft tissue, 

there are still questions about its accuracy and utility for predicting and preventing diabetic ulcers.  
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2.6 Three-dimensional ultrasonography 

One drawback of prior work using ultrasound is its planar nature. Ultrasound systems typically 

use linear or sector transducers which are composed on one line of piezoelectric elements that 

produce mechanical vibrations at ultrasonic frequencies. Transducers are limited to one line of 

piezo elements in part due to the complexity of controlling a large number of elements 

electronically and the high volume of data that must be processed for each element, and in part 

due to the difficulty of controlling for the complex interference patterns of a matrix of elements. 

While matrix array transducers to exist to image three dimensional ultrasound in real time, they 

are limited to a small (1cm x 1cm) window. An alternative way to obtain a three-dimensional 

ultrasound is to mechanically sweep a linear array across a volume, either along a prescribed path 

or with some motion tracking system to re-align the planar images into a volume94. This technique 

is more widely available in commercial volumetric probes, though these probes also have a 

relatively small volume. In research, the swept volume three-dimensional ultrasound has been 

investigated for breast diagnostics as an alternative to mammography and freehand planar 

ultrasound, with high success95,96. In musculoskeletal applications, there has been some work to 

use ultrasound translated radially around the residual limb of amputees for prosthetic design97,98, 

and freehand tracked ultrasound to study changes in muscle volume with age99,100 and cerebral 

palsy94,101.  

However, while some have constructed ultrasound loading platforms102–104 for plantar soft tissue, 

none have yet attempted to create an ultrasound-based tomographic map of the plantar soft tissue. 

Additionally, no known studies have looked at three-dimensional shear wave elastography in the 

plantar soft tissue.  

2.7 Conclusion 
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While there have been numerous investigations into the basis of ulceration in the foot affected by 

diabetes, there is no consensus on how ulcers form nor how best to prevent them. The mechanical 

properties of the plantar soft tissue have been shown to change with diabetes and to differ by 

location in ex vivo materials tests as well as in vivo structural tests. Additionally, the microstructure 

of the plantar and other soft tissues has demonstrated minor changes with diabetes. Based on 

hypotheses of mechanical initiation, a thorough mechanical analysis of the plantar soft tissue is 

needed, but difficult to perform due to the inherent difficulty of in vivo measurements and 

limitations of imaging methods.  

Shear wave elastography presents an attractive method to measure the plantar soft tissue stiffness 

of the intact foot in vivo and allow comprehensive analysis. Though it is limited to a single plantar 

image while the foot is a complex three dimensional structure. A method to measure the three-

dimensional structure and stiffness of the plantar soft tissue and identify abnormalities within that 

image may improve clinical ability to identify and prevent an ulcer.  

Since there have been few microstructural investigations of the plantar soft tissue specifically and 

changes therein with diabetes, there are still gaps in knowledge about the microstructure of the 

plantar soft tissue. In particular, the size of adipose chambers have yet to be quantified despite 

being considered the primary load-dissipating structure of the plantar soft tissue.  
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3 Comparison of texture-based classification and deep learning for plantar 

soft tissue histology segmentation 

Published, Computers in Biology and Medicine, Volume 134, July 2021. Reproduced under 

Elsevier authors rights permissions.  

3.1 Abstract 

Histomorphological measurements can be used to identify microstructural changes related to 

disease pathomechanics, in particular, plantar soft tissue changes with diabetes. However, these 

measurements are time-consuming and susceptible to sampling and human measurement error. 

We investigated two approaches to automate segmentation of plantar soft tissue stained with 

modified Hart's stain for elastin with the eventual goal of subsequent morphological analysis. The 

first approach used multiple texture- and color-based features with tile-wise classification. The 

second approach used a convolutional neural network modified from the U-Net architecture with 

fewer channel dimensions and additional downsampling steps. A hybrid color and texture feature, 

Fourier reduced histogram of uniform improved opponent color local binary patterns (f-IOCLBP), 

yielded the best feature-based segmentation, but still performed 3.6% worse on average than the 

modified U-Net. The texture-based method was sensitive to changes in illumination and stain 

intensity, and segmentation errors were often in large regions of single tissues or at tissue 

boundaries. The U-Net was able to segment small, few-pixel tissue boundaries, and errors were 

often trivial to clean up with post-processing. A U-Net approach outperforms hand-crafted features 

for segmentation of plantar soft tissue stained with modified Hart's stain for elastin. 

3.2  Introduction 
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Diabetes remains a pervasive problem, affecting an estimated 10.5% of the US population in 

20181. Diabetes is associated with several comorbid complications including vasculopathy, 

retinopathy, peripheral neuropathy, and pedal ulcers. These ulcers precede 84% of lower extremity 

amputations in patients with diabetes 105, and lower extremity amputation rates have been 

increasing in recent years 106.  

Many diabetic ulcers occur on the plantar aspect of the foot, in the plantar soft tissue, which serves 

a complex biomechanical role. The plantar soft tissue dissipates large compressive loads during 

locomotion, a function likely either enhanced or enabled by the tissue’s microstructure12,107. 

Increased shear loads have been correlated to disease-independent pressure ulcers108 but remain 

an unproven hypothesis in the initiation of diabetes-related plantar ulcers109, in part due to the 

difficulty measuring shear loads in vivo and at rates comparable to activities of daily living. 

Changes in the plantar soft tissue microstructure could indicate changes in resistance to shear 

loads. Histological sectioning, staining, and analysis are used to identify microstructural changes 

related to disease. Previously, histomorphological analysis has been used to identify changes in 

tissue microstructure and tissue fiber content related to diabetes55,110. However, these studies are 

limited by a small sample size. Due to the scale and expertise involved, histomorphological 

analyses can be time-consuming and require careful attention to sampling and sectioning to avoid 

bias in measurements, often leading to small sample sizes. Analogous constraints have led to an 

increase in research on computational aids for pathology, including hand-crafted image processing 

and deep neural network approaches to aid pathologists with tasks such as locating cancerous cells 

in breast tissue 111 and segmenting glands in colon histology slides 112. Similar techniques could 

also aid biomechanics research efforts by allowing higher-throughput analyses and enabling whole 

slide analyses.  
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Our work aims to address this gap between computer-aided pathology methods and microstructural 

analysis to address biomechanical questions. Biomechanical analyses have been slower to take up 

automated processing methods, and as in many other biomedical fields, human-interpretable 

methods like feature-based classification are often preferred due to the potential impact on clinical 

care. Therefore, we explore both popular feature-based machine learning methods as well as deep 

learning in order to provide a baseline for future work in this area. We expand and apply the 

texture-based classification framework of 113 and modify the popular medical image segmentation 

U-Net77 deep neural network to the novel task of segmenting the plantar soft tissue stained with 

modified Hart’s stain for elastin for subsequent morphological analysis. Our work contributes a 

baseline of common automated machine learning methods for a tissue, pathology, stain, and future 

application where these methods have yet to be explored. 

3.3 Prior work 

The automation of histology and pathology processes has unique challenges, such as the large size 

of images, difficulty manually labelling training images leading to a small training pool, dense 

images with information at multiple magnification levels, texture-like appearance with various 

rotations and organizations, and random variations in color and tissue appearance114. These 

challenges have been addressed in a variety of ways, including both hand-crafted classification 

frameworks and deep learning approaches.  

3.3.1 Texture and color features in histology classification and segmentation 

Texture features have been used in a variety of histological tasks, including prognostic prediction 

in urothelial carcinoma 115, breast cancer identification 116,117, and Gleason grading of prostate 

cancer 118,119. An 8-class colorectal cancer tissue classification of histology images used a 

framework of multiple texture descriptors and classifiers, and performance improved when 
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features were combined into a multi-feature set113. This study further segmented larger images 

using patch-wise classification, though the segmentation was not assessed quantitatively. While 

this framework achieved promising results, the texture features used gray-scale images, discarding 

valuable tissue discriminability provided by targeted histology staining. Additionally, while 

combined feature sets were investigated, the size of the feature sets was not addressed. 

Some studies attempt to control for color by using deconvolution, which separates out the main 

colors associated with a histological stain, or normalization, which attempts to normalize the 

coloring throughout a dataset. However, Binaconi et. al found such preprocessing to have little 

effect on classification for histology images120. Several works attempt to address the issue of color 

by incorporating color into texture descriptors directly, either by adding color to existing texture 

descriptors117,121 or designing novel texture descriptors with color in mind118,122. Local binary 

patterns have been a common target for color incorporation, including soft quantized color LBP123, 

Hue-LBP122, and multi-color space LBP121. An Improved Opponent Color LBP (IOCLBP) uses 

point-to-average rather than point-to-point thresholding, to compare both within-channel and 

between channel local neighborhoods120. IOCLBP was evaluated over both generic and 

histological image datasets, and performed on-par with or better than CNN-extracted features for 

classifying histological images. 

Color space transformations are another approach for leveraging color information. Digital whole 

slide images are typically stored the red, green, and blue primary color space, but transformation 

to Luminance-chrominance spaces like YIQ (luma, in-phase, quadrature), YCbCr (luma, blue-

difference, red-difference), and CIE L*a*b (brightness, green-red, blue-yellow), or to perceptual 

spaces like HSV (hue, saturation, value) may transform the image information into a more 

separable form for classification. DiRuberto et. al. adapted gray level run-length and difference 
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matrices to color images in five color spaces and used these features to classify multiple histology 

databases124. The most performant color space transformation was HSV. In looking at non-

histological texture images, Porebski et. al. suggested from a review of color spaces used with 

texture descriptors that the best color space for texture descriptor depends on the application, and 

further investigated combinations of features from different color spaces with a feature selection 

scheme121. The result of this investigation suggested that combining features from different color 

spaces was beneficial, and that reducing the feature set size by selection further improved 

performance. 

This improvement by feature selection may indicate that some color feature sets become too large 

for the training data. Bolstering the case for feature selection, Bouatmane et. al. used sequential 

wrapper methods to reduce gray-scale texture features and significantly improve classification of 

tissues in prostate biopsy images using a k-nearest neighbors classifier125.  

There are a large number of possible frameworks that use texture and color for histology patch 

classification. Due to the relatively large number of features and classifiers in the Kather et. al 

framework, their popularity, and their interpretability, we chose this framework for a first 

investigation into segmenting plantar soft tissue histology images stained with modified Hart's 

stain for elastin. We additionally chose to incorporate simple color information, feature selection, 

and additional classifiers in order to investigate the importance of color and feature set size for the 

task. 

3.3.2 Deep Neural Networks 
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Despite advances in hand-crafted feature sets and machine learning methods for the specific tasks 

of histology classification, deep learning approaches often outperform hand tuned 

approaches119,126,127.  

Deep neural networks have also been designed directly for the task of segmentation, removing the 

time consuming intermediate step of applying the classification to small, often rectangular patches 

of the image. In particular, the U-Net encoder-decoder architecture with skip connections77 is 

commonly used for medical image segmentation and has been adapted for many tasks. The original 

U-Net takes a 512 x 512 input through four convolution-max pool blocks and symmetric up-

convolution-convolution blocks with skip connections, starting with 64 channels after the first 

convolution and doubling the channel dimension after each max pooling operation. This channel 

dimension increases the network capacity, but can lead to large networks based on the doubling 

convention. Several groups have found segmentation success while reducing the number of output 

channels. Oskal et. al. adapted this U-Net to have fewer convolution channels at each down-

sampling layer by starting with 32 rather than 64 channels to reduce network size in an epidermis 

segmentation task128. Similarly, Xiao et. al. reduced the initial channels to 16 on an epidermal 

segmentation task129. Reducing the channel size of the network allows more flexibility to increase 

the depth of the network or add additional connections while maintaining a reasonable size, 

training time, and inference time.  

Increased depth and additional convolutions can increase the receptive field and include more 

contextual information in pixel-level class decisions. Additional connections between layers 

improves information sharing and alleviates issues of vanishing gradients or loss of information. 

Several of these architecture adaptations have been applied to U-Nets for histology tasks. 

Mavuduru used larger convolution kernels and additional convolutional layers to increase the 
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effective receptive field and increase the number of trainable parameters130. Kalapahar included 

residual blocks to improve flow of information and promote complex relationship modeling for 

modest to significant performance improvements in a Gleason grading segmentation task131. Zeng 

replaced convolutions with residual and inception layers and added channel attention blocks to the 

down-sampling branch and an additional instance segmentation upsampling branch for moderate 

improvements132. Finally, Zhang2018 adapted the U-Net to incorporate more feature re-use and 

multi-scale information sharing by adding dense connections to the encoder and decoder as well 

as additional skip connections between them for an increase of 0.02 in the Dice coefficient133. 

Other recent efforts in biomedical image segmentation have incorporated newer deep learning 

techniques into the U-Net architecture such as deep supervision134, residual attention gates135, and 

spatial and channel attention 81. Some have also moved away from the U-Net, for example, 

Bayesian deep learning136 and multiscale networks based on classification networks backbones137. 

In contrast, Isensee automated selection of basic U-Net parameters like depth, channel size, batch 

size, and number of convolutions based on relationships with characteristics of the dataset, like 

image size80. These optimized U-Nets were able to achieve performance on par with the more 

complex state of the art for a variety of segmentation tasks across multiple 3-D imaging modalities. 

This success suggests that a basic U-Net structure, if correctly designed, can perform as well as 

more complex methods. 

Considering the prior work increasing contextual and multi-resolution information and decreasing 

U-Net size, we increased the input image size, total number of convolutions, and number of down-

sampling and up-sampling steps in the U-Net and decreased the channel dimension to balance the 

network size.  
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3.4 Methods 

3.4.1 Texture and color features for histology multi-class tissue classification 

A texture- and color-based feature detection and classification framework was adapted from 113 

(Figure 3-1). One additional texture feature, Laws' texture energy, was added to the six grayscale 

features previously included (Gabor filters, perceptual features, higher and lower order histograms, 

LBP, and gray level co-occurrence matrices (GLCM)), and two performant The specificity of 

Laws’ texture energy measures138 in identifying ripples, levels, edges, spots, and waves, compared 

to the more broad gray level co-occurrence matrices or LBP, is attractive for processing tissue 

structures both because these features are present in the tissues of interest (for example, septa are 

often wavy), and because they are easily interpretable. Vectors designed to identify the above 

mentioned features were convolved to form 5x5 pixel convolution kernels. These kernels were 

used to filter a mean-subtracted image, and the average intensity over all 5x5 neighborhoods of 

the filtered image for each of the 15 combinations of filters was used as a feature vector. 

Figure 3-1: Texture-based framework. The yellow box outlines the training framework where 

single tissue patches are passed through texture- and color-based feature extractors, these 

features are reduced, and then used to train classifiers. Trained classifiers are then applied to 

selected test whole slide images (WSI) using either superpixels or square blocks to create a 

whole slide segmentation. 
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The LBP had the lowest classification rate in113, followed by the lower-order histogram features. 

These two feature sets represent a range of texture description: the histogram features are global 

(within the image patch) and simple to compute, while the LBP is local, and more complex. Based 

on the prior accuracy on a multiclass histological task and the difference between these two 

features, they were selected for color adaptation. The lower-order histogram adaptation consisted 

of calculating mean, variance, skewness, kurtosis, and fifth central moment for each color channel, 

then concatenating into a single 15-feature vector. In addition to the native RGB color format, 

HSV, YIQ, YCbCr, and CIE L*a*b color spaces were investigated. 

The LBP used in 113 is rotation invariant due to Fourier processing of binned uniform local binary 

patterns139. This feature was adapted to three color channels using the methods of the improved 

opponent color local binary pattern (IOCLBP) algorithm from 120, except all nine opponent-

channel pairs were used. While similar pairs such as B-G and G-B are likely to be redundant, there 

is no way to assure that the best pair is chosen 121. After computing the IOCLBP, the discrete 

Fourier transform of the histograms of uniform local binary patterns was then applied to each color 

channel combination to yield 342 rotation-invariant ’f-IOCLBP’ features.  

Kather et. al. found the six grayscale texture features investigated to be unique and uncorrelated113, 

prompting further investigation of the predictive power of combinations of features. Following 

that precedent, our two best features as assessed by training accuracy, the RGB f-IOCLBP and the 

YCbCr lower order histogram were combined into the 'best2' feature. This combination feature 

was subjected to the same additional feature selection as the individual features and an additional 

feature scaling as a single feature set.  
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Addition of color and combinations of features may introduce redundancy, and all extraction 

methods may yield nondescriptive features. In order to remove poorly-descriptive or repetitive 

features, a step was added to the architecture to allow investigation of five feature selection 

methods: correlation threshold, stepwise multilinear regression, ReliefF, sequential forward 

selection, and sequential backward selection. For the correlation threshold, the correlation of 

feature vectors and class labels was calculated for each feature vector and those features with an 

absolute correlation less than 0.5 were removed. This threshold was empirically set so that feature 

selection did not remove entire feature sets from consideration. For the stepwise multilinear 

regression, the tolerance for entering the model was set at the default p<0.05, the tolerance for 

removing features was set at p=0.10, and the number of model updates was limited to 50. The 

implementation of ReliefF 140 used 8 neighbors, all training examples for each update, and 

empirical prior probabilities. For both sequential forward selection methods, features were selected 

until the Cohen's Kappa coefficient no longer improved by more than 0.001 using a 10-fold cross 

validation.  

Five classifiers were added to the four (1-nearest neighbor, linear and Gaussian kernel support 

vector machines (SVM), and RUSBoost-aggregated tree learners) investigated in Kather et. al113. 

First, polynomial kernels allow SVMs to model increasingly complex nonlinear functions. 

However, higher order polynomials may be prone to overfitting data. Therefore, a second order 

polynomial kernel was added to the SVM investigation in addition to the linear and Gaussian 

kernels previously investigated. 

Second, ensembles of weak learners can be formed using many different aggregation algorithms. 

The RUSBoost used with tree learners in113 alleviates issues of unequal class representation by 

sampling from larger classes the number of examples in the smallest class. However, removing 
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training data from more variable classes may negatively impact the classification. ADABoost does 

not perform this subsampling. Boost algorithms create wide ensembles of shallow learners, while 

bagging methods create narrow ensembles of deep learners. ADABoost and bagging were 

investigated for alternate tree aggregation. Subspace aggregation uses random sampling without 

replacement. Because some of the feature detection methods output a large number of features and 

because there were a large number of training samples, the subspace method with quadratic 

discriminant weak learners was also investigated. All of these ensemble classification algorithms 

were implemented using options of built-in MATLAB functions.  

Finally, the naïve Bayes classifier's linear temporal cost and scalability with number of features 

make it an attractive option for large problems. While the conditional independence assumption is 

often broken in real problems, the classifier generally still achieves good performance. A naïve 

Bayes classifier was implemented using built-in MATLAB functions assuming normal probability 

distributions for each class. 

3.4.2 Modified U-Net 

We made three main adaptations to the U-Net 77 architecture: increased input image height and 

width, increased downsampling layers, and decreased output channel size (Figure 3-2). The input 

image was increased from 512 x 512 to 576 x 576 to increase the amount of contextual information 

included in each input image. The size was chosen with sufficient factors of 2 to allow 

concatenation between skip connected layers without cropping, and padding on each convolutional 

layer was set so that only max pool operations changed height and width dimensions. The original 

four downsampling steps were increased to six steps to increase the effective receptive field for 
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each pixel decision. Skip 

connections were maintained 

between all symmetric 

downsampling and upsampling 

layers. Finally, the original 64 

channels in the first 

convolutional layer were 

reduced in order to reduce the 

total size of the network to 

reduce computational time and 

memory use. The final channel dimension was selected empirically by testing increasing multiples 

of the number of classes (7) until the network had sufficient capacity. The final initial output size 

was 28 channels. Standard doubling of output channels after max pooling was maintained. All 

other parameters including kernel size and max pool strides were unchanged.  

3.4.3 Whole slide segmentation 

Whole slide images were too large to be processed in their entirety, so whole slide segmentation 

was performed on smaller patches. In the texture-based method of Kather et.al, whole slide images 

were segmented by classifying 15x15 pixel center tiles using information from a 45x45 pixel area, 

making a 30x30 pixel overlap. However, the septal walls in the plantar soft tissue can be as small 

as a few pixels in width, requiring a finer segmentation. Therefore, tile (center, overlap) sizes of 

23 (2,21), 24 (4,20; 6,18), and 28 (3,25) were investigated. Additionally, many of the tissue 

boundaries were not rectangular or square, making them less amenable to a tile processing strategy 

and requiring smaller base tiles for a fine grained segmentation. Superpixels group pixels together 

Figure 3-2: The modified U-Net takes color images of size 576 

x 576 as input and follows the same convolution-max pool and 

upconvolution-convolution pattern as the original U-Net. The 

modified U-Net has six downsampling and upsampling steps, 

increased from four, to provide more contextual information to 

pixel level decisions. 
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based on features like color value and spatial location, allowing feature extraction from a larger 

group of more similar pixels. Therefore, superpixels 141 with target sizes of 500, 1500, 2500, 3500, 

and 4500 were also investigated.  

Whole slide images were also too large to take as input into the U-Net network. Therefore, 

validation images were cropped into 576 x 576 tiles for processing and stitched into the final 

segmentation. Overlaps of 10, 20, 30, 40, and 50% were investigated for stitching. Images were 

stitched by summing overlapping regions per channel to create a probability map for the whole 

slide image for each class. Classes were then assigned by softmax scaling the probabilities to the 

range [0, 1] per pixel along the channel dimension and thresholding each probability map to create 

a per class segmentation.  

The raw output of both the texture-based and U-Net segmentation included some errors that could 

be filtered by simple rules based on knowledge of the gross tissue structure. Therefore, a simple 

segmentation cleaning code was written to improve the accuracy based on prior knowledge, 

including:  

1. Removing areas classified as dermis that were infiltrating the adipose chambers and 

muscle 

2. Removing dermis, septa, epidermis, and adipose “speckles” below 300 pixels, an 

empirically chosen threshold. 

3. Ensuring that the epidermis is contiguous 

4. Filling holes in the dermis 

5. Filling holes created by removing pixels with nearest neighbor approximations. 
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Each single class segmentation was subjected to morphological cleaning based on known tissue 

relationships and single class segmentations were merged to create a segmentation. Any pixels not 

assigned by this process were then assigned the mode of the six nearest neighbors by Euclidean 

distance.  

3.4.4 Evaluation 

The texture-based classifiers were evaluated for training accuracy on single tissue classes using 

basic classification accuracy and the more robust multi-class Mathews correlation coefficient 

(MMCC) 142. Final whole slide image segmentations from both methods were evaluated using the 

Dice coefficient143, defined as 2|X Ⴖ Y| / (|X| + |Y|) , as the Dice coefficient is a standard evaluation 

metric for medical image segmentation. 

3.5 Data and Experiments 

Plantar soft tissue specimens were obtained from nine fresh cadaveric feet (4 diabetic, 5 non-

diabetic, age 61-79 years), sectioned, and prepared for histological analysis with modified Hart’s 

stain for elastin using standard methods110. Digital whole-slide images (WSI) were obtained using 

a Nikon Eclipse i80 (Melville, New York, USA). Twelve WSI (n=4 diabetic, n=8 non-diabetic) 

were manually segmented using FIJI 144 by an experienced reviewer (Y-NW) into the six tissue 

classes of background, dermis, epidermis, adipose, muscle, and septa for ground truth labels.  

To train the texture-based classifiers, 3372 single-tissue images (adipose = 800, background = 738, 

dermis = 366, epidermis = 400, muscle = 366, septa = 600) were manually cropped from 33 whole 

slide images without ground truth segmentations. Representative feature sets were created by 

applying the feature extraction algorithms on these images. These representative feature sets were 

then used as the input for feature selection algorithms. Both full and reduced feature sets were then 
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used to train classifiers using 10-fold cross validation with a 90/10 data split. The best performing 

classifier-feature selection combination for each feature set was then applied to the 12 manually 

segmented images to determine segmentation accuracy. Training, selection, and segmentation 

were all performed using 4, 8, or 12 CPU cores.  

To train the U-Net, seven of the twelve WSI with ground truth segmentations were augmented by 

random saturation, illumination, rotation, and elastic deformation and subsequently cropped into 

576x576 pixel tiles for a total of 5307 tiles. Underrepresented classes (epidermis, muscle) were 

over sampled to alleviate class imbalance. Affine transforms introduced black pixels at image 

borders, which were assigned to a seventh class to avoid confusion with the desired classes. As the 

network had novel architecture, it was trained from scratch using Xavier initialization. The U-Net 

was trained for 12000 iterations using Adam optimization 145, an initial learning rate of 0.0002, a 

step-down multiplier of 0.92 every 300 iterations, and a batch size of 1 with 40-batch 

accumulation. Training was performed in caffe146 on an NVIDIA Quadro GP100 (Santa Clara, 

CA, USA). One of the manually segmented images was sampled into 1113 images for the test pass 

of the network to test accuracy and generalizability. Training was stopped when the accuracy 

plateaued and the test loss diverged from the training loss. The remaining four images were used 

to validate the network and for comparison of whole slide image segmentation between the texture-

based and U-Net methods.  

3.6 Results 

3.6.1 Texture--based Training 
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The combination feature best 2 achieved higher average classification accuracy and MMCC in the 

classifier training than any single feature (best 2: 0.949, 0.933). Hybrid color-texture features 

performed better than grayscale texture-only features (Figure 3-4).  

The SVMs and 1-nearest neighbor were most performant, while the naïve Bayes and subspace 

ensemble classifiers were the least performant. Within SVMs, the Gaussian and polynomial 

kernels slightly outperformed the linear kernel on average. Within ensemble algorithms, 

ADABoost and bagging slightly outperformed the RUSBoost (Figure 3-3, Left). 

Some feature selection provided modest improvements in the overall accuracy, while others 

reduced accuracy (Figure 3-3, Right). The correlation method yielded the lowest average MMCC 

(0.787), followed by ReliefF, while regression and sequential methods yielded the best MMCC 

(regression: 0.824, sfs: 0.826, sbs: 0.830). Sequential backward selection created the largest final 

feature sets on average (114 features), while sequential forward selection created the smallest 

feature sets on average (7 features). The size of feature vectors had no effect on accuracy. 

Figure 3-3: Results of classifier training. Visual outliers represent data outside 1.5*Interquartile 

Range but are included in reported means Left. Multiclass Mathews correlation coefficient by 

classifier. Regression and sequential methods provided modest improvements while correlation 

and ReliefF reduced accuracy compared to the non-reduced set. SVMs yield best performance, 

and of these, the polynomial kernel. ADABoost outperforms all other ensemble methods. Right. 

Multiclass Mathews correlation coefficient by selection method. Regression and sequential 

methods provided modest improvements while correlation and ReliefF reduced accuracy 

compared to the non-reduced set. 
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3.6.2 WSI Segmentation 

The morphological cleaning improved 

the texture-based segmentation Dice 

coefficient by 0.02 on average (0.691 raw 

vs 0.714 cleaned) and the U-Net 

segmentation by 0.003 on average (0.921 

raw vs 0.924 clean, Figure 3-5). 

However, this improvement was not 

equally distributed among classes 

(Figure 3-6). Morphological cleaning 

improved segmentation accuracy of 

background, epidermis, muscle, and 

septa but decreased accuracy of dermis 

and adipose for the U-Net, while for the 

texture-based segmentation, accuracy of 

background, dermis, epidermis, and 

adipose increased and muscle and septa 

performance suffered. 

3.6.2.1 Texture-based 

In contrast to training accuracy, the f-

IOCLBP performed best for all but one of the images tested, while the combination best 2 feature 

was the second most accurate.  

Figure 3-4: Results of classifier training. 

Combination features perform best, followed by 

color-texture hybrid features. Grayscale texture 

features are least performant. 

Figure 3-5: Whole Slide Image Segmentation. The 

U-Net outperforms all of the texture-based methods. 

Cleaning generally improves performance for all 

methods. In the whole slide image segmentation, the 

single-feature f-IOC outperforms the combination 

feature best 2, in contrast to training results. Visual 

outliers represent data outside 1.5*Interquartile 

Range, but are included in reported means. 
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For the majority of images 

tested, the block processing 

approach yielded higher 

Dice coefficients than the 

superpixel approach 

(median: 0.754 block, 0.705 

superpixel). This effect was 

large in some features 

(perceptual) and small in 

others (f-IOCLBP). 

However, the most 

performant block size was 

inconsistent. Within the 

block-processing strategy, 

only texture energy and grayscale f-lbp accuracy varied with block size. However, the poorer 

performance of smaller superpixel sizes was consistent across most features.  

Segmentation errors tended to occur in large areas, sometimes with entire sections of tissue 

misclassified as another tissue. In the cases where errors were small, they were often concentrated 

at boundaries between tissues. Muscle-epidermis, muscle-dermis, and dermis-septa were common 

misclassifications. Images with visible illumination differences from the norm had more severe 

segmentation errors.  

3.6.2.2 U-Net 

Figure 3-6: Effect of morphological cleaning. Cleaning corrects 

misclassification of background, dermis, epidermis, and adipose in 

the texture-based segmentations (best 2 and f-IOCLBP) at the 

expense of septa and muscle. Cleaning corrects misclassification of 

background, epidermis, muscle and septa for the U-Net at the 

expense of dermis and adipose. 



85 

 

The U-Net segmentation performed well on background, dermis, epidermis, adipose and septa, but 

performed poorly on muscle. The stitching overlap size did not have a major effect on the dice 

coefficient. On average, the Dice coefficient for the raw output of the network was 2.1% higher 

than the raw output of the most accurate texture-based method (0.875 vs 0.857), and the Dice 

coefficient for the cleaned U-Net output was 3.6% higher than the most accurate cleaned texture-

based output (0.912 vs 0.880). However, while the gross accuracy was moderately improved, the 

types of errors commonly seen in the U-Net output were different than those seen in the texture-

based output. The U-Net had fewer gross misclassifications and clearer tissue boundaries. The U-

Net was robust to changes in illumination and stain intensity (Figure 3-7).  

3.7 Discussion 

A modified U-Net segments plantar soft tissue histology whole slide images better than a texture-

based feature extraction and classification framework for a secondary morphology task (Figure 

3-5). Within a texture-based framework, color-texture hybrid features and combinations of color-

texture hybrid features create better segmentations than features without color information (Figure 

3-5). SVMs perform better on a classification task with texture-and color-based features than naïve 

Bayes, 1-NN, or ensembles of learners, and polynomial and Gaussian kernels perform better than 

linear kernels (Figure 3-3, Left). Intelligent selection of features using wrapper and global methods 

does not significantly improve patch classification performance (Figure 3-3, Right).  

 While segmentation is a prerequisite for many image processing tasks, evaluation metrics rarely 

reflect subjective evaluation of segmentation performance. These evaluation metrics yield single 

scores that are useful for ranking algorithms but fail to capture segmentation errors that affect 

secondary morphological analysis, which depends on accurate tissue boundaries. In the case of a 

secondary quantitative histology task, the types of segmentation errors may be more informative 
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than the overall accuracy as measured by the Dice coefficient. Some metrics attempt to emphasize 

important tissue boundary information. The boundary F-1147 calculates the popular F-1 score only 

for pixels within some distance of the ground truth tissue boundary, while the Berkeley contour 

matching score 148 calculates the distance between the segmented and ground truth boundaries. 

However, these metrics may still only be loosely correlated with human perception of 

segmentation quality147. Multiple quantitative scores or task-specific scores, such as difference 

between measurements made on automated segmentation and ground truth segmentation of the 

same images, may provide better estimates of segmentation quality.  

Of particular interest for a secondary morphology task in the plantar soft tissue, the U-Net 

segmentation accurately the segments small, few-pixel septal walls separating adipose chambers 

(Figure 3-7, A zoom and C zoom). These chambers are hypothesized to be the main load-

dissipating structure in the plantar soft tissue12 and thus are of interest when looking for 

microstructural changes that may contribute to mechanical disparities in the diabetic foot. These 

septal walls are particularly tedious to segment by hand, making an automated method capable of 

segmenting these walls particularly useful. These small septal boundaries, being only a few pixels 

wide, could be mistaken for the boundaries of the adipocytes contained by the chamber, making 

them difficult to identify with a texture-based method. A different type of hand crafted feature 

could augment the texture-based features to more effectively segment the chambers. For example, 

a blob detector like MSER149150 might be able to better identify the relatively blob-like chambers 

at a macro-scale and if combined with the micro-scale IOCLBP, might better refine the hand-

crafted segmentation. 

The U-Net's superior performance at small tissue boundaries can also be seen in the segmentation 

of muscle. The U-Net often picks up septal separation between muscle bundles that are not 
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explicitly segmented in the ground truth image (Figure 3-7, A zoom). This delineation may be 

informative if the muscle quality differs between diabetic and non-diabetic specimens, as muscle 

quality may have an effect on the ability of the foot to exert and respond to loading. However, 

these additional separation boundaries in muscle may be influenced by tissue sectioning and 

fixation, so care must be taken to differentiate segmentation results within the context of 

histological expertise.  

The usefulness of these septal boundaries within muscle regions is dampened by the tendency for 

the U-Net to make classification errors in muscle regions. Despite similar under-representation of 

muscle and epidermis in the training data due to lower relative native representation of these tissues 

and their similar color under the modified Hart’s stain for elastin, the U-Net consistently performs 

better on epidermis than on muscle. One reason for this discrepancy may be more reliable structural 

information and clearer boundaries around the epidermis. The epidermal tissue is always flanked 

by background, an easy to segment and well-represented class, and the papillary dermal-epidermal 

junction. In contrast, muscle is often surrounded by variable mixtures of septal walls, adipose 

tissue, and dermis, and is more integrated into surrounding tissues, without a consistently defined 

border. 

The muscle is most often misclassified as septa or dermis, suggesting that structure or context is 

the driving force behind the misclassification. Including better contextual information through 

multi-scale approaches137,151,152 could reduce this type of error by incorporating more of the regular 

macro-scale structural patterns, such as muscle typically appearing between two layers of adipose 

or dermis being contiguous and adjacent to epidermis. Alternatively, a custom loss function that 

specifically penalizes these errors or a fuzzy classification levels approach like that used in 153 

might provide better discrimination at these boundaries. It is also possible that the U-Net 
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parameters we chose does not have the optimal architectural or training hyperparameters. A semi-

automated method of choosing these model parameters such as the nnU-Net 80 may find a basic 

model that better handles the few misclassifications seen in our U-Net. 

In contrast to the U-Net, muscle in the texture-based methods was more often misclassified as 

epidermis. Both tissues stain a bright yellow, and the epidermis is smooth while the muscle texture 

can be irregular, making very large or very small scale texture differences the main distinguishing 

factor between the two tissues. Some of these errors can be corrected using known structural 

information in post-processing, however, this remains an area for improvement. Inclusion of more 

grayscale texture features designed to pick up larger or smaller scale textures or a training metric 

that emphasizes muscle-epidermis differentiation could improve the texture-based performance. 

Interestingly, in contrast to 113, combining two different features did not improve the whole slide 

image segmentation accuracy as measured by the Dice coefficient, nor did it improve the 

qualitative quality of the segmentation. This non-intuitive result may be due to the relatively higher 

susceptibility of the lower order histogram features to variations in color, which can be high in 

histological images due to variations in brightness, sample thickness, stain intensity, and 

preparation artifacts like folded tissue154. An obvious example of this is in Figure 3-7, image B, 

where the best 2 feature misclassifies most of the background as adipose. However, the f-IOCLBP 

of the same image does not have the same problem. The lower overall brightness of image B may 

contribute to this misclassification in the histogram features. Images were not normalized or mean 

subtracted in this texture analysis, but such a preprocessing step could alleviate this kind of error.  

Boosting algorithms like RUSBoost have been designed to improve performance for training data 

with an uneven class distribution. However, RUSBoost did not perform as well in classifying 
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single tissue images during training as ADABoost, which uses all the data with no uneven class 

mitigation strategy. This surprising result may indicate that for the tissue classification task tested, 

additional data are more important than an even class distribution, or that reducing the dataset 

based on the smallest class simply removed too much data.  

During training, we found that the U-Net network performs poorly on diabetic specimens if no 

diabetic specimens are included in the training set, suggesting that there is some fundamental 

difference between the two conditions that can be learned by the network. While deep 

convolutional network decisions are still difficult to interpret, some visualization or attention 

techniques could provide novel insight into which areas of the tissue differ with diabetes status 

and could be an avenue of future exploratory research.  

While we present an extensive comparison of texture-based classification and deep neural 

networks for segmentation of plantar soft tissue, several aspects of this study limit broad inference 

of this work. First, there were a small number of manually segmented ground truth images 

available. Efforts were made to increase variability in the sample, such as selection of both diabetic 

and non-diabetic specimens, a visual variety of stain intensities, inclusion of different locations 

within the foot, and data augmentation including color and light enhancement and affine 

transforms. However, the network was trained with only 5 whole slide images, creating the 

potential for unintentional over-learning. Second, all histology slides were prepared and stained 

by a single researcher, and images were taken from a single digital microscope. Machine learning 

algorithms that are not exposed to a sufficient variety of staining and imaging conditions could be 

fooled by changes related to image preparation, leading to poor generalizability120. While data 

augmentation steps such as contrast, white balance, and brightness alterations can combat some of 

the issues associated with different digital microscopes, there may still be some features of the 
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images that prevent effective segmentation on images prepared on different equipment or by 

different researchers. In the texture-based framework, images were not pre-processed using mean-

subtraction or histogram normalization, which may have contributed to poor segmentation 

performance on images that had lower overall illumination like image B. Such pre-processing may 

have changed the relative performance of texture-based features, but it is unlikely to have 

improved the texture-based framework to be on par with the neural network.  

This work presents a foundation for developing an automated segmentation pathway for plantar 

soft tissue stained with modified Hart's stain for elastin. In expanding the texture-based framework 

to include color, feature selection, and additional classifiers, we found that color information 

improves performance in tissue classification tasks in histology and SVM classifiers perform better 

than naïve Bayes, nearest neighbors, and ensembles of learners, but surprisingly, found no effect 

of feature selection. These results emphasize the importance of choosing a feature set that includes 

both color and texture for histology. However, we also add to the growing body of literature 

suggesting that deep neural networks perform better for segmentation than approaches using hand-

crafted features and classification. Our U-Net incorporates a larger input image and more 

downsampling steps to increase the receptive field and contextual information incorporated into 

pixel level decisions and uses a reduced output channel size to manage the network size. While 

the U-Net output still required some cleaning in order to be used as a pre-processing step for 

subsequent automated histomorphological analysis, this technique can obtain sufficiently accurate 

segmentations to aid and expand future microstructural and biomechanical investigations.  

3.8 Graphical Abstract 
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4 The effect of diabetes and tissue depth on adipose chamber size and 

plantar soft tissue features 

Published, The Foot, Volume 56, February 2023. Reproduced under authors rights permissions.  

4.1  Abstract 

Plantar ulceration is a serious complication of diabetes. However, the mechanism of injury in 

ulceration is still unclear, making preventative treatment difficult. Within the plantar soft tissue, 

there is a superficial layer of adipose containing ‘microchambers’ of adipocytes, and a deep layer 

with ‘macrochambers’. While these layers have been a benchmark for ultrasound mechanical 

studies14,16,17,155, the chamber size has yet to be quantified in diabetic or non-diabetic tissue. 

Additionally, recent advances in interpretable computer-aided methods may help generate new 

hypotheses about differences in microstructure with disease status. Adipose chambers in the 

superficial and deep layers of diabetic and non-diabetic plantar soft tissue specimens were 

automatically segmented with a pre-trained UNet and area, perimeter, and minimum and 

maximum diameter were calculated using morphological techniques. The plantar soft tissue 

specimens were also classified as diabetic or non-diabetic using the Axial-Deeplab attention 

network. Adipose chambers were significantly larger in the deep chambers than the superficial, 

but the difference was significant only for non-diabetic specimens. The attention network was able 

to achieve 82% accuracy on validation, but the resolution of the attention was too coarse to identify 

meaningful features of interest for additional measurements.  The size of adipose chambers in the 

plantar soft tissue may be a useful feature with which to contextualize mechanical changes in 

plantar soft tissue with diabetes. Attention networks are promising tools for classification, but 

additional care must be taken when designing networks for identifying novel features.   
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4.2  Introduction 

Plantar ulcers are a severe complication of diabetes. These ulcers can be slow to heal and can 

become infected, sometimes requiring amputation. The mechanism of ulceration is not fully 

understood, and has been hypothesized to result from some change in mechanics6,44, which then 

predisposes the tissue to injury during activities of daily living.  

The plantar soft tissue, comprising the epidermis, dermis, a superficial adipose layer, a muscle 

layer, and a deep adipose layer, is uniquely structured to dissipate the high loads encountered 

during ambulation12,107. In vivo ultrasound studies have described the superficial layer of small 

chambers containing adipocytes and a deep layer of similar adipose chambers as “micro-

chambers” and “macro-chambers”, respectively, based on prior qualitative histological 

work12,14,107. This micro-chamber and macro-chamber distinction has carried over into additional 

work in plantar soft tissue mechanics15,17. However, the size of adipose chambers and the 

differences between these two layers have not been quantified in either diabetic or non-diabetic 

plantar soft tissue, nor has a difference in adipose chamber size been considered as a pathological 

change in diabetic foot mechanics.  

Prior histological and biochemical study demonstrated increased septal wall thickness, increased 

elastin content, and frayed septal walls in diabetic tissue, and effects differed by plantar 

location55,156. Additionally, the skin has been found to be thicker in people with diabetes24,110, and 

skin thickness again differs by location24,55,157–159. Attempts to quantify mechanical changes have 

found higher modulus in plantar soft tissue22,23,35 and skin24 affected by diabetes and increased 

energy loss in plantar soft tissue affected by diabetes156,160,161. However, previously measured 

microstructural changes have only weakly correlated with mechanical changes24,56. Adipose 
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chambers may be an essential structural component of the plantar soft tissue, and changes to the 

size and shape of these chambers may lend insight into abnormal plantar soft tissue mechanics.  

Manual techniques are the established standard for taking histological measurements. However, a 

growing body of literature attempts to automate clinical pathology measurements in order to keep 

up with growing medical demand, and these techniques may be extended to histomorphological 

research. Convolutional neural networks have shown promise in tasks of segmentation81,137, 

disease classification162–164, and even grading disease severity165–167. However, lack of 

interpretability is a barrier to clinical adoption of these methods. In response, methods to interpret 

network decisions have been developed. Class activation mapping (CAM)168 assigns a weight to 

each feature map in a given convolutional layer based on class scores, and calculates a weighted 

sum of feature maps. The result is a single spatial heat map of feature importance for a given class 

on a given image. Typically, the layer used is the last convolutional layer in a classification 

network, as this layer has been shown to learn the most complex features169. Classic CAM requires 

a global average pooling layer in the classification network, and uses all activation values, making 

it less adaptable and susceptible to negative features. ScoreCAM170 uses the change in class score 

associated with masking the input with an up sampled feature map instead of the weights from the 

global average pooling layer to remove dependence on the specific layer type as well as improve 

localization of objects and features.  

Attention methods go beyond just providing interpretability by introducing a learned weight that 

is used to improve predictions by assigning more importance to discriminative spatial areas. This 

learned weight can then be used to identify areas the network learned to be important when 

performing a task. Classically, this attention weighting or mapping occurs between layers. 

Attention methods have succeeded in a diverse range of tasks including unsupervised171 and 
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weakly-supervised segmentation172 and classification173. Self-attention allows connections 

between pixels within a sequence or image, capturing the context of the pixel within the image or 

sequence in contrast to the between-step transformational mapping of regular attention. Self-

attention has been successful in sequence processing, however, the size of images makes self-

attention computationally difficult. Histological images are larger still. The vision transformer 

performs self-attention on smaller image patches, making the attention operation tractable, but 

sacrificing longer-range connections. Long range connections are likely useful in histological 

images, where the structure of the whole slide is often essential context for understanding the tissue 

and microstructure of a specific region. The axial-deeplab network addresses computational issues 

by applying self-attention to rows and columns sequentially, reducing computation in a single step 

but allowing full-range attention in two steps. This network is therefore capable of modeling long-

range dependencies.  

Typically, interpretability methods confirm that the network is learning features known by prior 

medical research to predict disease. However, for more novel tasks, interpretable networks could 

rapidly advance knowledge by identifying novel features of interest. In order to better describe 

plantar soft tissue generally, and changes within the plantar soft tissue between diabetic and non-

diabetic specimens, we performed quantitative measurements of the fat chambers. We also trained 

an attention classification network in order to identify novel network-derived features that may be 

of interest in quantifying changes with diabetes status.  

4.3 Methods 

4.3.1 Data 
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Plantar soft tissue specimens were obtained from nine fresh cadaveric feet (4 diabetic, 5 non-

diabetic, age 61-79 years), from six distinct locations: the hallux, first, third, and fifth metatarsal, 

the lateral midfoot, and the calcaneus. Specimens were obtained using vertical uniform random 

sampling, fixed in paraffin, sectioned, and stained with Modified Hart’s stain for elastin using 

previously described methods55. Samples 

were imaged using a Nikon Eclipse i80 

(Melville, New York, USA) and 

digitized into whole-sample images 

(WSI) using a 12.6 megapixel digital 

camera (DXM-1200C, Nikon, Melville, 

NY). A total of 920 samples were digitized. 

4.3.2 Hand-crafted morphology 

Four exclusion criteria (Table 4.3-1) were developed to ensure that the superficial and deep layers 

were separable and that measurements would be accurate in each included image. Superficial and 

deep adipose chambers are separated by a layer of muscle, called the panniculus carnosus. 

Therefore, the absence of a muscle layer was the first identified exclusion criterion. Similarly, the 

superficial adipose chamber is immediately adjacent to the dermis, while the deep adipose layer is 

adjacent to the muscle layer and often has no clear deep boundary as it is dissected away from the 

bone. Therefore, the dermal layer is necessary to identify which layer is superficial and which is 

deep, and the absence of a dermal layer was identified as a second exclusion criterion. During the 

sectioning and fixing process, some samples can be damaged, or plating artifacts such as bubbles 

or cracks can occur. These errors distort the geometry of the specimen and can occlude the 

specimen, making the measurements unreliable. Therefore, we introduced two additional 

0 No issues 

1 No clear muscle layer 

2 No visible Dermis 

3 Tissue folded over (tissue damage) 

4 Glass/plating artifact (bubbles, bad seal, crack, too 

close to edge, etc) 

Table 4.3-1: Exclusion criteria 
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exclusion criteria, to exclude specimens with obvious tissue damage due to folding over of the 

specimen on itself and specimens with obstructive plating artifacts. Specimens with tissue damage 

due to tearing were used, but adipose chambers adjacent to damage were removed, as described 

below.  

Three independent raters rated each sample according to the criteria. A majority vote of 2/3 agree 

to include was used to determine which samples were appropriate to include in the morphology 

calculations. In addition to exclusion criteria, two samples taken from adjacent slices were placed 

on each slide for redundancy. Due to the slices being adjacent, they contained extremely similar 

information. Therefore, only one of each adjacent slice was used for morphology calculations. If 

both slices had at least 2/3 inclusion, the slice to be included was chosen at random. After exclusion 

criteria were applied, 323 images were included for morphological study. 

In order to ensure repeatable measurement over the large dataset, we developed an automated 

segmentation and morphology calculation process. A U-Net 77 was previously trained on 7 

manually-segmented images to automatically segment images into one of 5 tissue classes: 

epidermis, dermis, adipose, muscle, septa, or background (6 classes total; described in 174). This 

UNet was used to automatically segment all 323 images included.  

A binary mask of adipose chambers was created from the segmented image. These chambers were 

separated into superficial or deep groups by manual region selection using the muscle layer as the 

separation boundary. Any adipose chambers with an unclear placement were discarded from 

measurements. Additionally, any adipose chamber that was immediately adjacent to background 

was discarded from measurement, as an adipose chamber without a septal wall is likely to have 
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incurred damage. The 

area, minimum 

diameter of the best-fit 

ellipse, maximum 

diameter of the best-fit 

ellipse, perimeter, and 

eccentricity were 

calculated for each 

adipose chamber using 

built-in MATLAB functions (Figure 4-1). As described later, a large number of subhallucal images 

were excluded for lack of a muscle layer. Due to this location bias, we performed an additional 

analysis calculating the adipose chamber areas for these samples without the superficial vs deep 

distinction.  

4.3.3 Attention Network 

In contrast to a strict morphological calculation, variability in data quality is useful for training a 

deep neural network. Therefore, only samples excluded by the error criterion of plate artifacts 

(excl4) were excluded from the dataset used to train the network. Additionally, both adjacent slices 

were used to train the network. In total, 911 images were used to train the attention network (262 

diabetic, 556 non-diabetic, and 134, 128, 134, 102, 106, 226 slides per location, respectively). Full-

resolution images were down sampled to 480x480 pixels due to GPU memory limitations.  

A ResNet26 image classifier with Axial Deeplab attention was used to classify images as either 

diabetic or non-diabetic175. Briefly, this architecture uses column-wise and row-wise self-attention 

to identify important pixels for class decisions. The network was trained using Adam 

Figure 4-1: Description of morphological parameters. Adipose 

chambers were segmented with a UNet, then masks of the adipose 

chambers were created, and the area, minimum and maximum 

diameter, and perimeter were calculated. 
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optimization145, an initial learning rate of 0.008, step-down learning rate schedule, and a batch size 

of 8. The network was trained on a NVIDIA Quadro GP100 for 180 epochs. The snapshot at epoch 

80 had the highest validation accuracy and was used for inference and visualization.  

The ScoreCAM method170 was used to visualize the final attention layer of the network. The 

attention map was upsampled using box resampling to the size of the input image, colorized, and 

overlaid on the input image to identify regions of interest.  

4.3.4 Statistical Analysis 

Linear mixed effects regression was used to test for an association between morphological 

measurement (the dependent variable) and diabetes status, plantar location, and adipose layer (the 

independent fixed effect covariates, evaluated in a single model). Random effects were modeled 

for the foot, plantar location, and specimen. Omnibus tests of associations between tissue 

measurement variable and each independent fixed effect variable were carried out using the 

likelihood ratio test. Estimated marginal means and standard errors (SE) by fixed effect factor were 

calculated across category for each fixed effect. To address size variable skewness which produced 

non-normal errors and variance heterogeneity, models of area, perimeter, maximum and minimum 

feret diameters (FDs) were carried out using logarithms, with estimated marginal means presented 

back transformed to the original units (unlogged units). Pairwise comparisons for these variables 

are presented as ratios. As eccentricity was strongly correlated with size, a second set of models 

was carried out with log area as an additional independent fixed effect covariate. Furthermore, as 

the distribution of eccentricity is bimodal, and thus non-normal, deviation in tissue shape from 

circularity was also assessed by analysis of the maximum/minimum FD ratio. In the mixed effects 

regression, this difference is modeled as the log(maximum Feret/minimum Feret), equivalent to 

the log(maximum FD) minus the log(minimum FD), with log(minimum FD) as an additional 
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independent fixed effect covariate. Analyses were carried out using R 4.0.3176, and packages 

lme4177, emmeans178 and tidyverse. 

4.4  Results 

4.4.1 Hand-crafted morphology 

There was data from 13 feet (4 D and 9 ND), comprising 66 samples across 6 locations; 312 

sections, resulting in 23,992 tissue chambers measured (Table 4.4-1). Adipose chambers that were 

not able to be classified as either superficial or deep due to the absence of a muscle layer were 

more common in the forefoot and less common in the hindfoot. Specimens from at least two donors 

per disease state remained for each location after exclusion criteria were applied.  

  
  

 HA M1 M3 M5 LA CA 

Foot D (of 4) 4 4 3 3 2 4  
ND (of 9) 9 8 9 7 7 6 

Deep chamber D 128 270 117 156 340 848  
ND 420 539 496 533 1067 2204 

Superficial chamber D 162 147 71 113 149 570  
ND 351 772 448 636 977 2315 

Unknown chamber  D 982 1067 155 152 0 194 

(no muscle) ND 1976 1666 1570 1083 810 508 

Table 4.4-1 Counts of samples used (from 4 D and 9 ND donors) and chambers measured at 

each plantar location for each disease group and adipose layer.  

The largest differences in size measures occurred between adipose chambers of the superficial 

and deep adipose layers, the latter of which were 26-66% larger deep chambers compared to 

superficial chambers (p<0.001). Differences in size measures by diabetes status were small and 

non-significant (p≥0.2, Table 4.4-2). However, there were significant interaction effects between 

diabetes status and adipose layer (Table 4.4-3, p≤0.04). When stratified by disease status, the 

difference in size between superficial and deep chambers was strong for non-diabetic specimens, 

but weak for diabetic specimens, with a general trend toward decreased size parameters in deep 
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chambers of diabetic compared to non-diabetic specimens (ND 16% to 44% larger, 

0.04≤p≤0.26). Size measures varied with location (omnibus p≤0.02), with the largest adipose 

chambers beneath the lateral midfoot and the smallest beneath the first metatarsal. 

 
 D (n=6) N (n=11) ND/D (log outcomes) or ND-D 

 Mean ± SE Mean ± SE Mean ± SE 95%CI p 

Area 17182 ± 1916 19538 ± 1462 1.14 ± 0.15 (0.88, 1.48) 0.29 

Perimeter 327 ± 19 345 ± 13 1.06 ± 0.07 (0.92, 1.21) 0.38 

Max Feret Diameter 214 ± 13 233 ± 9 1.09 ± 0.08 (0.95, 1.25) 0.2 

Min Feret Diameter 115 ± 6 121 ± 4 1.05 ± 0.07 (0.93, 1.19) 0.38 

Max/Min Feret 
Diameter 

1.86 ± 0.03 1.92 ± 0.02 1.03 ± 0.02 (0.99, 1.08) 0.1 

Table 4.4-2 Morphological measurements by disease status. Outcomes back-transformed from 

logarithms. 
  

Deep Sup Unk Interaction 
p-value 

Deep / Sup 

  
Mean ± SE Mean ± SE Mean ± SE 

 
Mean ± SE 95%CI, p 

Area D 18695 ± 

2576 

16627 ± 2130 15615 ± 2049 0 1.12 ± 0.13 (0.84, 1.5), 

p=1  
ND 26954 ± 

2428 
14157 ± 1153 19785 ± 1632 

 
1.9 ± 0.13 (1.61, 2.25), 

p=0 

Perimeter D 341 ± 24 320 ± 21 314 ± 21 0 1.06 ± 0.06 (0.92, 1.23), 
p=1  

ND 405 ± 19 291 ± 12 349 ± 15 
 

1.39 ± 0.05 (1.28, 1.52), 
p=0 

Max FD D 221 ± 16 210 ± 14 205 ± 14 0 1.06 ± 0.06 (0.91, 1.23), 

p=1  
ND 277 ± 13 197 ± 8 233 ± 10 

 
1.41 ± 0.05 (1.29, 1.54), 

p=0 
Min FD D 121 ± 8 114 ± 7 109 ± 7 0 1.06 ± 0.06 (0.92, 1.22), 

p=1  
ND 140 ± 6 104 ± 4 122 ± 5 

 
1.34 ± 0.04 (1.24, 1.46), 

p=0 

Max/Min  D 1.84 ± 0.04 1.86 ± 0.04 1.88 ± 0.04 0.004 0.99 ± 0.02 (0.95, 1.03), 
p=1 

FD ND 1.98 ± 0.03 1.9 ± 0.02 1.91 ± 0.02 
 

1.04 ± 0.01 (1.02, 1.07), 
p=0 

Table 4.4-3 Interaction of Adipose layer and diabetes status. D=diabetic, ND=non-diabetic. P-

value is for the interaction of the two variables. Deep/Sup mean, SE, CI, p are the mean, standard 

error, confidence interval and p-value for the difference between deep and superficial chambers 

within diabetic or non-diabetic samples. Deep chambers are larger than superficial, but the 

difference is smaller in diabetic specimens; the interaction effect is significant.  

4.4.2 Attention Network 
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The network achieved a peak of 82% accuracy on the validation set after 117 epochs. While the 

network achieved better than random accuracy, the interpretability methods used were not able to 

identify regions or features that would inform secondary calculations or lend insight into new areas 

that might be of interest. The ScoreCAM heatmap was too coarse to identify specific features of 

interest in the high-resolution images. The attention map from the Axial-Deeplab network showed 

that the network attended to primarily septal walls when making a classification decision (Figure 

4-2). The network typically neglected to attend to the regions of adipocytes within the septal walls 

and occasionally attended to muscle or skin. Often, misclassified samples were not stained as 

darkly as correctly classified samples (Figure 4-3), and in many samples the network attended to 

only a few areas, and fewer areas than the correctly classified samples.  

 

Figure 4-2: Correctly classified example images with attention outputs overlaid (left to right: 

non-diabetic, non-diabetic, non-diabetic, diabetic). The network attended to septal walls, and 

occasionally muscle or skin. 

 

Figure 4-3: Misclassified example images with attention outputs overlaid (left to right: diabetic, 

non-diabetic, non-diabetic, diabetic). Compared to correctly classified samples, these samples 

have less contrast (lighter staining) and the network attends to fewer areas.  
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4.5 Discussion 

Prior work has used the terms “micro-chambers” and “macro-chambers” to describe the chambers 

of adipocytes contained in septal walls that make up the bulk of the plantar adipose tissue14–16 

based on qualitative descriptions. We found that the adipose chambers in the deep layer had 66% 

larger area, 31% and 26% larger maximum and minimum diameter, and 30% larger perimeter than 

those in the superficial layer on average (Table 4.4-3), confirming the informal naming convention.  

However, the difference in chamber size between the superficial and deep chambers was not 

significant in diabetic specimens when stratified by disease status. Non-diabetic chambers were 

34% to 90% larger in the deep adipose layer compared to the superficial across size parameters, 

while diabetic chambers demonstrated a 6-12% difference (Table 4.4-3). The evidence for smaller 

deep diabetic chambers was stronger than the evidence for larger superficial diabetic chambers. 

Smaller adipose chambers in diabetic specimens is also consistent with prior work that found that 

the septal walls separating adipose chambers are thicker and frayed in diabetic specimens55. 

Smaller adipose chambers in the deep layer of adipose tissue may reduce the ability of the plantar 

soft tissue to dissipate load. Prior work using a subset of the same specimens found that diabetic 

plantar soft tissue has a higher elastic modulus in both compression22 and shear23, and that diabetic 

tissue has a higher magnitude relaxation modulus179. However, associations between these 

mechanical results and previously measured histological properties were weak. Adipose chamber 

size could account for some of these differences.  

Adipose chamber morphology also varied by location under the foot. Ulcers are most common at 

the forefoot but still occur at the hindfoot50,51. However, the forefoot and hindfoot have 

significantly different microstructure. Adipose chambers are significantly larger by area at the 

hindfoot than the first metatarsal of the forefoot, and non-significantly larger than the third and 



105 

 

fifth metatarsals and the hallux. Similar trends can be found across all morphological 

measurements. Interestingly, the lateral midfoot had the largest adipose chambers by area, despite 

it being an uncommon area of interest in plantar soft tissue research. This difference by location, 

along with prior work showing differences in location22–24,35, suggests that plantar soft tissue 

mechanics and possibly mechanism of ulceration differ by plantar location.  

The eccentricity was borderline significantly higher in non-diabetic plantar soft tissue, indicating 

that the non-diabetic chambers were less circular. However, the difference was small (0.012), and 

unlikely to explain the significant changes in mechanics.  

The attention network attended strongly to darkly stained (elastin) septal walls and in some 

specimens also looked at muscle or parts of the skin. In prior work on a subset of the same 

specimens and in other work on diabetic plantar soft tissue, septal walls affected by diabetes have 

been characterized as significantly thicker, with frayed fibers55. Additionally, diabetic plantar soft 

tissue was found to have significantly higher total elastin content56. In prior work on a reduced 

subset of the same specimens, there was no difference in the interdigitation index, a measurement 

of the quality of the dermal-epidermal junction180, between diabetic and non-diabetic groups55. 

While this junction has been shown to be important in ageing skin180, and there are similarities 

between ageing and diabetes, there may be a better method of quantifying this junction that could 

lend insight into diabetic skin mechanics.  

While the focus of this attention network on the tissue area lends credibility to its predictions, 

network decisions are still difficult to interpret. Additionally, most classification networks 

downsample the input image size to create multiresolution spatial connections, but most CAMs 

use the spatially smallest layer as it has the most semantic and complex information169. Often, 
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these CAMs are upsampled using a bilinear 

or other smoothing upsampling technique, 

since the result for one pixel of the deeper 

layer is often informed by a much wider 

input area than the simple square 

upsample. However, this presentation may 

suggest finer resolution than exists in the 

visualization (Figure 4-4). Since histological structures can be very small relative to the whole 

sample image, this mismatch in image and attention resolution makes identifying features from 

CAMs difficult.  

In addition to the difficulty of interpreting CAM methods, there are other limitations of the Axial-

Deeplab and CAM method of interpretability. There is potential that a different network or 

attention structure, or a different loss function or task could provide a better attention map for 

identifying novel areas of interest for understanding microstructural differences related to diabetes 

and mechanics in the plantar soft tissue. The current network only classifies tissue images by 

disease state. To answer questions about how the microstructure changes with diabetes and how 

those changes affect plantar soft tissue mechanics, a regression network predicting mechanical 

parameters by image information may provide more informative attention maps. However, this 

kind of task would require a much larger sample size.  

Histomorphological measurements should also be considered in light of their limitations. While 

efforts were made to ensure that the segmentations from the UNet were accurate compared to an 

expert, there is still potential that some tissue boundaries were misclassified, leading to errors in 

the measured parameters for some samples. Additionally, the histology specimens are of unknown 

Figure 4-4: Left. Square upsampled overlay image. 

Right. Bilinear interpolation upsampled overlay 

image. Bilinear interpolation suggests smaller 

attention areas. 
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depth, meaning there may be additional adipose tissue between where the specimens ended and 

the original bone. This missing tissue could affect the deep layer adipose chamber measurements, 

but there were a large number of deep chambers measured (Table 4.3-1), mitigating the risk of 

insufficient deep chamber measurements. Finally, there is always the risk that the wrong 

parameters were measured, however the use of an attention net mitigates the likelihood that there 

was a parameter that was significantly different between diabetic and nondiabetic specimens that 

was not identified. Finally, adipose chambers are three-dimensional structures. While efforts were 

made in sample sectioning and image analysis to avoid biasing the measurements, there is still 

potential that these two-dimensional metrics are insufficient to capture differences in this three-

dimensional structure, similar to trabecular connections in bone.  

This work presents a novel application of deep learning and automated morphology to improve 

histology workflows and contributes novel information about plantar soft tissue microstructure, 

namely the quantitative difference in size between superficial and deep adipose chambers, and the 

difference in size between diabetic and non-diabetic deep chambers. This difference in size could 

contribute to the change in mechanics previously seen in diabetic plantar soft tissue, and 

demonstrates that microstructural changes with diabetes may affect different parts of the plantar 

soft tissue differently. This information could be used to improve future finite element models. 

While this preliminary work on using attention-based neural networks to interpret network 

decisions and inform research hypotheses lacked the necessary resolution for utility, there is likely 

a network architecture that would provide better information and this work may serve as a 

foundation for choosing an appropriate model and scale in future work.   
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5 An ultrasound-based 3D plantar soft tissue scanner 

Portions of this work have been submitted in manuscripts titled Volumetric ultrasound of the 

plantar soft tissue under body weight loading and Anatomically Realistic Foot Models for 

Biomechanics and Imaging to IEEE Transactions on Medical imaging and Frontiers in 

Manufacturing Technology: Additive Manufacturing and its Biomedical Application, 

respectively. 

5.1 Abstract 

The plantar soft tissue is a complex three-dimensional structure that experiences complex, multi-

dimensional loading. However, measurement of three-dimensional mechanics of this unique 

structure is difficult. Previous investigations into the plantar soft tissue structure and function have 

been either ex vivo, uniaxial, or computational, or some combination of the three. Measurements 

using medical imaging methods such as magnetic resonance imaging (MRI) can be expensive and 

time-consuming, limiting their clinical potential. The goal of this work is to develop an ultrasound-

based method to acquire three-dimensional scans of the plantar soft tissue in both unloaded and 

naturally loaded states and using both imaging B-mode and shear wave elastography (SWE) 

modes.  A mechanical scanning apparatus was constructed using a stiff, acoustically translucent 

load-bearing plate and an x-y scanning axis. A software system was developed to control the 

scanner, record subject and scan information, and reconstruct acquired ultrasound images and 

shear wave speed values into a volume. An anatomically realistic phantom was developed to aid 

the evaluation and development of the scanning system. The resulting system is capable of 

producing volumetric plantar soft tissue scans in both B-mode and SWE with resolution on par 

with existing volumetric medical imaging systems.  
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5.2 Introduction 

The plantar soft tissue is a complex and unique structure capable of withstanding high loads during 

daily activities. The breakdown of this function, as occurs in a variety of pathologies such as heel 

pain, plantar fasciitis, or diabetic ulceration, is widely studied in biomechanics. Measurement of 

plantar soft tissue mechanics presents several challenges, including complex three-dimensional 

normal motion; a large number of bones, tendons, ligaments, and intrinsic muscles; high loads; 

and complex three-dimensional structure. Measurement of the plantar soft tissue in the specific 

case of diabetes-related ulcers presents additional challenges as the pathology is associated with 

higher risk of severe tissue injury and complications. Prior efforts to quantify pathological changes 

to the plantar soft tissue related to diabetes largely fall into ex vivo material tests, in vivo two-

dimensional (planar or projection) imaging analyses, magnetic resonance imaging (MRI) analyses, 

and computational models.  

Ex vivo efforts have measured the material properties of isolated plantar fat18,22,23 and skin24, the 

microstructure of the plantar fat35,56,107,110 and skin24,35,56,110, and the structural properties of plantar 

fat and skin25, and the strength of the skin-fat interface26. In these ex vivo tests, higher moduli and 

stiffnesses were reported in tissue affected by diabetes, and the adipose chambers were reported to 

be smaller and surrounded by thicker, frayed elastic septa, with the effects stratified more severe 

in superficial tissue. Though these works are particularly useful for designing and validating 

computational models and understanding mechanical changes, they are difficult to translate into 

clinical tools.  

Plantar and projection imaging analyses are largely ultrasound methods using either single-line 

acquisitions34,35,37,181,182, B-mode imaging104,183, or shear wave elastography (SWE)184,185, which 

uses an acoustic radiation force to create shear waves whose speed of propagation is related to 
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material modulus. Works using single-line or B-mode imaging are often accompanied by force 

measuring instrumentation to calculate localized tissue stiffness, typically in the heel35,181,182,186, 

hallux 35,181,182, or metatarsal heads35,181,182,186 where ulcers are most common50,51. Some imaging 

methods are performed with subjects prone155,187–189 or supine35,36,90,181,190,191 while others attempt 

to load the tissue through plates103,192–195 or using cutouts for the transducer37,104,194,196. A few 

works also use radiographs to calculate bulk tissue stiffness, tissue thickness, and total 

deformation31,197,198. However, X-ray-based methods suffer from poor soft tissue resolution. While 

these analyses are useful for understanding in vivo stiffness and deformation, they are limited in 

their ability to assess the complex three-dimensional nature of plantar soft tissue mechanics.  

A few groups have pursued volumetric measurements using MRI by applying external load either 

through indentation27, vibration for MR elastography 28,199 or applying sustained normal29,200,201 or 

combination normal and shear202 loads to evaluate volumetric changes in the plantar soft tissue. 

However, these acquisitions must be performed with the subject in the supine position, meaning 

that intrinsic and extrinsic muscles, tendons, and ligaments are not in typical tension; loads are 

lower than those seen in typical standing or walking due to subject comfort29; and due to limitations 

of the hardware and imaging volume are analyses of either the forefoot or the hindfoot only, not 

the entire foot. MRI is also expensive and difficult to schedule, making this tool difficult to 

translate to clinical measures or outcomes.  

Computational models are the gold standard for investigating internal stresses and strains in the 

plantar soft tissue, and a variety of models with varying degrees of complexity have been 

reported44,47,203–206. However, these analyses are sensitive to constitutive models, geometry, and 

mesh size, and it is difficult to assess the accuracy of the internal stress and strain estimations 
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without comparable measurements. Additionally, many models simplify the plantar soft tissue 

geometries or contact mechanics due to limitations of computational power.  

Extension of ultrasound acquisition from plantar to volumetric acquisitions could address many of 

the above limitations as it is fast, safe, relatively inexpensive, and has been used to image through 

a load bearing plate. Additionally, elastic registration methods could be used to directly measure 

internal strains from loaded and unloaded volumes202. The goal of this work is to develop a 

volumetric ultrasound scanner capable of withstanding bodyweight loading and acquiring high 

quality images in both B-mode and shear wave elastography.   

5.3 Design 

5.3.1 Design requirements 

The following criteria were developed for the design of this device, where requirements are listed 

in main bullets and requests are in sub bullets: 

 Capable of taking a weighted and unweighted ultrasound scan 

 At least 2-axis motion 

o 3 axis motion preferred 

 Imaging volume of 320 x 110mm to accommodate most foot sizes207 

 0.3mm resolution to be comparable to CT scanner (Curve Beam, Hafield , PA , USA) 

 Able to support weight at or above 300lb without failure 

 Flat, acoustically transparent or translucent scanning surface  

 Mobile (can move between rooms) 

o Able to fit through a standard sized door 

o Able to move with just 1-2 people 
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o Easy to assemble and disassemble  

o Easy to secure 

 Safe for subject to sit and stand on 

o No sharp pieces 

o Sufficiently strong 

o No places to trip 

o Hand rails/supports 

o Safeguards to prevent falling 

o Steps of reasonable size 

o Not too tall for the room 

o Electrically safe 

 Comfortable for subject to sit and stand on 

o Wide enough for a comfortable chair 

o Opaque load bearing surface (clear surface may be unnerving) 

o Feels stable 

o Low noise  

 Easy to operate 

o Easy to adjust & position motors 

o Easy to connect & align platform 

o Easy to set up prior to data collection 

o Easy to store 

o Easy to calibrate 

5.3.2 Design and Construction 
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The final design of the scanner frame is constructed from 1.5” aluminum t-slot rail, and the 

dimensions of the frame are 4’ x 3’ x 3’ (Figure 5-1).  

5.3.2.1 Finite Element Analysis 

Once the design was drafted in Solidworks 

(Dassault Systèmes, Bellevue, WA, USA), the model 

was simplified so that finite element analyses 

could be performed in Ansys (Canonsburg, PA, 

USA) to ensure that the dimensions and materials 

were acceptable for the anticipated weights to be 

supported. In particular, the thickness of the 

sonolucent plate affects the quality of ultrasound 

images, therefore, the optimal plate is the thinnest 

plate capable of withstanding loading. The 

simplified model consisted of just the 1” high 

density polyethylene (HDPE) plate supported by 1” square hollow tube supports and supporting 1 

7/8” aluminum speed rail railings. The HDPE plate had two rectangular cutouts. Both cutouts had 

a 0. 5” wide, 0.3” thick lip. In the left cutout was a ¼” HDPE plate which was connected to the 

thicker HDPE plate with a sliding contact. The right cutout contained a water bath with 0.4” thick 

bottom and 0.5” thick sides connected to the thicker HDPE plate with a bonded contact. All other 

contacts were defined as bonded and the four rectangular supports were defined as fixed to the 

ground. A 1334N (300lb equivalent) force was applied to the left thinner plate, and a 677N (150lb 

equivalent) force was applied to the right plate.  

Figure 5-1 CAD model of final scanner 

design 
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The maximum von mises stress within the thinner, sliding HDPE plate was 3.7MPa (Figure 5-2, 

middle), which is 8x lower than the yield strength. The maximum von mises stress within the 

aluminum was 18MPa, which is 15x lower than the yield stress. The maximum displacement was 

4.5mm in the thinner HDPE plate at the location of load application (Figure 5-2, left). However, 

the maximum principal stress was 0.3%, indicating that the sliding contact is likely related to the 

displacement. The displacement of the section between the two cutouts was 1.53mm, and the first 

principal strain was .06% (Figure 5-2, Right). The maximum magnitude of lateral displacement 

was .0046” (A-P) -0.009” (M-L) in the thinner sliding plate, which is far below the 0.5” wide lip.  

The applied load of 1377N at the center of one imaging plate and 667N at the center of the other 

imaging plate represents a larger load than is expected for the target population. The expected load 

on the plate is ½ bodyweight, which likely will not be 1334N, but could approach that for some 

subjects. While the expected load is ½ bodyweight, short-duration loads may approach 100% 

bodyweight as subjects may naturally shift weight while positioning their foot, during or after the 

scan is taken, or at some other point while on the scanner. This analysis indicates that this design 

is safe for the target use case. However, several changes were made during construction to improve 

the design. First, fasteners were added to the thinner plate to reduce sliding and buckling of the 

scanning surface. Second, only one cutout was machined to reduce the displacement and strain of 

the center section of the thicker 1” plate. Third, additional horizontal t-slot aluminum supports 

were added between the vertical aluminum t-slot supports to add bracing to the perimeter of the 

HDPE plate, and these were secured to the aluminum rail as well.  
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Figure 5-2. Results of simplified finite element analysis to assess whether the high density 

polyethylene and low density polyethylene could sustain bodyweight loading. Left: Maximum 

displacement. Middle: von Mises stress. Right: Principal Strain 

5.3.2.2 Motor and actuator sizing 

When designing a motion application, the choice of motors and linear actuators is governed by 

parameters like resolution, accuracy, speed, load, and orientation.  

 This application involves two perpendicular 

horizontal axes, with a load that is primarily normal 

to the direction of motion. The horizontal axes are 

less complex and require fewer engineering 

controls than a vertical axis, making this unlikely 

to be a limiting factor. While a third axis is 

Element Weight (g) 

    SL18-5 transducer 140.5 

    3D printed housing 321.2 

    Hardware (screws, 

springs,      

    etc) 

125.5 

Total (longitudinal) 587.2 

    Longitudinal axis 200 

Total (transverse) 787.2 

Table 5.3-1: Weight of components to be 

translated by the longitudinal and transverse 

axes for selection of motion components. 
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desirable, it is not essential and was removed from the automated motion control system due to 

cost.  

The load carried by the top axis is composed of the ultrasound transducer, the transducer housing, 

and the components that connect the transducer to the actuator (Table 5.3-1). The anticipated load 

for the longitudinal axis of 587g or 1.2lb is relatively small, which means it likely will not be a 

limiting factor. Similarly, while the addition of the weight of the longitudinal axis increased the 

anticipated load for the transverse axis to 787.2, this load is still relatively small relative to typical 

applications.  

Typical resolution of other volumetric medical imaging systems is approximately 0.3mm. In order 

to image a large foot, the total span of the motion needed to be approximately 320mm in the 

anterior-posterior direction and 230mm in the medial-lateral direction. This combination of 

resolution and span is a limiting factor in the choice of linear actuators. Additionally, accuracy and 

precision are of importance for a research medical imaging motion application, as the true anatomy 

is the primary output of interest. High resolution and accuracy over a long span is a limiting factor.  

Finally, the number and type of scans that can be taken are limited by the speed at which the motion 

control system can be operated. In order to obtain a high quality image and to have confidence in 

the reconstruction of the volume, the motion should stop while the image is being acquired. Given 

that an image acquisition via the research interface takes approximately 0.04 s, the minimum scan 

time for the maximum scan is  

320mm/0.3mm x  3 passes  x  0.04 s/pass = 128s / 60 min = 2.1 min. 

This is already longer than a weightbearing cone beam CT acquisition, which can acquire a 0.3mm 

resolution scan in under 30 seconds, without factoring in data storage, communication between 
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control and motors, and motor motion. As such, minimizing the time required to perform each step 

was an important consideration.  

5.3.2.2.1 Actuator 

Due to cost, all-in-one motion control solutions were largely impractical, leading to the choice to 

purchase separate linear actuators and motors.  

Linear actuators transform the common rotational motion of most motors into linear motion, and 

come in a variety of configurations. Among the most popular configurations are ball screws, lead 

screws, belts, and pulleys.  

In belt-driven actuators, toothed pulleys apply torque to a toothed timing belt which is attached to 

a carriage. The driveshaft and motor are often perpendicular to the belt and direction of motion. 

Belt pulleys are typically used in applications that require long strokes, high linear travel speed, 

high efficiency, and high duty cycles. However, belt driven actuators tend to have lower accuracy 

and positional reliability, can have issues with belt tensions, and require higher input torque.  Lead 

screw driven actuators tend to have high accuracy and positional repeatability, have agile 

acceleration and deceleration rates, are self-lubricated, are quiet, can have lightweight polymer 

nuts to support carriages and loads, are self-locking, and are good for light load, high-duty cycle 

applications. However, lead screws can have difficulty with high loads, can generate significant 

heat from friction, and historically have an inverse relationship between length and speed. Ball 

screw driven actuators attempt to address the friction limitation of lead screws, by incorporating a 

rotating ball bearing system. This bearing system also reduces the required motor torque by 

reducing the friction. However, ball screws typically require lubrication and can be noisy.  
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As a result of the requirements for high precision, accuracy, and repeatability and quick 

acceleration and deceleration; in combination with the low load, a 1-mm lead, 10mm diameter lead 

screw was chosen with a constant-force anti-backlash nut. (CSLSM10AHXR1ZF-2LT-0240-0 and 

CSLSM10AHXR1ZF-2LT-0440-0, PBC Linear, Roscoe, IL,USA) This actuator uses a 

recirculating ball bearing between the carriage and the rail which has a static coefficient of friction 

of 0.02-0.025 and a dynamic coefficient of friction of <0.01. 

5.3.2.2.2 Motor  

The required minimum torque of the motor was calculated using the diameter, length, lead, 

efficiency, and material of the lead screw, along with the load, acceleration, deceleration, 

maximum speed, stopping accuracy, and safety factor of 2.  

There are two main types of motors typically used in motion control applications: stepper motors 

and servo motors. Stepper motors consist of a permanent magnet rotor and wound electromagnetic 

stator. The motor is turned by alternating the current through the magnets, changing the polarity.  

Stepper motors are generally inexpensive, easy to control, don’t require closed loop feedback 

control, and can easily be operated at low speeds and for short times. However, without the closed 

loop feedback, steppers can skip steps undetected, and steppers also have an inverse relationship 

between torque and operating speed, draw the same current at all times, and can’t respond to 

changes in load. Servo motors are composed of a 3-phase stator and a permanent magnet rotor. 

Given the additional phases, a servo motor requires more sophisticated control signaling to operate, 

and requires positional feedback. Given the relatively low and anticipated static nature of the load, 

the regularity of the motion, and the simplicity of control, stepper motors were chosen for this 

application.  
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Motors were sized based on anticipated requirements for step resolution, load, friction, resistive 

forces, required acceleration, and the chosen leadscrew actuators. Updating the values in Table 

5.3-1 for the actuators chosen and their carriages, the load for the longitudinal axis is 737.19g and 

for the transverse axis is 2126.4g.  An additional ‘worst case’ load of 12kg (1/6 body weight) was 

added to each of these loads for the potential case of severe bending of the plate or force 

transmission through the plate.  

The anti-backlash nut is coated with low friction, ‘self-lubricating’ polytetrafluoroethylene 

(PTFE), which has a coefficient of friction between 0.05 and 0.1. The actuator is a PTFE-coated 

300 series stainless steel leadscrew, and the combination of the two has 28% efficiency according 

to the manufacturer. The breakaway torque of the leadscrew can be estimated using the equation  

𝑇𝐵 =  
𝑐𝑁𝐿

2𝜋
 

Equation 5.3-1 

Where c is the static coefficient of friction, N is the normal force, and L is the screw lead. Using 

c=0.05-0.2 for PTFE on steel, N= 21N for the transverse axis, and L=1mm, TB =.6637Nmm = 0.09 

oz-in.  

In order to calculate the speed requirements, the ideal scan time (5 minutes) was divided by the 

anticipated maximum number of images (320 / 0.3 resolution *3 passes = 3200 images) to give a 

per-image time of .09375 seconds per image. Assuming half of this time is devoted to image 

acquisition (see section 7.4.2 for a discussion on image acquisition time), this leaves 0.047 seconds 

for moving 0.3mm, or a speed of 6.3mm/s. Considering that the motor must ramp up and down to 

speed, the acceleration and deceleration time was estimated to be 0.01s. For the transverse scan, 
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there is no imaging, so the speed should be maximized as much as possible. Based on this the 

desired speed range was set to 6-20 mm/s.  

For a resolution of 0.3mm, minimum desired stopping accuracy was chosen to be 1% or 0.003mm. 

For a 1mm lead, this is about 3.6 degrees.     

Based on these parameters and a factor of safety of 2, the estimated required torque was 0.26 Nm 

or 36.7 oz-in. Using this information the NEMA17-16-06PD-AMT112S (CUI devices, Lake 

Oswego, OR, USA) was selected for both axes. It is rated to 40-25oz-in for speeds from 3000 to 

4000 pulses per second with an accuracy of 0.2 degrees.  

5.3.2.3 Top Surface 

The top surface of the scanner needs to be strong and stiff enough to support the weight of the 

lower limb alone for the unweighted scans as well as ½ body weight for the weighted scan without 

buckling to allow for linear translation of the transducer on the bottom surface. The material also 

needs to allow sufficient transmission of sound waves to allow both B-mode imaging and shear 

wave elastography.  

Few of prior works have attempted to use ultrasound through a stiff material in order to investigate 

the  plantar soft tissue103,194. The PVC and polypropylene used in Parker et. al and Bygrave and 

Betts are not well matched acoustically with high acoustic impedance and high speed of sound, 

respectively, and the image quality suffers as a result (Figure 5-3). There is also a ringing effect 

due to the design in Parker et. al. that makes the image difficult to distinguish  103. Rome et. al and 

Matteoli et.al used an acrylic sheet, which is again quite different acoustically from soft tissue, 

though only the latter included an image from their system and neither included plate thickness, 

the image quality was noticeably degraded195,208. All three of these studies use a static transducer 
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and image in a single plane through the plate at a single location. More recently, Matsumoto et.al. 

used a 5mm thick polymethylpentene plate for a heel-only investigation of the subcalcaneal fat 

pad187. These investigators used a commercial quality assurance phantom to measure reduction in 

ultrasound signal through the plate, and found a significant reduction in signal intensity and a 

reduction in lateral resolution through the PMP. However, the quality of images are improved 

compared to prior work. As a result of the variation in image quality with different materials, and 

in order to identify materials that will allow acquisition of shear wave elastography, an 

investigation into both mechanical and acoustic performance of materials was performed.  

Sound transmission at a material boundary is governed by the similarity of acoustic impedance 

between two materials using the equation: T= Z1 / Z2, where Z is the acoustic impedance 

calculated by Z=ρc, where ρ is the density of the material and c is the speed of sound through the 

material.  In order to match sonic properties, the speed of sound and density of a variety of 

Figure 5-3: Prior work using ultrasound to image through plastic for biomechanically 

realistic loading. Top left: Bygrave & Betts 1992, The Foot 2, 74, reproduced with 

permission. Top right, Parker et al 2015, Medical Engineering and Physics 37:11,110 , 

reproduced under CC BY-NC-ND license. Bottom right, Matsumoto. Bottom left: Matteoli. 
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materials was compared with those of various biological tissues, and 8 materials were selected for 

testing (Table 5.3-2). All materials were obtained from McMaster Carr (Elmhurst, IL, USA) or 

Grainger (Lake Forest, IL, USA). Materials were evaluated using an elastography quality 

assurance phantom (CIRS, Norfolk, VA, USA ) and an Aixplorer with a SLH 20-6 high frequency 

transducer (SuperSonic Imagine, Aix en Provence, France). The experimental set up consisted of 

a generous amount of ultrasound gel (Aquasonic 100, ParkerLabs, Fairfield, NJ, USA), sufficient 

to span the vertical distance between the phantom surface and the external walls. The plastic 

materials were placed on top of the gel so that each side of the plastic material was supported on 

the external walls of the phantom. Parameters such as speed of sound, acoustic power, focal depth, 

dynamic range, total gain, and time gain compensation were adjusted top obtain the best image.  

Table 5.3-2: Acoustic and material properties of candidate materials tested for load bearing 

'sonolucent' plate.  

 

Material speed of 
sound 

density Acoustic 
impedance 

young's 
modulus (Pa) 

thickness attenuation 
(db/cm @5MHz) 

polypropylene 2700 885 2.39 1.86E+09 3/8" 6.65 

polystyrene 2390 1040 2.49 1.86E+09 1/4" 2.7 

Nylon 2770 1140 3.15 3.45E+09 1/4" 
 

Polymethylpentene 2153 831 1.79 1.10E+09 1/16" 12.1 

Low density polyethylene 1950 920 1.79 8.30E+08 1/8" 2.4 

Low density polyethylene 1950 920 1.79 8.30E+08 3/8" 
 

High density polyethylene 2430 960 2.33 6.23E+09 1/8" 
 

High density polyethylene 2430 960 2.33 6.23E+09 3/16" 11.1 

High density polyethylene 2430 960 2.33 6.23E+09 1/4" 
 

High density polyethylene 2430 960 2.33 6.23E+09 1" 
 

ultra high molecular 
weight polyethylene 

2657 941 2.50 3.04E+09 3/16" 
 

ultra high molecular 
weight polyethylene 

2657 941 2.50 3.04E+09 1/4" 
 

Bone (ref) 3514 1908 6.7 8.00E+09 
  

Fat (ref) 1440 911 1.31 1.00E+06 
  

Skin (ref) 1624 1109 1.8 2.00E+06 
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With regards to B-mode imaging, despite relatively similar acoustic impedances, no signal was 

able to penetrate the polypropylene, very little signal passed through the polystyrene, reasonably 

good but low intensity (high gain required) signal was obtained through the UHMWPE and marine 

grade HDPE, and excellent signal was achieved through the basic HDPE (Figure 5-4). No signal 

was visible in the image taken through the nylon plate, which had the highest expected acoustic 

impedance.  Polymethylpentene yielded the highest signal intensity, but it was also the thinnest 

material at half the thickness of the next thickest material. In contrast, while it should have a similar 

acoustic impedance and a low attenuation coefficient, LDPE yielded much lower signal intensity 

than either regular HDPE or PMP.  

The materials that 

yielded the best 

images in B-mode 

were subjected to 

SWE imaging. 

Again, B-mode and 

SWE parameters 

were adjusted to 

obtain the best signal 

in the phantom area. 

Of the seven 

materials tested, 

only three yielded 

acceptable signal: 

Figure 5-4: B-mode imaging signal through different plastics with similar 

acoustic impedances to soft tissue. Plastic and total gain are listed for each 

image. HDPE and PMP are the most performant while polypropylene and 

nylon are the least performant. 
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polymethylpentene and the 1/8” and 3/16” HDPE sheets. At ¼” the SWE signal was no longer 

able to get through the HDPE, and the signal was not able to break through the other types of 

polyethylene (Figure 5-5).  

While both low density and high density polyethylene were both able to acquire good signal in B-

mode and SWE, there is a significant difference in attenuation between the two, as observed 

through the proxy of the gain required to display a clear image. The modulus of HDPE is also 

higher than that of LDPE. Based on finite element modeling, 1/4” HDPE can support a weight of 

300lb single- or double-supported standing weight on the scanning surface. The lower modulus of 

LDPE would require a thicker plate, and there was no visible signal through the 3/8” LDPE plate. 

Based on these criteria, a 1/4” HDPE plate was chosen for loaded scanning. However, there was 

no visible SWE signal through the 1/4” HDPE.  Therefore, the decision was made to use a thinner 

Figure 5-5. SWE signal through materials with visible B-mode signal. Only PMP and HDPE 

3/16” and thinner allowed SWE through. 
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plate for unweighted scans and a thicker plate for weighted scans. The plate chosen for thinner 

scans was 1/8” HDPE.  

While the both SWE and B-mode signal through PMP were clear, it was ½ the thickness of the 

HDPE plate. Based on the difference in signal between the 1/8” and ¼” HDPE, it was possible that 

the PMP would not be as performant in a thicker sheet. Additionally, the cost for a 12” x 24” sheet 

of HDPE was $8.93 while PMP sheets from several suppliers were listed in the thousands of 

dollars, making them prohibitive for this pilot study.   

5.3.2.4 Transducer housing 

While the top surface is designed with sufficient stiffness to prevent excessive bending and failure, 

the plate material best suited to ultrasound imaging and SWE acquisition will likely undergo some 

bending. This bending may be sufficient to alter the ultrasound signal (via additional compression 

in areas under more load) or damage the transducer elements. In order to both protect the 

transducer and ensure that ultrasound signal is as consistent and high-quality as possible, the 

housing to connect the transducer to the longitudinal linear actuator was designed to respond to 

increased pressure due to bending. An additional requirement was the need to protect the 

transducer cord from excessive bending or force.  

The final housing is consists of four pieces: The housing, the sheath, the interface part, and the 

topper (Figure 5-6). The housing is the main component of the design. The housing is molded to 

fit the body of the transducer and has a track and outlet hole designed to protect the transducer 

cord from crushing or excessive bending. The top portion of the housing is molded around and 

flush with the transducer element face to provide additional load support and distribution to protect 

the transducer elements. A recessed cut surrounding this supportive face ensures that any gel used 
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for coupling is captured by the reservoir, 

protecting the actuators from potential damage 

due to water or increased friction due to 

stickiness from wet or dried gel. The housing is 

composed of two halves that are clamped 

around the transducer body and closed using 

M10 hex head screws and nuts. On the bottom 

of the housing are eight holes. The smaller, 

0.25” diameter holes at the corners 

accommodate press-fit spring plungers with a 

maximum load capacity of 1.1lb each and a 

maximum deflection capacity of 0.5”.  The 

larger, 0.5” diameter holes are situated in the 

center along each long edge of the housing and 

accommodate externally threaded spring-

plungers with a maximum load capacity of 9.3lb each and a maximum deflection of 0.25”. Using 

the additive property of spring constants, these 8 spring plungers can accommodate a total load of 

41.6lb, with an initial deflection of the longer, 0.25” diameter plungers beginning at around 1.2lb 

of applied force.  This spring system will allow the transducer to move and angle in order to 

maintain contact and coupling with the deformed plate.  

Incorporating a spring mechanism into the housing means that it cannot be directly attached to the 

actuator carriage. Additionally, the spring mechanism chosen is secured only at one end, leaving 

the housing free to tilt. Therefore, a sheath was designed to keep the housing upright and in place 

Figure 5-6: CAD of transducer housing. Left: 

exploded view illustrating how the pieces fit 

together. Top middle. Non-exploded view of the 

entire assembly. Top right: ‘topper’ piece to 

reinforce weaker areas and constrain transducer 

motion, semi-transparent. Right middle: custom 

designed set-screw handle and pillow bearing 

interface block. Bottom right: Sheath for 

housing featuring channel for transducer cord 

and well for threaded rod. Bottom middle: 

transducer housing featuring transducer and 

cord cutouts. 
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as well as to secure it to the actuator carriage. The sheath consists of four walls with four cutouts 

to allow access to the four M3 holes that secure the sheath to the carriage. There is a 0.62” diameter 

well with a 0.1” wall thickness designed for a 5/8” threadded rod in the center of the based of the 

sheath. The threaded rod is connected to a pillow block bearing and secured with a custom-

designed handedled shaft collar to allow fine-grain manual Z-axis adjustment outside of the 

passive mechanism.  

The pillow block bearing is embedded in the interface part, which serves to extend the shape of 

the bearing to fit the exact dimensions of the rectangular footoprint of the sheath. This interface 

part provides the surface on which the spring plungers of the housing rest.  

In order to allow the ultrasound cord to fit into the sheath, a channel was cut into the side of the 

sheath where the cord will exit the housing. However, this channel introduces weakness into the 

sheath. Additionally, for ease of assembly, the sheath is designed 0.05-0.1” larger than the housing 

on each side. In order to reduce motion in the anterior-posterior direction, reduce the possibility of 

losing signal due to tilting of the transducer away from the plate, and reinforce the sheath around 

the cord cut-out, a topper was designed to fit snugly over the top and sides of the sheath.  The 

topper is longer on the side that requires reinforcement as well as thicker on the anterior and 

posterior sides to limit motion in that direction. The topper is also contoured to reduce stress 

concentrations that were points of failure in testing. The custom designed parts were printed in 

PLA on an Ultimaker S5+.  

The final component of the transudcer housing was coupling the transducer to the underside of the 

load-bearing plate. Due to bending in the plate, free-standing ultrasound gel was often scraped off 

during the inital scan, leaving little to no coupling material behind for the overlapping second pass. 
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Ultrasound standoff pads, made of hydrogels or fluids or gels encased in thin plastic are used 

clinically to improve signal quality and reduce the amount of gel required for a scan. In order to 

avoid this decoupling as well as provide extra cushion to protect the transducer elements, a 

hydrogel pad was investigated. The initial design uses commercially available hydrogel bandages 

for treatment of burns, and consists of a hydrogel cut to size and secured to the transducer face and 

surrounding housing using a transparent adhesive, stretchy, polyurethane bandage. This hydrogel 

is then coupled to the plate using a small amount of gel. An additional treatment of coupling 

methods can be found in section 7.6.  

5.3.3 Electrical 

5.3.3.1 Motor circuits 

Each motor requires a driver, which has 10 connections: four motor windings (A+, A-, B+, B-), a 

pulse connection to control the motor motion (PUL+, PUL-), a direction connection to control 

whether the motor turns clockwise or counterclockwise (DIR+, DIR-), and an enable signal that 

controls whether the motor is enabled (can move) or not (ENA+, ENA-). The four motor windings 

must be connected to the A-, A+, B+, B-. The pulse and direction signals must be connected to 

either ground or the positive voltage source to the driver (here, 5V), and the Arduino pin that sends 

high and low signals to indicate motion and direction. The enable for the selected drivers must be 

connected to a low to enable the motors, so in this case it was connected directly to ground.  

5.3.3.2 Encoder 

Stepper motors are easy to program and offer precise positioning with relatively fast stop-start 

speeds. However, when a stepper motor encounters too much torque for its power, it can miss 

steps, causing mispositioning in the system. Stepper motors typically are not run in closed-loop  
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 systems with positioning feedback, meaning that when steps are missed the operator typically 

doesn’t know until after the fact or until enough steps accumulate that there is significant 

misalignment or catastrophic failure. Because the steps in this system are sub-millimeter and the 

motor system is below a standing surface, it would be difficult for the operator to recognize missed 

steps until a significant delay had been accumulated. Additionally, regular image intervals are 

required for volume reconstruction from images. Therefore, it is essential to incorporate some 

monitoring and position recording into the system. Rotary encoders can be attached to dual shaft 

stepper motors in order to count steps. One CUI AMT112 series encoder was attached to the 

stepper motor of each axis. quadrature output and programmable resolution between 96 pulses per 

revolution (PPR) and 8000 PPR. Both encoders were programmatically set to 100 PPR.  The 

encoder positive and negative were connected to the 5V output of the Arduino Uno and the ground 

of the Arduino, and each of the A, B, and Z signals was connected to one of the digital input pins 

of the Arduino.  

5.3.3.3 Finalizing the circuit 

In order to create a more permanent circuit 

that can withstand potential jostling with 

transferring the scanner between rooms, 

the breadboard design was transferred to a 

printed circuit board (PCB). The PCB was 

designed in Autodesk Eagle (Figure 5-7) 

and printed using a Voltera-One printer.  The design allows external wired connections to the 

motor drivers and encoders to be soldered directly to the PCB while the PCB is connected to the 

Arduino using male headers.  

Figure 5-7: Diagram used to manufacture PCB on 

Voltera One 
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5.3.3.4 Power supply 

A power supply is required to supply sufficient voltage and current to the motors, as the required 

power cannot be supplied through the Arduino or the computer. Each motor is rated for 1.4A, 

meaning that the power supply must be capable of supplying at least 2.8A in the event that both 

motors are required to move at one time. Additionally, the motor drivers are rated for 20-50VDC, 

so the power supply must be capable of supplying power within that voltage range but not above 

it. Typical voltage ratings for power supplies are 12V, 24V, and 48V. For this application, a 24V 

power supply was selected. Based on the rated current and voltage, 24V*2.8A = 67.2W of power 

are required to run the motors. Typically, a power supply does not run at 100% efficiency, and 

some power is lost to the internal components required to convert 120V 60Hz AC wall power to 

the DC power required for running the stepper motors.   

Therefore, the power supply selected for this application was rated for 75W which allows for 

around 89% efficiency for the worst case scenario of both motors drawing power at the same time. 

Given that movement on the axes is unlikely to occur simultaneously based on the needs of the 

system, the motors should not draw power at the same time, and the software will be designed to 

avoid full power to both motors occurring at the same time. However, there could still be some 

residual power draw depending on the timing between motor pulses and potential overload or 

backlash if the scanner is misaligned or encounters some resistance. 

5.3.3.5 Circuit Breakers  

One of the main protections to put in place to protect subjects from electric sock is overcurrent 

protection. There are two common ways to protect a circuit from current draw: fuses and breakers. 

Both methods, when the current is too high, will create a short circuit, removing all current flow 

from the circuit. When fuses short, they must be replaced. However, when breakers short, they can 
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be switched back on. For this convenience in the longevity of the machine, breakers were chosen 

for this application. Breakers were placed in between the wall power and the power supply, and 

between the power supply and each motor. The current rating was chosen using the equation P/V 

=I, where P is the power rating of the power supply and V is the voltage from the wall and from 

the power supply. Using a 130% overload protection, the estimated current draw was 0.8 A from 

wall power and 4 A from power supply. Therefore, a 1A type C circuit breaker was inserted 

between wall power and the power supply and a 4A type C circuit breaker was inserted between 

each motor driver and the power supply.  

5.3.3.6 Final circuit diagram 

 

Figure 5-8: Final Circuit Diagram 

5.3.4 Constructed scanner 

The constructed scanner can be seen in Figure 5-9. The linear motion element consists of two 

linear actuators (CSLSM10AHXR1ZF-2LT-0240-0 and CSLSM10AHXR1ZF-2LT-0440-0, PBC 
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Linear, Roscoe, IL,USA) secured 

perpendicular to each other using a 

manufacturer-provided mount, each of 

which is attached to a stepper motor 

(NEMA17-16-06PD-AMT112S, CUI 

devices, Lake Oswego, OR, USA) via a 

4mm diameter set screw flexible shaft 

coupling. The actuators are secured to the 

t-slot frame using custom-designed parts 

printed on a Stratasys F370 in acrylonitrile 

styrene acrylate (ASA). This scanning 

mechanism is mounted on the t-slot frame, using additional custom-designed parts printed in ASA. 

The surface of the scanner is one inch thick high density polyethylene (HPDE). A 14.5” x 8.75” 

window  with a 0.5” lip was milled into the HDPE at 3.5” from the front and 6” from the right side 

of the plate to allow attachment of an interchangeable thinner HDPE pane for imaging. Four holes 

were drilled into the lip, on in each corner such that ¼-20 fasteners could be used to further secure 

the interchangeable plates. Finally, aluminum safety rail was added around the perimeter of the 

scanner to create a more secure environment for subject safety and comfort. The safety rail was 

secured through the HDPE plate and directly into the t-slot frame. The scanner was made from 

two parts and mounted on locking wheels for improved mobility, as it was designed be used and 

stored in different areas. The 8 legs of the t-slot frame were fitted with 3” rubber caster wheels 

which were secured directly to the center hollow of the t-slot rail. The two sides of the scanner 

lock together using a custom designed locking pin mechanism mounted to the t-slot legs.  

Figure 5-9: The final constructed scanner including 

both mobile halves secured together, a set of stairs 

with handles, motors, linear actuators, and DIN rail 

mounted electrical system, HDPE plate and water 

bath, and a chair for the subject to sit on during 

unweighted data collections.  
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A DIN rail system designed to hold the electrical system was mounted to the t-slot rail using 

custom designed pieces printed in ASA. The DIN rail system was attached to the front half of the 

scanning platform for proximity to the motors. 

5.4 Software design and development 

The scanner hardware involves several different components that must be controlled in the 

appropriate order at regulated time intervals, necessitating custom automation software. In 

particular, the ultrasound image acquisition and the motor linear translation should be synched to 

allow image acquisition at regular intervals and allow for easier image reconstruction. The 

Aixplorer has an available research package that allows direct image acquisition through a 

MATLAB interface, making MATLAB the ideal choice for a control software despite its lack of 

real-time processing. Therefore, an image acquisition graphical user interface (GUI) was 

developed in MATLAB to perform the scanner control.  

5.4.1 The user interface 

The user interface contains five sections: subject demographics and test information, quality 

control checks, imaging parameters, a digital motor positioning system, a scan time estimator, and 

safety features.  

5.4.1.1 Subject demographics and test information 

Some demographic information is required from each subject to set up the scan. The number of 

images taken and number of longitudinal scans performed will depend on the length and width of 

the subject’s foot. Additionally, the anonymized subject ID will link the scan to other subject data 

taken during the clinical scan and plantar pressure testing. Five demographic and test information 

fields appear on the GUI: 
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 Scan type. 

o This field is used in the backend to create the correct motion trajectory. Distance 

between images and motor timing are different depending on whether the scan is 

take with B-mode or SWE, and whether the scan is taken weightbearing or not. 

This field also serves the purpose of labeling each scan as weighted, unweighted, 

SWE, or Bmode, removing the possibility of acquired scans being unlabeled.  

 Foot Length 

o The foot length is used to determine the number of images taken and the length of 

the scan. Scans are customized for each subject to reduce testing time and 

ultrasound dose.  

 Foot Width 

o Similar to foot length, foot width is used to determine the number of overlapping 

longitudinal scans that must be taken. Scans are customized for each subject to 

reduce testing time and ultrasound dose. 

 Subject ID 

o The subject ID is a unique identifier that is attached to the data to protect the privacy 

of human subjects. This ID allows correlation of acquired scans with other study 

data. 

 Aixplorer IP 

o This field is used to store the Aixplorer IP address, which is used to communicate 

with the Aixplorer and enable MATLAB-controlled image acquisition.  

 COM port 
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o This field is used to store the COM port to which Arduino is connected. Arduino 

creates a virtual serial from the USB port and as such the COM port may change 

depending on the board connected and the USB port used.  

 

Figure 5-10 The Graphical User Interface through which the operator interacts with the scanning 

software during collection of a volumetric ultrasound scan. 

5.4.1.2 Quality control checks  

There are several failure points for both scan acquisition and scan quality. Several checks are 

implements to avoid these failure points and are displayed on the top of the GUI: 

 Calibrate 

o This check reminds the user to perform calibration of the system prior to beginning 

a scan of a subject. This ensures that the user has checked that the scanning system 
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is operating as intended and ensures that a reference calibration image is available 

should issues arise in post-processing. 

 Start remote access 

o In order to allow MATLAB acquisition of ultrasound images, the remote access 

must first be enabled through the Aixplorer user interface. This check ensures that 

this critical step is completed prior to attempting to acquire a scan.  

 Adjust image on screen 

o This check ensures that the user has first adjusted the ultrasound image for clarity 

for each subject before acquiring a scan. This ensures high quality images are taken 

in the scan.  

 Imaging params correct 

o This check ensures that the user has correctly changed the imaging parameters to 

reflect those parameters that have been adjusted for the subject.  

 Power on motors 

o This check ensures that the motors are powered on and ready to complete the 

motion trajectory for the scan. This check avoids a potential situation where all 

images are taken of a single location, both ensuring efficient use of time and 

prioritizing subject safety as repeated imaging of one location can lead to increase 

temperature in the tissue.  

 Motor home 

o This check ensures that the motors have been set to their home location for the scan.  

 Motor serial connect 
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o This check ensures that the motors are connected to the serial COM port to allow 

Arduino communication to control the motors.  

 Pressure monitor 

o Excessive pressure on the transducer could harm the transducer. Additionally, 

changes in pressure can affect the ultrasound reading. This gauge would allow the 

user to monitor the pressure and stop the test should the pressure become too high.  

 Programmatic emergency stop 

o The programmatic emergency stop is designed to allow the user to stop an 

acquisition in the event of user error or an issue with the scan being acquired. This 

safety stop should be used for low-stakes issues such as poor image quality, 

significant subject movement, or incorrect input parameters. The physical breaker 

is provided for serious equipment issues.  

o There are two stop features due to the limitations of MATLAB.  

 BREAK The break function will break a loop. This function will exit the 

longitudinal scan and the manual move command loops. However, since the 

transverse move and jog functions are executed in Arduino, this button will 

not pause these commands. The hardware Estop is recommended for these 

situations.  

 PAUSE The pause button will execute the pause command, which halts all 

MATLAB function until the user enters a keystroke in the command 

window. The program will continue when a keystroke is entered in the 

command window, allowing the user to resume the program.  

5.4.1.3 Imaging parameters 



138 

 

Imaging parameters such as frequency, frame rate, imaging presets, dynamic range, assumed 

sound speed, pulse repetition frequency, gain, and averaging can all greatly affect the image quality 

and speed of image update. These parameters are important to record for each scan in the event 

that issues with image quality appear in post-processing or to reference issues related to incorrect 

measurements. Therefore, each of these scan parameters is displayed prominently on the GUI 

screen to facilitate user input.  

On the left hand side of the screen are buttons for the main imaging parameters: ‘Scan Force’ 

(frequency), frame rate, and imaging preset. These are ‘common sense’ parameters typically 

displayed on commercial ultrasound systems and select background processing processes within 

the commercial ultrasound software.  

The ‘Scan Force’ (Res/Gen/Pen) setting adjusts the frequency of the ultrasound wave. The 

resolution setting uses a higher frequency to allow better axial resolution at the expense of 

penetration depth. The Frame rate setting (HD/Balanced/FR) adjusts scan line density to trade off 

between spatial and temporal resolution. The imaging preset contains initial parameter values such 

as gain, color map, filter, or expected tissue speed of sound that have been optimized for a 

particular tissue. The foot and ankle subset of the musculoskeletal preset is most likely to be used 

for this application, however, due to the thickness of the plate and other intervening materials, it 

is possible that this preset may not be optimal for different acquisitions. Therefore, there are 

additional options for this setting in the software. 

On the right hand side of the screen is a second imaging parameters box with the more advanced 

settings. The dynamic range controls the mapping of returning ultrasound amplitudes to displayed 

image intensities. A larger dynamic range maps amplitudes to a wider range of intensities.  
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The sound speed is related to image reconstruction. When reconstructing an image, the software 

assumes a speed of sound to place reflections at appropriate spatial locations based on the time 

required to receive the reflection. This time is based on the speed of sound through the material 

being imaged. Incorrect sound speed can introduce error in distance measurements.  

Super resolution is an image processing technique that reduces speckle and enhances borders by 

combining multiple steered echo lines to create a composite image. Tracking the number of lines 

combined is important for interpreting image quality issues.   

The pulse repetition frequency (PRF) refers to the number of ultrasound pulses emitted by a 

transducer over a period of time. A lower PRF (longer time between pulses) may reduce some 

types of artifacts and may allow larger image depths. A higher PRF may allow more send-receive 

cycles and subsequently more sophisticated signal processing to improve image texture without 

sacrificing frame rate, or may improve frame rate.   

The frame rate is determined automatically by the combination of previously mentioned 

parameters. However, recording the frame rate is useful for assessing motion artifacts in 

reconstruction and can be useful for informing changes to the protocol.   

The total gain is determined by a total gain parameter, the time gain compensation offsets, and 

dynamic range. The total gain is useful to record as a well-balanced gain is important for image 

reconstruction and segmentation.    

For SWE acquisitions, the additional parameters of maximum elasticity (elasticity range) and SWE 

opt should also be recorded. The maximum elasticity gives the anticipated maximum recorded 

shear wave speed, which is used to process SWE volumes, while the SWE opt, similar to the ‘Scan 

Force’ determines whether the SWE pulse is optimized for resolution or depth.     
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5.4.1.4 Position Adjustment 

During data acquisition, there could be a need to move the transducer a small amount in each 

direction to align with the subject’s foot or to reposition the motors and the transducer after some 

change to the configuration. The position adjustment section was added to facilitate these manual 

movements and includes two methods: 

 Move 

o These commands allow the user to select an axis and direction (anterior, posterior, 

medial, or lateral), a distance between 0.3 and 50mm, and a speed between 2 and 

10 mm/s. When the user presses the ‘move’ button, the selected axis will move the 

prescribed distance at the selected speed.  

 Jog 

o These commands allow extremely fine tuning and are equivalent to the move 

command with the distance set to 0.3mm. Each of the four buttons will jog a single 

step in the anterior, posterior, medial, or lateral directions. The motor speed can 

also be selected – either 2mm/s, 5mm/s, or 10 mm/s  

5.4.1.5 Scan Time 

The time required for a single scan varies with the length and width of the foot. In order to assist 

the operator in guiding the subject through the scan, the estimated time to complete each of the 

three scans is displayed on screen after the operator fills in the subject’s foot length and width.  

5.4.1.6 Safety features 

In addition to the aforementioned break and stop features, the program performs several checks 

before starting to prevent potentially common errors. If the quality control checkboxes are not 
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checked, the scan type is not selected, or the foot length or width are outside of pre-defined 

reasonable ranges, the scan will fail to start. Additionally, if the user fails to change the subject ID, 

foot length, or foot width, the program will create a warning pop-up window.  

5.4.2 The control code 

Ultrasound imaging and transducer translation were synchronized through use of the advanced 

research package provided by the ultrasound manufacturer, which uses a MATLAB interface to 

control the ultrasound acquisition.  

Three functions were investigated for image acquisition: getSWE, getEcho, and getLiveImage. 

getSWE and getEcho return a single shear wave or echo (B-mode) acquisition along with an 

informational structure that includes the resolution and position of the values within the frame. 

However, getSWE does not return the underlying B-mode image to orient the stiffness values to 

the underlying tissue. getLiveImage returns the image as displayed on screen along with a structure 

containing resolution information.  

getLiveImage was selected as the method of image acquisition for B-mode scans, while both 

getliveImage and getSWE were employed for SWE scans.  The time required to acquire a single 

image is a limiting factor in the length of the full scan as the anterior-posterior resolution must be 

balanced with the total scan time. The time required to acquire a single image was measured on 

three different computers to measure the effect of different hardware on image acquisition time. 

The main limiting factor on image acquisition speed is the speed of the ethernet connection 

between the ultrasound and the control computer (Table 5.4-1). A 1GB or higher ethernet speed is 

required for sufficient speed to acquire images. With a 1GB Ethernet speed, acquisition of a single 

image was returned in ~0.1s on average.  
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 Processor 

speed (ghz) 

RAM 

(gb) 
GPU Ethernet 

Time per 

image (s) 

Laptop1 2.9 8 - 10MB 1.53 

Desktop1 2.13 14 1 1GB 0.04 

Desktop2 2.6 96 2 1GB 0.035 

Table 5.4-1 Hardware specifications of computers used to test image acquisition time through the 

Aixplorer MATLAB-based research interface.  

Both getLiveImage and getSWE contain the option to acquire a loop of images (‘all’) or a single 

image (‘last’). The loop feature causes MATLAB to hang for live image acquisition. However, the 

single frame option does not reliably pull the correct SWE data for the live image frame. Therefore, 

the ‘last’ option was selected for the B-mode imaging, while raw SWE data was acquired using 

the ‘all’ option.  

Control of a stepper motor requires rapid, real-time communication with the electronics. However, 

MATLAB has a communications delay. In order to interface motor control with MATLAB, an 

Arduino was chosen for its ease of access and usability. While there is a MATLAB add-on that 

allows control of Arduino read and write using MATLAB commands, these were too slow for this 

application.  

As a result, serial communication was used to trigger a specific motion control and sensor read 

sequence, and the sensor information was sent back to MATLAB and recorded via serial 

communication. In this way, high motor speeds could be instructed and high speed encoder data 

recorded. The Arduino control code can be found in Appendix B. Briefly, the MATLAB program 

sends a three- to five-character sequence consisting of a number identifying the type of move, the 

direction to move, speed (for jog and move), distance (for jog and move), and a character 

signifying the end of the sequence. The key for the digits in each position can be found in Table 

5.4-2. Within the Arduino code, the microcontroller waits for data to arrive in the serial stream, 
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then reads it in, stores the initial two characters in an array, and uses these characters to select the 

hard-coded function with the appropriate motion control and sensor read sequences.  

Digit Scan type Direction Speed (jog and 

move) 

Distance 

(move) 

1 longitudinal (A-P) B-move anterior 2mm/s 0.3mm 

2 0.35mm transverse move posterior 5mm/s 1mm 

3 longitudinal SWE move medial 10mm/s 2mm 

4 jog lateral 
 

5mm 

5 move 
  

10 mm 

6 
   

20mm 

7 
   

50mm 

Table 5.4-2: Value associated with digit in the first (Scan Type), second (Direction), third(Speed) 

and fourth (Distance) position of encoded sequence sent to the Arduino to control motor motion. 

While the motor speed, step size, and sensor information is hard-coded at this time, this structure 

is flexible and these parameters could be incorporated into the GUI for user input control by adding 

additional input characters to the serial read sequence and updating the appropriate areas of the 

Arduino code. Such user-control could be advantageous for additional applications of the scanner 

that may need coarser or finer resolution, or that wish to trade-off resolution for scan speed.  

5.4.3 Post-processing, stitching, and volume reconstruction 

5.4.3.1 Ultrasound Registration  and Stitching 

The full-plantar surface scan is created from 2 to 4 longitudinal passes. Each of these passes must 

be registered to the others and stitched together in order to create a cohesive volume. There are a 

variety of techniques to register and stitch images to create accurate and cohesive reconstructions. 

However, investigations into several automated techniques was not satisfactory. Therefore, a 

manual registration GUI was devised to facilitate manual registration of the images.  

The manual registration GUI asks the user to select an ultrasound scan file, reads in the ultrasound 

image data, and overlays the appropriate scans from each pass based on the parameters selected 
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and the knowledge that the first and third passes start from the posterior extent (heel) and the 

second pass starts from the anterior extent (toe).  

The right hand side parameters section of the GUI consists of an initial section of the current image 

number, the folder to save the images, and the file format to save the images. The current image 

number is automatically changed using the “previous’ and ‘Next’ buttons for incremental image 

adjustments but also allows user input to start at or jump to a desired image. The second sections 

involves parameters used to register and stitch images from pass1 to pass2. The third section 

involves parameters to stitch pass2 to pass 1 and 3. These two parameters are simply the amount 

to crop from the left and right hand sides of the image to facilitate smooth and unobtrusive stitching 

seams. The fourth section is similar to the second but for the third pass. On the bottom of the 

parameters section are buttons to increment the image number and allow adjustments of sequential 

images. When the ‘Next’ button is depressed, it triggers a function that saves the stitched image to 

the save folder, appends the stitched image to the stitched volume and the transform parameters to 

a matrix, and changes the current image to the next image. If there are not additional images to 

stitch, the ‘next’ function will save both the stitched volume and the transform parameters to the 

save folder. The ‘Previous’ button only changes the current image to the previous image. If the 

image number is changed manually, it does not trigger a save function.  

Future improvements to the GUI might involve automatically calculating and initial horizontal and 

vertical offset using the saved encoder information. Future improvements to the stitching protocol 

would involve identifying a method to automatically register and stitch the passes to reduce manual 

worktime involved in reconstructing scans. 
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5.5 Validation and Safety testing 

Development of a novel imaging scanner requires rigorous testing to establish the validity of 

volume reconstruction and measurements. A realistic phantom is useful for this repetitive testing. 

Additionally, a shelf-stable phantom designed for this purpose serves the dual purpose of acting 

as a validation and calibration for future quality control of the scanning system.  

5.5.1 Proof of concept phantom 

Commercial block-encased phantoms are difficult to use with the developed scanner. The offset 

needed between the phantom surface and the surrounding walls increases the required acoustic 

power, depth, and focus required for adequate visualization, making it difficult to determine 

appropriate settings. These phantoms are also typically rectangular and have simple, small, regular 

geometries which may not accurately reflect the challenges in reconstructing volumes from 

multiple passes. Therefore, a phantom was designed to meet several criteria: 

Figure 5-11 Manual registration GUI. Overlapping areas should be teal and yellow for a good 

registration. Buttons and user input fields allow incremental adjustments or large jumps. 
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- Visible on X ray and ultrasound to allow co-registration of CT and ultrasound for validation 

of measurements against a known validated imaging modality 

- Multi-layered to visualize different textures, validate out-of-plane resolution in 

reconstructed volume 

- Large, known-dimension inclusions for easy visual assessment of accuracy and 

interpolation as well as smaller wire inclusions to assess accuracy and resolution.  

- Shelf-stable, not prone to desiccation 

- Easy to place on the scanner, no or minimal offset between phantom surface and scanner 

surface  

5.5.1.1 Phantom design 

The phantom was designed to create a pattern that 

would only be clearly resolvable in three dimensions 

(Figure 5-12), making it possible to assess the ability 

of the scanner to take equidistant steps and to assess 

the predetermined z-direction resolution on 

reconstruction. Six copper core, PVC-jacketed wire 

inclusions were chosen with varying diameters 

(Table 5.5-1) all larger than the minimum resolution 

of the ultrasound (0.0512mm/px). In order to 

improve discrimination of the wires, each wire was cut to a different length so that the length of 

the wire could be correlated to its diameter on the ultrasound. Wires were cut between 14-26mm 

long, with the longest also being the thinnest. As PVC may change the wire diameter, all wires 

were partially stripped to aid discrimination of each wire in the resulting volume. 

Figure 5-12 Design of proof of 

concept phantom 
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Color Gauge 

(AWG) 

OD (mm) Wire diameter 

(mm) 

Solid or 

stranded 

Length 

(mm) 

Black 22 1.37 .65 Solid 14 
Orange 24 1.32 .51 Solid 16 

Red 26 1.21 .48 Stranded 18 
Yellow 28 1.13 .31 Solid 20 

Pink 30 .78 .26 Stranded 22 
Bright blue 30 .5 .24 Solid 24 

Brown 30 .63 .21 Solid 26 

Table 5.5-1: Sizes and colors of wire inclusions in proof of concept phantom 

Additional inclusions were designed in a circular pattern that would show up as a line or block on 

a single image, but would create a circular observable pattern in the 3D reconstruction. Three rings 

were printed on a Stratasys F370, each with different outer diameter, width, and thickness. The 

inclusions were printed out of ASA, which is similar to ABS, a material that has relatively similar 

properties to soft tissue. The similarity between ABS and soft tissue may enable measurement of 

the inclusion thickness, however, air inside the part due to imperfect printing may reflect the 

acoustic signal and create shadow.  

5.5.1.2 Casting 

The phantom was cast in a 96 mm diameter x 

16mm height petri dish in several layers. The 

first layer was made from Gel #0 (Humimic 

Medical, Greenville, SC, USA; modulus 

0.57Mpa, speed of sound 1449.3m/s) with glitter 

scatterers, and the medium printed ring was 

molded into this layer. A layer of no-scatterer 

Gel#2 (Humimic Medical, Greenville, SC, 

USA; modulus 0.26Mpa, speed of sound 1457.4m/s) was added on top of the first layer, and the 

wire and smallest ring were molded into this layer. A final layer of glitter scatterer Gel #0 and 

Figure 5-13: Final molded proof of concept 

phantom 
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Gel#2 mixed were then poured and the final, largest printed disk was molded into this layer (Figure 

5-13).  

5.5.1.3 Ultrasound scan of phantom 

The phantom was scanned with a variety of settings to choose the final settings for the ultrasound 

scanner. A representative scan is shown in Figure 5-14. Unfortunately, both the plastic petri dish 

mold and the circular inclusions caused acoustic shadowing and reflection, which obscured the 

wire. Additionally, the commercial medical gel is prone to retaining bubbles, adding additional 

scatter and occlusion, depending on how large the air bubble is. However, the circular inclusions 

and speckle are still useful for troubleshooting aspects of the scan such as stitching, scan length, 

and scan time and for assessing the accuracy of the reconstruction. Additionally, this phantom was 

used to validate the feasibility of obtaining SWE signal through the scanning plate and 

reconstructed into a volume.  

 

Figure 5-14: Ultrasound of proof of concept phantom reconstructed and displayed in the transverse 

plane. From left to right: large, small, and medium rings. Right: A wire inclusion is visible on the 

bottom and an air inclusion is visible on the top.   

The rings were segmented and measured in Mimics (Materialise, Leuven, Belgium). The 

measurements from each scan relative to the expected measurements can be found in Table 5.5-2.  

https://www.google.com/search?sa=X&sca_esv=561811248&q=Leuven&si=ACFMAn86XkhxzOC35jo3k1ec_mUa4PwHgnEtN6tbGWMWaJ9RAqvvJb31-2Afxw29kVkmYJ33T_lZcJIm4QumVO3qZR2szyWAM3AAd3lSpuine_yn-h3MvPiEP3HllDwdbYe7ylYJ0adeQmFrhs1e3czGEZEhWe0eGHA0AocQpHNsaamOtfsCAC7ufLlnwlIZygUdqJJPwmiK&ved=2ahUKEwiXlaGLp4iBAxVyEzQIHSiyCVMQmxMoAXoECDIQAw
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The similarity between the measured and actual ring diameters, widths, and thicknesses lends 

confidence to the volume reconstruction.  

Ring D_expected D_meas w_expected w_meas t_expected t_meas 

Outside 48 mm 48.8 mm 16 mm 17.3 mm 5 mm .84 mm 

Middle 24 mm 25.6 mm 8 mm 10.1 mm 3 mm .93 mm 
Inside 10 mm 10.7 mm 4 mm 5.5 mm 1.5 mm .78 mm 

Table 5.5-2. Dimensions of the rings embedded in the proof of concept phantom expected based 

on stereolithograph file sent to 3D printer and measured from resulting 3D ultrasound image. D = 

diameter, W = width of the ring, T = thickness of the ring.  

5.5.1.4 Computed tomography 

The inclusions in the proof of concept phantom are visible on CT, however the metal of the wires 

does create metal artifacts (Figure 5-15). Future work could improve on this phantom design by 

selecting materials that will not scatter as much as metal.  

 

Figure 5-15. Computed tomography scan of the proof of concept phantom. Wires create metal 

artifacts in the reconstructed phantom. 

Ultimately, this phantom design is distinguishable on both ultrasound and CT with minor image 

processing adjustments and represents a useable standard for development of the ultrasound 

scanning device. This phantom also enabled validation of the reconstruction process through 

measurements of the diameter and thickness of inclusions on the volumetric ultrasound scan.  

5.5.2 Anatomically Realistic Foot Ultrasound Phantom (ARFUP) 
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Additional concerns of imaging the foot that are not addressed by the initial phantom include the 

unique geometry of the plantar surface, the varying depth of the plantar soft tissue, and the size of 

the foot. A second phantom was designed to meet several criteria: 

- Multi-layered to visualize different textures, validate out-of-plane resolution in 

reconstructed volume. 

- Small, anatomically realistic 3D printed inclusions of complex shapes to assess ability to 

reconstruct and visualize complex geometries.  

- Shelf-stable, not prone to desiccation. 

- Variable minimal offsets between phantom surface and scanner surface to test coupling 

methods and arch visibility. 

5.5.2.1 Phantom design 

The phantom was designed in three parts: the whole foot, the fat pad layer, and the bony inclusions. 

The manufacturing process was a combination of additive manufacturing and casting.  

5.5.2.1.1 Whole foot 

First the entire foot volume of a right foot was segmented from an MRI scan of a prior study29,209 

using thresholds of 14 and 324 for the upper and lower gray value. This segmentation was cleaned 

using hole fill and morphological tools in Mimics. Once a fidelic segmentation was obtained in 

the mask feature, a part was created from the mask and exported to a stereolithography (STL) file.   

5.5.2.1.2 Plantar fat 

Next, a second mask was created from the same MRI scan using thresholds for 48 and 313 for the 

upper and lower gray value, which corresponds to roughly the values present in the layer of plantar 

fat. However, this large range of gray values also includes many other tissues in the scan. 
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Therefore, several passes of morphological operators and some manual slice edits followed by 

minor hole filling was required to isolate the plantar fat. Once a satisfactory plantar fat 

segmentation was achieved, a part was created from the mask and exported to an STL file. 

This STL file was then imported to nTopology. The imported body was converted to an implicit 

body, which allowed for the software’s rapid lattice visualization. A gyroid lattice was applied to 

the plantar fat volume with a cell size of 15x18x25mm and a wall thickness of 1mm to create an 

approximation of the whorled plantar adipose septal structure12. The lattice was converted into a 

mesh and exported as an STL file. The mesh size was reduced in MeshLab before printing. 

5.5.2.1.3 Pedal bones 

The bones of the foot were segmented from a CT scan210 corresponding to the MRI used. The 

Mimics bone preset was used to create an initial approximation of the bony structure, which was 

then finalized using morphological operators and multi-slice edit tools. The bone segmentation 

was dilated so that all bones were connected for ease of printing. Once a satisfactory segmentation 

was achieved, a part was created from the mask and exported to a STL file.  

5.5.2.1.4 Mold for casting 

The mold for casting was designed in SolidWorks. A foot-shaped solid was created with contoured 

edges to save printing material. Several counter-sunk holes were added to use as a means of 

clamping the two sides together during casting. The whole foot volume was imported to 

SolidWorks and a cavity was generated in the solid from the foot volume. Finally, the solid with 

the cavity was split in such a location that the unmolding process would not damage the final 

phantom.  

5.5.2.2 Printing and Casting 
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The mold and attached bones were printed using acrylonitrile styrene acrylate (ASA) on a Stratasys 

F370 filament deposition printer. The latticed plantar adipose septal structure was printed using 

Tango Grey on a Stratasys Connex 3 polyjet printer.  

After support material was removed from the prints, the mold was prayed with a mold release 

spray and the attached bones were coated in silicon carbide powder to increase reflection at the 

bone interface since ASA is acoustically similar to soft tissue while bone is not.  

Two medical gels (Gel #0 and Gel #2) from Humimic medical were melted according to 

manufacturer instructions. These shelf stable ballistic gels are designed to mimic the material 

properties of muscle or skin (Gel #0) and subdermal fat tissue (Gel #2). A small amount of 

scattering material (craft glitter) was added to Gel #0 to create visual contrast between the two 

clear gels. To begin, a thin layer of Gel #0 was poured into both sides of the mold to simulate skin. 

After that layer set, a small amount 

of Gel #2 was poured into the 

bottom mold and the plantar fat 

lattice structure was pushed into 

the hot gel to encourage perfusion 

of the gel through the lattice holes. 

Another layer of Gel #2 was 

poured on top of the lattice to fill 

the lattice and create the plantar fat 

layer. While this layer cooled, a 

small amount of Gel #0 was poured 

into a freehand shape resembling 
Figure 5-16: ARFUP with gyroid lattice visible through the 

clear gel. 
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the plantar muscles for an additional layer of anatomically realistic contrast. This structure was 

placed on top of the plantar fat structure, the attached bones were placed on top of this structure, 

and the top half of the mold was secured. Finally, the remaining Gel #2 was poured into the mold, 

and the mold was tilted in order to make sure the gel flowed into the toe region of the mold. Finally, 

the remaining Gel #0 was poured on top of the final Gel #2 layer to form a continuous skin layer 

on the outside of the phantom. The phantom was allowed to cool for 30 minutes before being 

unmolded. The clarity of the gel allows visualization of the underlying geometry, which aids 

orientation and comparison of reconstructed scans to the phantom (Figure 5-16).  

5.5.2.3 Ultrasound of Phantom 

A B-mode volumetric scan of the phantom was taken using the SL18-5 transducer (SuperSonic 

Imagine, Aix en Provence, France), rigidly registered using built-in MATLAB functions, and 

reconstructed in Mimics. The phantom appears similar to a foot on ultrasound (Figure 5-17).  

 

Figure 5-17 Slices through the transverse plane of the reconstructed ultrasound volume of the 

ARFUP demonstrating capture of the gyroid lattice structure. Bottom: sagittal plane slice of the 

reconstructed ultrasound volume. 
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However, there is less contrast at the bony interface and more attenuation through the fat layer 

than is seen in an in vivo scan, and the lattice reflects more strongly than typical soft tissue 

structures. These issues could likely be mitigated by painting a metallic layer onto the bone, 

printing the bone out of a different material or casting the bone from a harder material, and printing 

the lattice structure out of a material that is better acoustically matched to soft tissue and the 

surrounding gel. It is also possible that using a different gel that attenuates less may allow more 

acoustic signal to reach deeper into the tissue. 

5.5.2.4 Computed tomography 

The inclusions in anatomically realistic phantom are visible on CT. However, the materials do not 

provide as clear of contrast in CT as they do in ultrasound. The density of the ASA and Tango 

inclusions are close enough to the density of the Gel #0 and Gel #2 to make them difficult to 

distinguish without contrast enhancement.  

 

Figure 5-18 Computed tomography scan of the ARFUP. Material densities are close to each other, 

making a low-contrast image. However, inclusions are visible in the scan with minor contrast 

enhancement. 
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Future work could improve on this phantom design by selecting materials with increased variation 

in density to allow better visualization on CT. However, this density variation would need to be 

accompanied by a variation in sound speed to ensure that the ultrasound image is not significantly 

affected.  

Ultimately, this phantom design is distinguishable on both ultrasound and CT with minor image 

processing adjustments and represents a useable standard for development of the ultrasound 

scanning device. Additive manufacturing is valuable for creating an anatomically realistic 

phantom due to the ease of manufacturing complex structures, and is a valuable method of creating 

a reusable validation phantom for creating novel scanning systems as the measurements made from 

the scan can be validated against the known measurements used to create the phantom.  

5.5.3 Safety 

Relative to other medical imaging modalities, ultrasound is generally considered safe. However, 

one bioeffect that has potential to be detrimental is the increase in tissue temperature due to the 

dissipation of ultrasound energy as heat. Shear wave elastography uses more energy than typical 

B-mode imaging, increasing the potential for adverse biothermal effects. In order to ensure the 

safety of the prolonged  imaging required for this protocol, a temperature testing protocol was 

employed.  

A waterproof DS18B20 temperature sensor was connected to an Arduino as depicted in Figure 

5-19.  This temperature sensor was used to measure the increase in temperature associated with B-

mode and SWE imaging during a large scan, defined as 300mm longitudinally and three 

overlapping scans, corresponding to a size 12.5 men’s shoe. This scan corresponds to across two 

different phantoms.  
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The first phantom was a small quantity of 

Aquasonic 100 gel. Aquasonic gel is thermally 

similar to biological tissue and is easy to apply, 

making it an ideal candidate for this testing. 

However, it is difficult to measure the exact 

quantity of gel used. The volume of gel used was 

calculated in ImageJ by manually defining the 

barrier of the gel in one top-down and one side-view image which were calibrated using in-frame 

rulers (Figure 5-20, a&b). The quantity of gel was determined to be 36cm3.  

 However, this quantity of 

gel is much smaller than a 

typical human foot. The 

volume of the plantar fat 

segmented in section 7.5.1 

for the anatomically 

realistic phantom was 

measured at 262.25 cm3. 

An enclosure was designed 

based on this volume to 

hold water for testing. The 

water bath was 3. 5” x 3.5” 

x 1.3” (15.9in3), or 8.89 cm 

x 8.89 cm x 3.3 cm (260.9cm3).  

Figure 5-19. Circuit used to read 

temperature data from the temperature 

sensor. 

Figure 5-20 Top: measurements in Image J used to estimate the 

volume of gel tested. Bottom: Set up of temperature experiments for 

gel (left) and water (right). 
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The temperature sensor was submerged in either the gel or the water bath on top of the HDPE 

scanning plate (Figure 5-20, c&d), and the transducer was positioned directly beneath the phantom. 

Then the scanning protocol was performed without power to the motors so that the entire acoustic 

dose of the scan was delivered to the phantom area. One B-mode scan and three SWE scans were 

acquired and the temperature readout from the temperature sensor was read at 2.8s intervals.  

5.5.3.1 Results and Conclusions 

The number of image acquisitions, total scan length, time between scans, and total temperature 

increase are displayed in Table 5.5-3. The absolute change in temperature was higher when 

increasing from a lower ambient temperature (SWE1 gel and water, SWE2 gel). Temperature 

increases were higher in the lower volume gel than the higher volume water and in the higher 

energy SWE scans than the lower energy B-mode scan. The temperature decreased over the course 

of the B-mode scan. The decrease in temperature may also indicate that the rest time between SWE 

and B-mode acquisition may not have been sufficient to return the gel to ambient temperature 

before beginning the test. However, as the temperature did not increase or remain steady, the 

energy from that scan does not substantially increase the temperature of the imaged volume.  

 Water Gel 
 SWE1 SWE2 SWE3 SWE1 SWE2 SWE3 B1 

number acquisitions 5400 5400 5400 5400 5400 5400 3090 

run time (min) 35.90 36.76 35.84 32.34 36.52 39.60 8.63 

rest time (min)  3.24 12.16  141.48 5.40 8.37 

Temperature Change (ᵒF) 1.58 1.34 0.79 2.47 5.17 3.04 -0.22 

(ᵒC) .88 .74 .44 1.37 2.87 1.69 -0.12 

Table 5.5-3: Time, number of images, and temperature change for each temperature experiment 

performed on the water and gel conditions 

The temperature increase in the foot with activities has been widely studied, and increase in 

temperature with activity has been correlated with diabetes and ulcer risk. Reddy et. al. measured 
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increase in plantar temperature between sitting, standing, and treadmill walking at three different 

speeds 211. They found that plantar temperature increases close to 2 ᵒC with standing and a further 

3.5-6 ᵒC with walking, with larger increases during walking among participants at higher ages. 

Beach et. al. found that simply donning a shoe followed by sitting can increase the temperature at 

the plantar surface by 2 ᵒC 212. Within the context of typical temperature increase in the foot with 

activities of daily living, the measured increase of 0.44 – 2.87 ᵒC due to the SWE scan is within 

normal variation and is not expected to create risk for the subjects.  

Additionally, this study was designed to be a worst-case scenario, wherein the entire scan energy 

was focused on one static tissue area. In practice, the transducer would be moving and the energy 

would be distributed over a wider area, and in the event that the transducer got stuck or was not 

moving, the scan would be ended or the SWE frozen prior to completion of the entire protocol. 

Additionally, in living tissue, there is regular blood flow and cooling mechanism such as 

vasodilation and sweating which actively cool the foot. While these mechanisms could be less 

effective in diabetic tissue due to the effects of diabetes on the vascular system, some amount of 

cooling is likely to happen.  

With the context of typical temperature rise with activity, study design, and active biological 

cooling, the risk to subjects due to heating from acoustic energy dissipation is low. Additionally, 

B-mode scans did not increase temperature at all. Therefore, a safety strategy could be to alternate 

B-mode and SWE scans such that the foot has several minutes to reach homeostasis between scans. 

5.5.4 Coupling testing 

The two most common methods of coupling the ultrasound transducer to the skin are to use a layer 

of aqueous gel designed for ultrasound applications or to submerge the area of interest in a water 
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bath. Both of these methods were tested to identify if one option was superior in terms of image 

quality or subject comfort. In order to test the image quality, several scans were taken using the 

ARFUP. A 1/8” layer of ultrasound gel was applied to the underside of the 3/16” HDPE plate, 

which was secured to the cutout of the 1” thick HDPE scanner surface. For the gel coupled scan, 

a generous amount of gel was applied to the top of the 3/16” HDPE plate, and the ARFUP was 

placed on top of the gel. For the water bath coupled scan, ARFUP was placed inside the bath and 

room-temperature tap water was poured into the bath until it reached the level of the arch. The 

scans were equivalent in clarity. However, in areas of low load that required large quantities of 

gel, there were occasionally air bubbles trapped inside the gel, which created regions of acoustic 

shadow. Creating the appropriate distribution of gel to couple the arch was also challenging, and 

would be more difficult with patient motion. The gel is also slippery and becomes sticky as it dries. 

Therefore, the water was determined to be superior for subject comfort as it is easier to hold a 

static position in the water bath and easier to clean the foot after imaging. The drawback of the 

water bath was a bright acoustic reflection at the superior surface where water meets air. This 

reflection creates bright artifacts in the tissue directly next to the air-water interface. This issue 

could be alleviated with a deeper water bath that extends beyond the imaging depth. An additional 

drawback of the water bath is potential increased risk of injury due to skin softening or drying. 

This is treated in more detail in chapter 6.  

5.5.5 Validation of SWE values through HDPE 

The addition of an HDPE plate could interfere with acquisition of SWE in several ways: 

1)  Increase attenuation of and reduce the power of the acoustic radiation force, causing no or 

fewer shear waves to propagate   

2) Interrupt the signal, causing issues with the reconstruction of the SWE 
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3) Change the assumed speed of sound so that reconstructed signals are noisy, offset, or 

incorrect  

In order to assess the accuracy of SWE values obtained by imaging through the plate, 100cm 

diameter phantom discs were molded from the materials in Table 5.5-4. The materials had a range 

of expected moduli based on prior work (Appendix 0) and commercial documentation. The 

samples were individually imaged by placing them on top of the SL18-5 probe and allowing the 

SWE signal to stabilize. In this way, the base SWS and SWE modulus for each disc could be 

measured with no weight on the sample and only ultrasound gel in between the sample and the 

transducer. These images were saved using the getLiveImage and getSWE functions. The average 

SWS was calculated from the SWE value map as the average of all values within the acquisition 

excluding zeros. The SWE modulus was calculated using average density values from prior work.  

Material Agar 
(%wt) 

Gelatin 
(%wt) 

height density 
(g/cm3) 

expected mechanical 
modulus (kPa) 

10 0.6 9.99 10.8 0.998 118 

15 0.7 14.96 9.9 1.013 170 

17.5 1.81 17.57 9.9 1.052 368 

20 0.91 20.01 10.1 1.033 311 

25 0.77 25.06 10.5 1.056 332 

Gel #0 
  

12.2 0.880 570 

Gel#2 
  

7.7 0.923 260 

Table 5.5-4: Components, dimensions, and expected mechanical modulus of tested phantom 

materials 

As the gelatin-containing discs are sensitive to water absorption, the discs were placed on 

ultrasound gel rather than into a water bath for coupling. A SWE scan was taken through the 1/8” 

HDPE plate using 0.8775mm longitudinal resolution and a focal depth of the maximum height of 

the sample. The live image scan was reconstructed using step gradient descent optimization of a 

mean squares criterion for registration and taking the average value of the overlapping regions.  
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The shear wave speed value volume was 

reconstructed by placing the SWE values in an 

empty array of the image size and applying the 

calculated offsets to the resulting values matrix 

to obtain a values-only matrix of the same size 

as the image volume. The phantom discs were 

segmented from the SWE scan using 3D 

slicer213  and the segmentation was exported in 

Neuroimaging Informatics Technology 

Initiative (NifTI) format. The segmentation 

was imported into MATLAB and used to 

create binary masks. These masks were applied to the SWE values-only volume and the average 

shear wave speed was calculated for each phantom disc as the average of all values within the 

acquisition excluding zeros. The SWE modulus was calculated using average density values from 

prior work. 

On average the absolute difference between measurement with the HDPE plate and without was 

0.69 m/s or 16.60 kPa. This difference was not a consistent under or overestimation in the samples 

measured. In comparison, the difference between measurements of multiple samples made from 

the same concentration was 0.11 m/s or 0.91 kPa, and the difference between samples of adjacent 

expected moduli was 1.17 m/s or 31.25 kPa. The difference between expected moduli was 50kPa 

on average, except for Gel#0, which had an expected modulus 202kPa higher than the next 

material. 50kPa is a relatively small variation relative to biological tissues which vary in orders of 

magnitude214,215. Additionally, these phantoms vary by  much smaller amount than the expected 

Figure 5-21: Differences in shear wave speed 

(top) and calculated modulus (bottom) for each 

of the tested phantom materials. 
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variation in stiffness related to diabetes, which has been reported at 500kPa for both plantar fat 

and plantar skin23,24. The measured SWE moduli were substantially lower than the expected 

moduli, however, this is expected due to differences in the way the moduli are calculated 

(Appendix 0). Based on these results, the addition of the 1/8” HDPE plate does interfere with 

acquisition of SWE signal but in an inconsistent way with an effect size smaller than the difference 

between phantom materials and is unlikely to affect measurement of general trends in stiffnesses 

related to diabetes.  

5.5.6 Step size testing  

In order to achieve spatial resolution on par with other medical imaging systems, a goal of 0.3mm 

voxel resolution was set to match the resolution of a commercially available weightbearing CT 

system (Line Up, Curve Beam, Hatfield, PA, USA). The axial and lateral resolution of ultrasound 

imaging systems are determined by the frequency and beam width of the ultrasound wave emitted 

by the transducer. These are set within the system depending on the ultrasound parameters 

discussed in section The user interface. The elevational, or longitudinal, resolution will be 

determined by the size of the step taken by the motor. Resolution in this direction is inversely 

related to the length of the scan. Scans were taken at five different longitudinal resolutions in order 

to assess the tradeoff in clarity and time between different step sizes.  

An additional scan was taken with a deeper focal depth to assess the effect of focal depth on image 

quality, namely the tradeoff between resolution of adipose structures and the discriminability of 

the intrinsic muscles. While a deeper focus may improve lateral resolution, it may not be sufficient 

to overcome attenuation and therefore a shallower focus may be more beneficial.  
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With increasing step size, the adipose chamber walls become less discriminable, and the muscle 

striations become less clear. There are more registration issues in the 0.5mm step scan, likely due 

to increased difficulty matching images that may be farther apart and thus less similar between 

passes. However, the quality of the scan is not seriously reduced with larger steps. Step size could 

be adjusted on-the-fly based on subject specifics such as diabetes status and foot length to tune the 

scan time.  

Increased image depth resulted in less detail at the most superficial layers of tissue, but resulted in 

much more detail in deeper layers of tissue, particularly at the midfoot. One of the most limiting 

factors in terms of deeper tissue discriminability is the reflection of the water level, which obscures 

the medial and lateral tissue structure. In order to obtain images with sufficient detail to answer 

questions of interest, structural scans with different focal depths should be acquired if possible.  

The same test was performed to assess the difference in measured SWE values with different step 

sizes. As SWE both has longer single acquisition times (lower frame rate) and requires multiple 

images for stabilization and averaging due to noisy signal, the SWE images take the longest to 

acquire and present the highest risk related to skin softening and breakdown due to moisture 

contact. However, within the axial-lateral plane, the resolution of SWE values is about four times 

lower than that of the underlying B-mode image. Therefore, a four-fold reduction in longitudinal 

resolution of the SWE scan relative to the B-mode scan should yield acceptable results. For a B-

mode scan with longitudinal steps of 0.3mm – 0.5mm, the corresponding SWE scan should have 

step sizes of 1.2mm – 2mm. SWE scans were taken of the circular phantom and a smaller 

anatomically realistic phantom with step lengths of 0.9mm, 1.2mm, 1.8 mm, 2.1 mm, and 2.4 mm 

to assess the effect of larger steps on SWE signal and acquisition time (Table 5.5-5).   
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Scan length # steps step 

size 

time 

(min) 

passes imgs/step time 

per img 

Plot 

1 205 227 0.9 26.23 3 3 0.011 
 

3 205 227 0.9 25.97 3 3 0.011 x 

4 205 170 1.2 17.73 3 3 0.011 x 
6 205 113 1.8 12.09 3 3 0.011 x 

7 205 97 2.1 12.72 3 3 0.013 
 

8 205 97 2.1 12.77 3 3 0.013 x 

9 205 85 2.4 11.30 3 3 0.013 x 

10 195 81 2.4 11.46 3 3 0.013 
 

11 175 72 2.4 6.62 3 4 0.008 
 

12 175 72 2.4 9.89 3 4 0.013 
 

Table 5.5-5: The total full scan time for a single SWE scan at each step length and scan volume 

tested. Step sizes need to be over 2 mm to achieve scan times under 15 minutes. 

Three slices through the SWE volume 

with the underlying B-mode images 

are presented in Figure 5-22. While 

there is noticeable degradation of B-

mode image quality as the step size 

decreases, the quality of the SWE 

signal does not appear to degrade. 

Therefore, a larger step size can be 

used for SWE scans to reduce the 

time of exposure to the coupling 

materials.  

5.6 Conclusion 

Measurement of the plantar soft tissue biomechanics under typical physiological loading is 

difficult due to the high degree of complexity in applied load, muscle tension, and subject-specific 

bone geometry. Prior work has attempted to quantify plantar soft tissue material and structural 

properties using simplified uniaxial or bi-axial loading201,216,217, planar imaging 

Figure 5-22: Comparison of SWE values obtained from 

scans with different step sizes. SWE values remain 

similar despite steps over 2x larger. Steps are labeled in 

millimeters. 
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measurements34,103,187,190,193 or finite element estimates203,218,219. To address the limitations of 

simplified loading and planar imaging, this work details the design, manufacture, and evaluation 

of a device for obtaining volumetric scans of the plantar soft tissue using both in B-mode and shear 

wave elastography and in unloaded and naturally loaded conditions. 

Through design of this device, several materials were evaluated for the load-bearing surface, which 

requires the difficult combination of strength sufficient to support bodyweight loading and acoustic 

impedance low enough to allow ultrasound transmission. Prior work attempting to use ultrasound 

through a load-bearing surface often does not report the acoustic properties of the material 

used103,194,195,220, and the materials used are not optimally matched acoustically to soft tissue. 

Matsumoto et. al. does report a characterization of the material chosen in terms of bending and 

attenuation. However, they do not compare the plate chosen to other materials187. Additionally, the 

plate selected for that work is expensive and difficult to acquire in the dimensions needed for this 

work. Based on prior acoustic characterization, the low-density polyethylene was expected to 

perform better than other materials tested. However, the high density polyethylene variants 

performed better than other materials tested in similar thicknesses. There may be some variation 

in density or attenuation due to manufacturing processes that caused this discrepancy, and such 

manufacturing variabilities reduce the applicability of this testing to future work using similar 

materials from different manufacturers.  

The device was evaluated using custom phantoms, one designed with regular geometries and one 

with anatomically realistic geometries. The literature on custom ultrasound phantoms is large, 

encompassing low-cost phantoms for destructive applications as well as more durable phantoms 

for repeated use. The commercial gels used for the proof of concept and anatomically realistic 

phantom are marketed with the Young’s modulus, speed of sound, and density specifically to 
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attract ultrasound phantom applications. These gels have previously been used in combination with 

additive manufacturing to develop anatomically realistic training phantoms for medical 

education221,222. The work presented here adds support to the utility of these materials and methods 

for stable anatomically realistic ultrasound phantoms.  

While the evaluation of structural B-mode imaging through the plate strongly supported the ability 

to reconstruct useful volumes, the evaluation of SWE values through the plate demonstrated high, 

inconsistent error. However, the average variation between methods was lower than the expected 

variation between samples, and the samples tested had smaller variation than those expected 

between soft tissues. Accurate and repeatable SWE values can be difficult to obtain and are 

sensitive to parameters like pressure between the transducer and the tissue and focal depth. The 

plate likely interferes with the ability of the acoustic radiation force to generate strong shear waves, 

contributing to the reduced number of candidate materials when considering SWE in addition to 

B-mode imaging. Inconsistent disruption to the SWE initiation could account for some of the 

variation in through-plate values. While effort was taken to ensure that samples were not 

compressed in either the initial or scan conditions, it is possible that this was insufficient to ensure 

pure SWE values for the initial SWE value readings, which could also contribute to the variability. 

While the results presented in this work suggest that SWE can be used with an intervening plate, 

future work should investigate this issue further to more rigorously characterize the effect of the 

plate and ensure the comparability of SWE readings from volumetric scans to prior work using no 

intervening materials.  

This work demonstrates the feasibility of volumetric structural, SWE, and load-bearing ultrasound 

for the evaluation of biomechanical hypotheses related to plantar soft tissue pathologies. Such a 

device is capable of acquitting data required to address gaps in knowledge regarding plantar soft 
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tissue structure and mechanics and could improve understanding of plantar soft tissue 

pathomechanics and improve prevention and clinical management of severe musculoskeletal 

complications such as pedal ulcers in diabetes.   
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6 Development of a low-creep load-bearing solid acoustic coupling gel 

6.1 Abstract 

Three-dimensional ultrasound methods often use a water bath for coupling the ultrasound 

transducer to the skin. However, extended immersion in water can compromise the integrity of the 

plantar skin, increasing risk of injury. Increased plantar injury risk and poor wound healing are 

already complications of diabetes, making the use of a water bath unacceptable for study plantar 

soft tissue changes with diabetes. Hydrogel couplants can offer a compromise between acoustic 

and biological considerations by reducing the amount of water in contact with the skin and more 

tightly controlling its location. However, hydrogels have not been manufactured with the goal of 

supporting bodyweight loading. Polyacrylamide gels were manufactured in variable 

concentrations from 10 – 30% weight per volume (w/v) with variable chitosan (0 – 1.8% w/v) 

added to increase strength and toughness. Gels were molded into 14mm x 10mm discs and 

subjected to ramp and hold compression tests up to 500 kPa or 90% strain and the creep of the 

material under load was measured. . Additional gels were molded into rectangular strips and 

imaged at different sound speeds to estimate material sound speed. Candidate gels were 

manufactured in bilayer formulations with the stiffer material inferior to the softer material and 

molded in custom designed molds modeled after the plantar geometry. Gels with at least 23% w/v 

combined concentrations of acrylamide and chitosan were capable of withstanding bodyweight 

loading with <1.5% creep strain. Material stress-strain responses were nonlinear. Material sound 

speeds were highly variable using the estimation method. Bilayer gels provided clear images, 

maintained effective coupling, and did not demonstrate visible creep or failure over the duration 

of a weight bearing volumetric ultrasound scan.   
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6.2 Introduction 

Typically, ultrasound transducers are coupled to the skin using ultrasound gel or by submersion in 

a water bath. Unfortunately, soaking of the feet has previously been linked to increased risk of 

amputation in patients with diabetes223. Soaking the feet can lead to increased elasticity and 

decreased load resistance224,225, as well as reduction of protective moisturizing oils in the skin 

barrierand lasting reduction in skin hydration226, with the magnitude of these effects generally 

proportional to time spent in water 227. Both softened and dry skin are more prone to injury. Since 

the diabetic foot is already at increased risk of injury, infection, and slow wound healing, it is 

essential to avoid introducing additional injury potential.  

Polymer gels have been investigated extensively as tissue-mimicking phantoms, and several of 

these polymers have been investigated for the purpose of ultrasound coupling. Acoustically, a good 

coupling material candidate should have an acoustic impedance close to that of soft tissue, 

preferably with both speed of sound through the material and material density similar to soft tissue. 

A matched acoustic impedance will prevent significant reflection at the tissue-couplant interface 

and the matched speed of sound will allow for effective reconstruction of the acoustic signal since 

the reconstruction uses a speed of sound estimation.  Additionally, a good coupling material will 

be anechoic so as not to interfere with discriminating skin boundaries. Finally, a good coupling 

material must also have minimal attenuation to allow acoustic power to reach the tissue of interest. 

From a biomedical perspective, the coupling material should be biocompatible and hypoallergenic 

to avoid skin sensitization or allergic reactions. Mechanically, for this application, a coupling 

material will be solid, toughness, temporally and thermally stable, and sufficiently stiff to hold a 

predetermined shape under the weight of the lower limb.   
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The common poylmers used fall into several categories: biologically-derived, synthetic water-

based, and synthetic oil-based.  

Biologically-derived materials include gelatin, agar, collagen, hyaluronic acid, chitosan, and 

alginate, which are all derived from plant or animal ceullular structures. The most common of 

these are gelatin and agar, which have been used extensively in tissue-mimicking phantoms for 

decades228–232. Gelatin and agar phantoms have been used to develop a range of therapeutic and 

diagnostic ultrasound imaging techniques, including shear wave elastography 89,233–235, high 

intensity focused ultrasound236, burst wave lithotripsy237,238, and microbuble contrast imaging239. 

However, gelatin- and agar-based hydrogels are prone to microbial colonization228,240,241, water 

transfer228,241, and temperature instability240, making them poor choices for couplants. More 

recently, chitosan242, alginate243–245, hyaluronic acid246, and gellan gum247–249 have been used either 

on their own or as components of ultrasound phantoms to impart additional favorable properties 

such as increased extensibility or toughness.  

Synthetic- and/or oil-based materials include polydimethylsiloxane (PDMS), poly(styrene-

ethylene-butylene-styrene) (SEBS), silicones, polyurethanes, and paraffin wax. These materials 

have similar mechanical properties to soft tissues and acoustically effective gels, however, they 

typically have sound speeds lower than biological tissues250–256 and high attenuation 

coefficients250–252,254,257–259, making them less effective phantoms and poor couplants.  

Synthetic water-based gels include polyvinyl alcohol (PVA), polyacrylamides (PAA), and 

polyethylene glycol diacrylate (PEGDA). PVA is a common and popular material for tissue-

mimicking phantoms due to favorable properties of low toxcicity, easy manufacture, and native 

speckle250,260. PVA phantoms are manufactured by mixing the monomer with water and any other 
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desired additives and then putting the phantom through freeze-thaw cycles to polymerize and 

modulate the modulus of the resulting material. While this freeze-thaw protocol makes 

manufacturing PVA technically simple, it is time-intensive, and mechanical and acoustic 

properties of large phantoms may be varible due to low thermal conductivity of the material261. 

PVA gels also have similar speed of sound, density, and attenuation to soft tissues250,262. PVA has 

been investigated as a couplant for automated whole breast ultrasound and its adaptation to the 

digits of the hand263 as well as for low intensity transcranial focused ultrasound264. While the 

method was able to produce viable reconstructions of the breast, the echogenicity of the material 

makes delineating the skin from the couplant difficult, and the couplant still required some water 

for coupling between the skin and the PVA.  

Polyacrylamide gels were one of the first synthetic gels to be described for use as a solid acoustic 

couplant265, and remain a common choice for ultrasound tissue mimicking phantoms245,248,250 and 

couplants230,242,266. PAA phantoms have been used for varied applications such as high intensity 

focused ultrasound (HIFU)245,267,268, shear wave elastorgaphy (SWE)269,270, segmentation 

algorithms271, additive manufacturing272, Doppler273, and quality assurance274,275. PAA has also 

been used as a substrate ultrasound- and mechanically-mediated tissue engineering276,277 and drug 

delivery278,279. PAA gels are generally optically transparent, well-matched acoustically to soft 

tissues, very low in attenuation, and easily adaptable to create different stiffnesses. Prior work has 

noted the hazards of the monomer compontents of polyacrylamide as a deterrent for use as a 

phantom or couplant254, however the polymerized material has repeatedly been found to be 

biocompatible242,266,276,277,280–283. Recently, Chen et. al. have developed a bilayer PAA couplant 

that allows for consistent pressure appliction and improves ultrasound quality on difficulty to 

image geometries such as the elbow230. The combination of a stiffer and a more compliant layer 
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allows for better adhesion of the couplant to the skin and reduces decopling around complex 

geometries. Simialrly, using a combination of PAA and chitosan, Wang et. al. developed a 

coupling gel to incorporate into a wearable adhesive ultrasound transducer242. This study examined 

the biocompatibility of the material when worn over a period of 48hr and found no adverse effects. 

Yi et. al 2020 investigated use of a polyacrylamide-alginate couplant for intraoral ultrasound and 

found good acoustic and biological compatibility266.  

PEGDA has more recently been invesrigated for tissue mimicking phantoms, with partiular 

application to the additive manufacturing of complex phantom shapes284–287, though it has been 

applied in the study of ultrasound-mediated drug delivery288, contrast agents289, and nonlinear 

acoustics290 as well.  Typicaly preparation including photoinitiation likely contributes to its 

populartiy in addivite manufacturing applications291.  The monomers used to create PEGDA are 

less hazardous than those used in PAAm gels, but the manufacturing process for molding these 

materials is more complex;they are less stable over time; and they have higher reported sound 

speeds, acoustic impedances, and attenuation coeffcients than polyacarylamide formulations of the 

same monomer concentration291. 

We chose to investigate PAA hydrogels based on the prior application as a couplant for complex 

geometries230 and long skin contact time242, the large body of prior work evaluating mechanical 

and acoustic properties, and reported low attenuation.  The advantage of this coupling pad would 

be reduced contact with water, additon of incredients that support the skin barrier, and reduced 

contact of the coupling medium with the space between the toes, which is particularly vulerable to 

skin softening and wound formation.  

6.3 Methods 
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Acyrlamide (A8887), N,N′-Methylenebis(acrylamide) (146072), ammonium persulfate (A3678), 

N,N,N′,N′-Tetramethylethylenediamine (TEMED, T7024), and alginic acid sodium salt (A2033) 

were purchased from Sigma Aldrich (Burlington, MA, USA) following the protocol of 230.  

Additionally, acetic acid (A6238), high-molecular weight chitosan (419419), and α-ketoglutaric 

acid  (75890) were purchased, also from Sigma Aldrich, following the protocol of 242.  

An initial test was performed to determine the ideal monomer concentrations to obtain the desired 

stiffness for phantom coupling. Based  previously reported methods 230,242, initial concentrations 

of monomer, crosslinker, and initiatior (Table 6.3-1) were mixed in 10mL of water. Discs 1-4 use 

free redical polymerization initiated by TEMED and ammonium persulfate and polymerized at 

room temperature for 12 hours. Disc 5 uses light-initiated poylmerization and was polymerized 

under UV light for 1 hour.  

Acrylamid
e (w/w) 

N,N’-
methylenebi

s(acrylamide
) (w/v) 

TEME
D 

(v/v) 

Ammonium 
persulfate 

(w/v) 

Algin
ate 

(w/v
) 

Chitosa
n 

(w/w) 

-

ketogluarti
c acid 

(w/w) 

acetic 
acid 

(w/w
) 

10% 0.05% 0.15% 0.05% 
    

12% 0.07% 0.15% 0.05% 
    

15% 0.10% 0.15% 0.05% 
    

12% 0.10% 0.15% 0.05% 2% 
   

15%         3% 0.30% 1% 

Table 6.3-1: Initial concentrations matching those previously reported. 

After initial manufacture, the resulting gels were found to be brittle. They were not resistant to 

localized forces and failed catastrophically when squeezed between fingertips with moderate force. 

For loadbearing applications, load is distrbuted unevenly, and curvatures are likely to create stress 

risers. Previously, chitosan242,245 and alginate230 have been added to increase toughness in 

hydrogels. We performed additional experiementation to obtain a gel that was sufficiently stiff to 
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hold a molded insole shape yet also tough enough to resist catastrophic failure under uneven 

bodyweight loading.  

In order to assess the ability of the material to resist fracture under bodyweight loading, creep/stress 

rupture tests were performed using test discs made from serial additions of acrylamide (monomer), 

N,N’-mehtylenebis(acrylamide) (crosslinker), and chitosan and its accompanying solvent, acetic 

acid (strengthener and toughener) (Table 6.3-2).  

Acrylamide N,N’-
methylenebis(acrylamide) 

Chistosan Acetic Acid 

10 0.01,0.2,0.03,0.04, 0.05 
  

10 0.02 0.25,0.5,0.75,1, 1.25, 

1.5, 1.75 

0.03,0.03,0.05,0.08, 

0.11, 0.14, 0.14,  

8,9.5,11,12.5,14 0.02 
  

12 0,0.01,0.2,0.03,0.04,0.05 
  

12 
 

0,0.25,0.5,0.75,1,1.25, 

1.5, 1.75 

 

14,16,18,20,22 0 0 0 

14 
 

1,1.1,1.2,1.3,1.4,1.5 0.03,0.03,0.05,0.08,0.

11, 0.14 
16 

 
0.9,1,1.1,1.2,1.3,1.4 0.03,0.03,0.05,0.08,0.

11,0.14 
14,16,18,20,22 0.01 

  

Table 6.3-2: Variations in monomer, crosslinker, and additive concentrations tested. 

Based on the results of these initial tests, additional test concentrations were developed to narrow 

down the range of conditions that would work for the different scan conditions (Table 6.3-3). These 

gels were also subjected to creep/stress rupture testing.  

Acryalmide N,N’-

methylenebis(acrylamide) 

Chistosan Acetic Acid 

15 0.01 1.25 0.16 

16 0.01 1.55,1.8 0.16 

18 0.01 1.55,0.5 0.16,0.2 

20 0.01 0,0.1,0.25,0.5,1.25 0.03,0.03,0.03,0.2,0.2,0.16 

22 0.01 1.25 0.2 
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25 0.01 0.5,1 0.03,0.25 

26 0.01 0.75 0.25 

28 0.01 0.75 0.25 

29 0.01 0.75 0.25 

30 0.01 0.5 0.25 

Table 6.3-3 Additional Acrylamide and Chitosan combinations tested after the initial round of 

mechanical testing to refine the best formulas for each couplant needed. 

Test solutions were degassed, poured into 14mm diameter x 10mm tall discs for mechanical testing 

and for speed of sound testing, UV cured for 1 hour at 302 nm, and submerged in a 1M CaCl 

solution overnight.  

6.3.1 Mechanical testing 

Stress rupture testing was performed using an Instron E3000 fitted with a 1kN load cell. The 

desired load resistance was calculated from average peak plantar pressure in people with and 

without diabetes. Typical static peak plantar pressures range between 250-300kPa. The desired 

length of the test was based on the maximum scan time for the loaded scan. The loaded scan is 

anticipated to take no longer than 10 min, and therefore, a 15 min hold time was chosen. Finally, 

the strain rate was based on a typical sit-to-stand time of 1.7-3 seconds for the anticipated age 

range of the target population292. Using an approximate plantar soft tissue compression of 50% 

and the sample height of 10mm, the calculated displacement rate was (10mm*0.5)/2.35s = 

2.1mm/s Therefore, discs were compressed to either a load equivalent to 250 kPa or the safe lower 

displacement limit of the test machine, whichever occurred first, at a rate of 2mm/s and the load 

was held, in force control, for 15 min, or until rupture or the displacement limit was reached. 

Displacement and force were recorded, and the initial ramp modulus, maximum test time, 

maximum pressure, hold strain, and creep displacement were calculated for each sample using 

custom MATLAB code.   
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6.3.2 Speed of sound testing 

In order to ensure the couplant 

was within reasonable acoustic 

ranges, an acoustic 

measurement was derived from 

the ultrasound image. Using the 

assumed sound speed set by the 

ultrasound machine, c,  and the 

distance between the reflections 

in the resulting image, d, the 

time between surface reflections, t, in the sample was calculated using the equation t = 2d/c. 

36x14x2mm rectangular strips  were molded from the same solution and using the same protocol 

as a subset of the the mechanical testing discs  (Table 6.3-3 and the last three rows of Table 6.3-2). 

Rectangular samples were removed from CaCl2 solution and secured in a custom-designed clamp. 

The clamp was designed to allow the sample to be submerged in water to allow for accurate sound 

speed measurements. The thickness of the rectangular sample was measured no less than 4 times 

using digital calipers immediately before imaging.  Images were taken at all twelve available sound 

speeds using the general preset of the SL18-5 probe of an Aixplorer (SuperSonic Imagine, Aix en 

Provonce, France). Images were acquired using the MATLAB research interface in order to extract 

the pixel resolution of the images. Distance measurements were atuomatically calculated using 

image-specific thresholds via custom MATLAB code. Distances were calculated both between the 

reflective faces of the sample and between the transducer and the bottom of the water bath. The 

distance between the transducer and the water bath was measured using digital calipers. The speed 

of sound through the sample and through the water was calculated as the digital caliper 

Figure 6-1: Representative example of sound speed distance 

calculation. Multicolored circles indicate location of top and 

bottom of sample and water bath measured by the software. L: 

image taken at 1440 m/s, M: image taken at 1500 m/s, R: 

image taken at 1540 m/s. Note the difference in the appearance 

of point scatters at different assumed sound speeds. 
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measurement divided by the change in time. Water measurements were compared to known values 

based on temperature, pressure, and salinity293–296  in order to validate measurements.   

6.3.3 Mold designs  

Three different molds were designed to  for data collection: one for weightbearing foot coupling, 

one for non-weight bearing foot coupling, and one for coupling the transducer to the underside of 

the plate. Due to the higher deformation under bodyweight loading, the weighted gel conforms 

more to the foot shape, requiring a less detailed mold. Additionally, curves and corners introduced 

in the mold can make the gel more difficult to stand on and introduce stress concentrations, making 

it more likely that the gel will fractue. Therefore, the weighted gel mold consisted of a simple, 

mostly flat rectangle with a gentle vertical slope in the area of the arch.  

In contrast, the unweighted gel undergoes minimal deformation, requiring a more sculpted initial 

shape to allow for conformation to the foot geometry. The unweighted gel mold was designed with 

deeper indentations for the metatarsal heads and heel, and shallower indentations along the midfoot 

and toes, raised areas at the mid-toe, where the toe typically naturally curves up at rest and at the 

arch. This design was chosen to maximize contact between the foot and the gel pad for optimal 

imaging area while keeping in mind the vulnerability of the regions between toes. 

The transducer coupling mold was designed as a rectangular box with the positive of the transducer 

housing embedded. The resulting gel fit exactly to the top of the transducer housing and had a flat 

top surface to couple to the flat surface of the plate. The mold had a 5.84mm clearance between 

the top surface of the positive of the transducer and the top edge of the mold.  

Gel molds were printed at 50% (A-P) x 35% (M-L) x 50% (S-I) (weighted), 60% (A-P) x 40% 

(M-L)x 40% (S-I) (unweighted), and 55% (axial) x 55% (lateral) x 50% (elevation) (probe) of 
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desired dimensions to account for the 

swelling that the gels underwent during 

curing, soaking, and storage in CaCl 

solution. Molds were printed in clear PLA 

on an Ultimaker S5+.  The clear PLA allows 

for UV light to pass through, which is 

necessary for UV-induced free radical 

polymerizaton.  

6.3.4 Mold testing 

Following mechanical and molding tests, 

three gels were molded, one for each of the 

three molds described above. Couplants 

were demolded and submerged overnight in 

a 1M CaCl2 solution as escribed above, and 

then rinsed with tap water and submerged in 

a 0.9% NaCl solution two hours before use 

to further reduce risk of contamination with 

unreacted products and remove potentially 

drying agents from the gel surface. One 

subject was recruited as part of an IRB-

approved study, and images of the foot were 

taken through the transducer couplant, the 

HDPE plate, and the skin gel couplant to 

assess the quality of the images through the gel.  

Figure 6-2: Top left: CAD design of 3D printed 

mold for the coupling gel for the unweighted 

condition. This mold includes a n elevated foot 

shape with a curved depression designed to create 

contact with the irregular geometry of the arch and 

the curve of the toes. The bottom of the mold is at 

an angle to allow the required arch height while 

allowing sufficient UV light through the mold for 

curing.  Top right: CAD design of the mold for the 

gel for the weighted condition. The mold is mostly 

flat except for a gentle slope in the arch. Bottom: 

mold for the transducer couplant gel consisting of a 

hollow, 5-sided rectangular prism with the positive 

of the probe geometry inside. 
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6.4 Results  

Due to the limitations of the 

test (leaving a vertical buffer 

to avoid damage to the 

mechanical test system), 

samples below 12mm in 

height (after expansion 

during soaking) were unable 

to achieve the desired peak 

force and hold pressure 

(Figure 6-3). Monomer 

concentrations below 20% were not capable of reaching and sustaining the desired peak pressure.  

Among solutions that were capable of reaching and sustaining the target loads, total creep over the 

duration of the test varied between 0.03 - 0.82mm (Figure 6-4, Left). Restricting these results to 

Figure 6-3: The peak force and displacement reached in each 

sample test. Facets are sample height. Samples below 12 mm in 

height did not reach the desired loads. 

Figure 6-4: Left. Tested materials that meet the criteria of creep pressure greater than 200kPa 

and test length greater than 750 seconds. Right. Subset of the same figure with samples that meet 

stricter criteria of creep displacement less than the target resolution of 0.3mm, creep pressure 

>300kPa, and test length > 850 seconds. The ideal sample is in the top left of the plot. The six 

samples selected as best meeting the goal of a strong, tough, resilient gel for weight bearing 

scans are located in the top center of the graph between 375 kPa and 500kPa and 0.1 mm and 

0.15 mm. (in circle) 
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samples where the total creep was lower than the target resolution of the system (0.3mm) left 32 

candidate mixtures (Figure 6-4, Right). Among these, the samples with the most desirable 

combinations of high 

load tolerance and low 

creep displacement were 

composed of combined 

acrylamide and chitosan 

content of over 23% by 

weight. 

The elastic modulus was 

positively correlated 

with acrylamide, 

chitosan, and N,N’-methylenebis(acrylamide) content (Figure 6-5). The ramp loading curves were 

nonlinear (Figure 6-7), and the creep curves demonstrated higher initial relaxation moduli before 

leveling off.  

Sound speed was not correlated with acrylamide or N,N’-methylenebis(acrylamide) content 

(Figure 6-6). However, while the variability within each acquisition was low, the variability 

between acquisitions was high, which could indicate some error in either the caliper measurements 

or the image processing. Ultimately, the sound speeds measured both within the gels and within 

the water, were largely within expected and acceptable ranges despite the low resolution of the 

measurements.  

Figure 6-5: The modulus measured during the ramp portion of the 

mechanical test was positively associated with acrylamide content (x 

axis) and crosslinker content (border color). Plotted samples exclude 

those with heights less than 11mm as low height may confound results 

due to strain limits. 
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Based on these results, the final weightbearing couplant gel was molded as a bilayer with the larger 

layer closest to the skin made from 22% acrylamide, 0.01% N,N’-methylenebis(Acryalmide), 

0.85% chitosan, and 0.2% acetic acid and the thinner, layer, in contact with the plate, made from 

30% 

acrylamide, 0.01% N,N’-methylenebis(Acryalmide), 0.85% chitosan, and 0.2% acetic acid. The 

non-weightbearing gel was molded also in a bilayer from 9.2% acrylamide, 0.01% N,N’-

methylenebis(Acryalmide), 0. 5% chitosan, and 0.25% acetic acid in the layer closest to the skin 

and 16% acrylamide, 0.01% N,N’-methylenebis(Acryalmide), 0.85% chitosan, and 0.2% acetic 

Figure 6-7: Left. Loading stress-strain curve for the six best samples, representative 

of the shapes of all curves. Stress-strain behavior is nonlinear. Right. Creep 

displacement for the best six samples illustrating sharp initial displacement followed 

by slow creep. Curves for other samples varied depending on how much the sample 

strained and whether it failed. 

Figure 6-6: Sample 

speed of sound is not 

correlated with 

acrylamide content. 

Standard deviation of 

measurements within 

sample are shown as 

marker size and marker 

shape represents 

measured speed of sound 

in water for that sample 

as a rating of confidence 

in the measurement. 

Circles are closer to the 

expected speed of sound 

in water.  
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acid in the layer in contact with the plate. This bilayer structure allows for better conformation to 

the plantar geometry with the softer skin contact layer while retaining the resilience and shape of 

the stiffer bottom layer. These gels performed well as acoustic couplants. (Figure 6-8)  

The transducer coupling gel was molded out of 30% acrylamide, 0.01% N,N’-

methylenebis(Acryalmide), 0.85% chitosan, and 0.2% acetic acid, which produced a strong, tough, 

and elastic gel that effectively coupled and cushioned the transducer while imaging along the 

curved surface of the load-bearing plate. The images obtained through the plate and two gels were 

good, with clear skin, fat, and bone boundaries (Figure 6-8).   

6.5 Discussion 

Hydrogels have long been used as both ultrasound phantoms and acoustic couplants due to their 

acoustic similarity to soft tissue. Prior work has developed acoustic couplants with varying 

stiffness, toughness, acoustic 

impedance, speckle texture, 

and attenuation for varied 

acoustic and clinical 

applications. However, for the 

novel application of 

loadbearing ultrasound, the 

required acoustic couplant 

capable of retaining its 

structure over the course of a 

loadbearing acquisition has not 

previously been investigated. This work extends prior knowledge to applications with large, 

Figure 6-8: Images taken at the midfoot of the unloaded 

(top) and loaded (bottom) conditions through their respective 

gel couplants. Skin, fat, and bone are all distinguishable 
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sustained loads common in musculoskeletal applications, demonstrating that polyacrylamide gels 

with combined arylamide and chitosan content of at least 23% by weight are capable of 

withstanding bodyweight equivalent loading for at least 15 minutes. Furthermore, a design for a 

bilayered gel mold was demonstrated to be effective at coupling the varied plantar topography 

during seated and weightbearing acquisitions.  

Prior work has established a positive correlation between both acrylamide content269,276,297,298 and 

modulus and crosslinker content269,276,297–300 and modulus (Figure 6-9, Left) up to an inflection 

point of crosslinker content297 at around 40% of the acrylamide content within a sample.  This 

finding is again replicated in the current results. However, prior work has recorded lower moduli 

at the ranges of acrylamide tested for the load bearing couplant (Figure 6-9, Left). One large 

difference in methods between these works and the present work is the peak strain of the 

mechanical tests. Peak strain in prior compression tests ranged from 8%-35% (Figure 6-9, right), 

but in this work the peak strain is around 90% for most samples. Given the nonlinear shape of the 

loading curve, this difference could account for the higher moduli measured. Some of this 

difference could be attributed to differences in testing methods, as values derived from indentation 

tests are not always directly comparable to those from macro scale compression tests, particularly 

for nonlinear or viscous materials. Prior work has used displacement rates of 0.008 mm/s – 

0.08mm/s, equivalent to 16-20%/s. While the displacement rate used here is higher (2.1 mm/s) it 

is similar in strain rate (~21%/s), and is therefore unlikely to contribute to the higher moduli. 

Interestingly, Troia et. al report rupture of the 10% acrylamide, .5% N’,N-

methylenebis(acrylamide) gel at around 40% strain. This aligns with our qualitative observations 

that lower acrylamide and higher crosslinker combinations are more brittle.   
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Figure 6-9: Left. Prior work evaluating changes in elastic modulus with acrylamide and 

crosslinker content demonstrating positive correlations for both. The magnitude of the moduli in 

prior works is lower than those presented here. This may be due in part to testing methods. Right. 

Prior work of compression tests only, with size represented by displacement rate and shape 

represented by peak strain. Peak strains from prior work are 2-10x lower than those in this study. 

Previously, both acrylamide content and N’,N-methylenebis(acrylamide) content have been 

positively correlated with sound speed, density, attenuation, and acoustic impedance (Figure 6-10).  

In contrast, the measured speed of sound for the present work were not strongly correlated with 

either acrylamide or N’,N-methylenebis(acrylamide) content, and were larger in magnitude than 

those previously 

recorded. While the 

addition of chitosan 

in could contribute to 

the overall larger 

magnitude, as prior 

work on chitosan thin 

films have measured 

1500 m/s and 1660 

m/s from 0.05 %w/v Figure 6-10: Effect of Monomer and crosslinker content on speed of 

sound, attenuation, density, and acoustic impedance 
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to 1.4%w/v chitosan formulations301, the methodology used to estimate speed of sound through 

the material likely contributes to this discrepancy. This methodology also overestimated the speed 

of sound through water for many samples and estimated a wider range of sound speeds than 

expected based on calculations using ambient temperature, pressure, and salinity.  The variation 

in estimated speed of sound through water was about 3.7 times larger than expected and the 

variation in speed of sound through samples was 6 times larger than expected based on prior work. 

Modern ultrasound machines perform complex processing of hundreds of send-receive signals to 

create a clear image. This may include dynamic focusing, dynamic speed of sound adjustment, or 

harmonic imaging. As a result, this estimation of speed of sound using the on-screen image may 

not be feasible. Additionally, the image processing uses a simple threshold and edge detection 

method to identify the gel and bottom surface of the water bath. There may be an error is this 

distance measurement on the order of a few pixels, which could increase error in the estimation. 

This method also relies on an accurate measurement of the sample thickness. These gel materials 

are highly compressible, making accurate measurements using digital calipers difficult. Finally, 

the images for these measurements are taken in a pure water bath. While the measurements are 

performed quickly, there is potential that the hydrogel materials swell when submerged in a 

hypotonic solution, further increasing the error of the thickness measurements. A more rigorous 

treatment of the speed of sound for each of these materials would help inform choice of material 

for scan coupling as this information could help tune the reflection due to impedance differences 

between the skin, gel, and plate, as well as attenuation through the gel to improve image quality.  

Few works have attempted to couple irregular geometries for a regularized scan or normal weight 

bearing ultrasound. Among these, coupling methods for volumetric scans have included water 

baths97,98,263,302,303 and combinations of water baths and stiff PVA material263,303 and have not 
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attempted weight bearing. Among those that have attempted load bearing, coupling methods 

included ultrasound gel104,187,192,304, commercial standoff pads305, or were not reported306. A 

custom-molded load bearing solid couplant gel could improve data acquisition protocols for 

applications such as residual limb imaging97,98, whole breast ultrasound263,307 , and dynamic in vivo 

measurement of plantar soft tissue properties305,306 and other biomechanical study. Additionally, 

the high extensibility and elastic recovery of these materials could be useful for dynamic 

applications where contact is required throughout a large range of motion such as the in-shoe 

ultrasound305,306.  

Similarly, many 3D ultrasound applications use a water bath to couple the transducer to the 

imaging surface97,98,263,302,308. Creating water-compatible mechanical and electrical systems and 

protecting the transducer during submersion poses engineering challenges. Other approaches use 

ultrasound gel, but this can be similarly difficult as the gel must cover a large area and can become 

sticky as the aqueous component evaporates. The transducer couplant described in this work is 

custom molded to the transducer, secured to the transducer, and maintained high quality coupling 

over the course of several hours, making it more versatile for both mechanically translated and 

freehand volumetric ultrasound.  

There are several areas where this work could be improved. First, there was substantial noise and 

possibly error in the speed of sound measurements. A more rigorous treatment of the speed of 

sound of these gel couplants could improve selection of the appropriate concentrations for 

matching to the transducer, the plate, and the skin and reducing reflections between those layers. 

Much of the signal lost in imaging through the couplants and the plate is lost to reflection, and 

tuning the density and speed of sound of the couplants could reduce this loss as well as reduce 

image artifacts related to strong reflection. Second, these gel couplants do use formulations of 
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toxic monomers. While the safety of the polymerized material has been repeatedly demonstrated, 

and steps were taken to mitigate risks of unreacted products, it is possible that similar material and 

acoustic properties could be obtained from less hazardous components.  Due to time constraints, 

the mechanical data do not include repeated measurements over time, and the effect of storage on 

material properties and image quality were not tested. Polyacrylamide gels have previously 

demonstrated small changes in properties over time with different storage conditions, though less 

changes than hydrogels with different base polymers250. Future work should consider the effects 

of storage on the quality of these gels.  

6.6 Conclusion 

This work demonstrates that acoustic coupling gels with >23%wt combined acrylamide and 

chitosan are capable of withstanding bodyweight loading with minimal creep, further expanding 

the known applications and material properties of polyacrylamide, polyacrylamide-chitosan 

hybrid, and bilayered hydrogels. Furthermore, custom molded gels of single and bilayer 

formulations can effectively couple irregular geometries under variable loads, increasing the 

potential applications of volumetric ultrasound, particularly in areas or populations that are 

vulnerable to skin injury from long-term water submersion.  

6.7 Graphical Abstract 
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7 A method for automated masking and calculation of plantar pressure 

metrics using segmented computed tomography scans  

This work is under review in the journal Gait & Posture.  

7.1 Abstract 

Plantar pressure, a common gait and foot biomechanics measurement, is typically analyzed using 

proprietary commercial software packages. Regional plantar pressure analysis is typically reported 

in terms of underlying bony geometry, and recent advances in image processing have made 

computed tomography, radiographs, and magnetic resonance imaging more common in 

biomechanical study. A plantar pressure analysis method was developed based on bony geometry 

from computed tomography scans to calculate peak pressure, pressure time integral incorporating 

sub-peak values, force time integral, pressure gradient, and pressure gradient angle. Static and 

dynamic plantar pressure were acquired for 4 subjects (male, 65 ± 2.4 years). Plantar pressure 

variables were calculated using commercial and computed tomography-based systems. The 

difference between peak pressure and force time integral computed using the bone-based software 

and commercial software was 6% on average. Region masks of the metatarsals and toes differed 

between commercial and computed tomography-based software due to subject-specific bone 

geometry and toe shape. Pressure time integral values incorporating sub-peak pressure were higher 

and demonstrated higher relative hindfoot values compared to those without. Removing step-on 

frames to static pressure analysis decreased forefoot pressures. Regional maps of peak pressure 

and maximum pressure gradient demonstrate different peak locations. Computed tomography-

based regional masks are comparable to commercial masks. Inclusion of static step-on frames and 

sub-peak pressures may change regional plantar pressure patterns. Differences in location of 



190 

 

maximum pressure gradient and peak pressure may be useful for assessing subject specific injury 

risk. 

7.2 Introduction 

Plantar pressure, a measure of the force exerted through the foot during various activities 

normalized by the contact area, is a common metric in biomechanical analysis of gait, foot bone 

deformities, and plantar soft tissue pathology. Changes in peak plantar pressure have been 

associated with peripheral neuropathy 8,309, diabetes-related ulceration 310,311, and bony deformities 

312, and has been suggested as a predictive clinical tool 311. Additional metrics have also been 

derived from plantar pressure, such as pressure time integral (PTI), which is used to estimate the 

cumulative spatial load 313, and plantar pressure gradient (PPG) and pressure gradient angle (PGA), 

which are used to estimate shear stress or complex loading 314,315, which has been associated with 

increased risk of ulceration in plantar soft tissue affected by diabetes. Increased PPG and decreased 

PGA have also been associated with diabetes315.  

Often, plantar pressure metrics are subdivided into plantar regions as foot mechanics are complex 

and load bearing changes both spatially and temporally over the course of gait and standing. 

Regional plantar pressure analysis is typically performed using commercial software packages 

associated with plantar pressure collection systems. However, these packages can be inflexible to 

developing new metrics, such as PPG and PGA listed above, new masking schemes, or changing 

the method of calculation for a predefined metric. In particular, the method of calculating PTI for 

some commercial systems tends to be highly correlated to the peak pressure as it is a summation 

of peak pressures only 316, and does not take sub-peak pressures into account. The lack of flexibility 

in these commercial software packages, while reducing risk of user error, increases difficulty when 
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comparing metrics calculated using different systems or attempting to extend plantar pressure 

evaluations with new measurements.  

Regional plantar pressure analysis uses regions largely defined by underlying bone geometry, with 

common regions including forefoot (distal metatarsals and proximal phalanges), toes (distal 

phalanges), hindfoot (calcaneus), and medial and lateral midfoot (proximal metatarsals, cuboid, 

navicular, and cuneiforms). Therefore, for studies that utilize computed tomography (CT) for 

geometric bone analysis or biplanar fluoroscopy for gait analysis, an automated plantar pressure 

analysis based on registered CT scans could be useful as the bones are often already segmented 

for these tasks. This work aims to create a flexible, automated, and platform-independent method 

of analyzing plantar pressure data based on segmented CT scans.  

7.3 Methods 

Four subjects (male, age 65 ± 2.4 years) were recruited for an IRB-approved study through the 

Veteran Affairs Puget Sound Health Care System. A single static plantar pressure trials and at least 

three dynamic plantar pressure trials at a self-selected speed were taken using the emed X plantar 

pressure platform (novel, St. Paul, MN, USA).  

Plantar pressure regional analysis was performed using both traditional commercial software 

(novel, St. Paul, MN, USA) and the custom CT-based software. For the traditional commercial 

analysis, the 11-region novel mask was applied to each static and dynamic trial using the automask 

program. The peak pressure, PTI, and force-time integral (FTI) were calculated for each mask 

using the multimask evaluation program. Regional variables were exported to a text file and an 

additional variable, PTI_F was calculated as FTI divided by contact area as previously reported316.  
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Partial weight-bearing CT scans were acquired using the CurveBeam Line Up (Hatfield, PA,USA). 

Scans were acquired using the Large patient Large FOV setting (120 kV, 5mA) for optimized bone 

contrast.  

Bone masks (all toes, all metatarsals, all cuneiforms, calcaneus, navicular, and cuboid, n=16 total) 

were segmented from each CT scan using Mimics (Materialise, NV Leuven, Belgium). Bone 

masks were exported from Mimics to .bmp file format as opaque colorations overlaid on the 

original images in the coronal plane. These images were converted into a bone label map using 

custom MATLAB code. The three-dimensional bounding box and centroid of each bone were 

calculated from the label map using the built-in function regionprops3. The transverse plane 

coordinates of the bounding boxes and centroids for each bone (Figure 7-1, left) were used to 

compute 11 regional masks as follows (Figure 7-1, right). 

The medial-lateral boundaries of the hallux mask were defined as the midpoint between the hallux 

and second phalangeal centroids and the medial limit of the hallux bounding box. The anterior-

posterior boundaries were defined as the centroid of the hallux and the anterior extent of the hallux 

and second phalangeal bounding boxes.  

The medial-lateral boundaries of the second to fifth toes mask were defined as the midpoint 

between the hallux and second phalangeal centroids and the lateral limit of the fifth phalangeal 

bounding box. The anterior-posterior boundaries were defined as the centroids of the second to 

fifth toes posteriorly and the anterior extent of the second, third, and fifth phalanges. 

The medial-lateral boundaries of the first metatarsal head mask were defined as the midpoint 

between the first metatarsal and second metatarsal centroids and the medial limit of the first 

metatarsal bounding box. The anterior-posterior boundaries were defined as the midpoint between 
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the first metatarsal and second metatarsal centroids and the midpoint between the hallux and 

second phalanx centroids. 

The boundaries of metatarsal heads two to four were defined as the midpoints between adjacent 

centroids of metatarsals and phalanges. The boundaries of the fifth metatarsal were mask were 

defined as the midpoint between the fourth and fifth metatarsals or phalanges, and the lateral extent 

of the fifth metatarsal and fifth phalanx bounding boxes.  

The boundaries of the lateral midfoot mask were defined by the lateral extent of the fifth metatarsal 

and the midpoint between the lateral extent of the fifth metatarsal lateral extent of the calcaneus 

bounding box laterally and the centroid of the intermediate cuneiform and the midpoint between 

the centroids of the second and third metatarsal medially. The anterior-posterior boundaries were 

defined by the midpoints between centroids of third to fifth metatarsals and the lateral bounding 

box of the fifth metatarsal anteriorly and the centroid of the intermediate cuneiform and the 

bounding box of the cuboid posteriorly.  

The boundaries of the medial midfoot bounding box were defined by the centroid of the 

intermediate cuneiform and the midpoint between the centroids of the second and third metatarsal 

laterally and the bounding box of the first metatarsal and the calcaneus medially. The anterior-

posterior boundaries were defined by the midpoints between centroids of second and third 

metatarsal heads and the anterior bounding box of the navicular anteriorly and the anterior 

bounding box of the calcaneus posteriorly. 

The boundaries of the hindfoot were defined by the bounding box of the calcaneus extended 

posteriorly, the medial extent and lateral extent of the calcaneus bounding box, the centroid of the 

intermediate cuneiform, and the posterior extent of the cuboid bounding box.  
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Some of the bounding boxes were extended by a small margin in order to account for the extension 

of the soft tissue past the bone. These offsets were determined empirically based on CT scan 

projections (Figure 7-1).  

 

Figure 7-1: Left: Bone centroids and bounding boxes overlaid on project of CT intensity values 

through the interior-superior axis. Right: Plantar pressure mask defined by bony landmarks in the 

CT scan. 

Each plantar pressure trial was registered to the summed projection of the CT along the superior-

inferior axis. Using this summation-projection allows registration of the CT soft tissues to the 

outline of the plantar pressure. The CT projection was binarized using Otsu’s method317 to obtain 

the weighted skin outline, and the plantar pressure was binarized using a threshold of all sensors 

with pressure measurements over zero. Angular registration was performed by calculating the sum 

of absolute differences (SAD) metric across angles between -14 and 10 degrees in increments of 

1 degree and selecting the angle for which the metric was minimized. Translations were calculated 

as the difference between the bounding boxes of the binarized, rotated CT and binarized plantar 

pressure map. The registration rotations and offsets were applied to the CT-generated masks to 

calculate the plantar pressure masks.  

These masks were used to calculate peak plantar pressure, FTI, two definitions of PTI, pressure 

gradient (PPG) and pressure gradient angle (PGA). Mask overlays were compared visually to the 

11 region built-in mask calculated by the novel automasking and multimask software. For 
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variables that are reasonably expected to be similar between methods (Peak pressure, FTI, PTI_F), 

differences and percent differences were calculated between methods for each trial.  

The pressure time integral was calculated as the spatial and temporal sum of all sensors in a region 

multiplied by the time step. 

𝑃𝑇𝐼 = ∑ ∑ ∑ 𝑃(𝑥𝑖,𝑣, 𝑦𝑗,𝑣)(𝑡𝑣 − 𝑡𝑣−1)

𝑀

𝑗=1

𝑁

𝑖=1

𝑇

𝑣=1

 

As all time steps are equal and thus the t term is constant, this can also be written as  

𝑃𝑇𝐼 = 𝑡 ∑ ∑ ∑ 𝑃(𝑥𝑖,𝑣, 𝑦𝑗,𝑣)

𝑀

𝑗=1

𝑁

𝑖=1

𝑇

𝑡=1

 

Similarly, the force-time integral was calculated as the spatial and temporal sum of the force 

measured by all sensors in a region multiplied by the time step, where the force is calculated by 

multiplying the pressure by the sensor area. 

𝐹𝑇𝐼 = 𝑡 ∑ ∑ ∑ 𝑃(𝑥𝑖,𝑣, 𝑦𝑗,𝑣) ∗ 𝐴𝑠𝑒𝑛𝑠𝑜𝑟

𝑀

𝑗=1

𝑁

𝑖=1

𝑇

𝑡=1

 

A prior investigation used the force time integral to compute an alternative pressure time integral 

within the confines of commercial software. Their definition of the force time integral divided by 

the contact area is equivalent to the average pressure time integral over the mask area.  

𝑃𝑇𝐼𝐹 =  
𝐹𝑇𝐼

𝐶𝐴
=
𝑡 ∑ ∑ ∑ 𝑃(𝑥𝑖,𝑣, 𝑦𝑗,𝑣) ∗ 𝐴𝑠𝑒𝑛𝑠𝑜𝑟

𝑀
𝑗=1

𝑁
𝑖=1

𝑇
𝑡=1

∑ ∑ 𝐴𝑠𝑒𝑛𝑠𝑜𝑟
𝑀
𝑗=1

𝑁
𝑖=1

=  
∑ 𝑃𝑇𝐼𝑠𝑒𝑛𝑠𝑜𝑟

𝑁
𝑠𝑒𝑛𝑠𝑜𝑟=1

𝑁
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For static trials, there is step-on pressure information that may not be informative when considering 

long-duration static loading. Therefore, these initial dynamic frames were removed by calculating 

the number of active sensors in each frame, identifying the time point where the number of active 

sensors reaches steady state as the point where the derivative of the number of active sensors is 

below 0.001, and taking only frames after the steady state point for parameter calculations. For 

dynamic trials, all frames were used for peak pressure, PTI, and FTI. 

The PPG and PGA were calculated only for dynamic trials as previously reported315,318,319. The 

pressure gradient was calculated as the maximum of the difference between a pressure value and 

its surrounding 8-sensor neighborhood normalized by the distance between the centers of the 

sensors. The pressure gradient angle was calculated as the difference between the direction of the 

pressure gradient at each time step and the direction of the pressure gradient at the same sensor for 

the previous time step. The maximum of these time-varying values within a region is reported as 

the Max pressure gradient (MPG) and max pressure gradient angle (MPGA) for each subject. In 

order to avoid selection of the border pixels of the plantar pressure map, these pixels are removed 

from the analysis.  

In order to compare differences between automasking methods, the peak pressure from each region 

of each dynamic trial was compared using both differences and percent error between matching 

trials, across all trials for each subject, and across subjects. To assess the effect of the removal of 

step-on frames from the static trials, the same metrics were calculated for static trials.  

7.4 Results   

The SAD-based registration of plantar pressure and CT soft tissue binary maps was qualitatively 

acceptable. Visually, the CT-based and commercial automasking created similar masking areas. 
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The first metatarsal, fifth metatarsal, and midfoot regions were the most different between 

methods, with occasional clear deviations in the hallux-toe boundary.  

Overall, dynamic peak pressures using the commercial method were about 6.5% lower than 

dynamic peak pressures using the CT-based method (Table 7.4-1).  Differences varied by region, 

but regional trends remained similar (Figure 7-2).  FTI and PTI_F, which are calculated similarly 

between the two metrics, is 4.7% higher on average in dynamic trials using the CT method 

compared to the commercial method. Again, the deviation varies by region but regional trends 

remain intact (Figure 7-2).  

Table 7.4-1: Average differences between the commercial method and the CT-based method by 

region and overall for both static and dynamic peak pressure, PTI, PTI_F, and FTI. 
 

Toes Forefoot Midfoot Hindfoot total 
overall 

average 

Peak, dynamic -11% -1% 14% 1% 1% -6.5% 

Peak, static 59% 32% 43% 25% 25% 29% 

PTI, dynamic -1613% -1985% -2230% -7205% -2199% -2615% 

PTI, static -239% -1217% -666% -4206% -4075% -1610% 

PTI_F, dynamic 18% 12% 38% -167% -8% -6.4% 

PTI_F, static 70% 32% 65% -142% 10% 18% 

FTI, dynamic 1% -7% 41% -11% 0% -4.7% 

FTI, static 54% 34% 71% 27% 34% 33% 

 

In contrast, the static pressures calculated by measuring only those frames which occurred after 

step-on were on average 29% lower than those calculated by the commercial software including 

step-on frames.  Similarly, the PTI calculated as the sum of all pressures in a given region over 

time rather than just the peak pressures was 1610-2615% higher than those calculated as the sum 

of the peak pressures over time. The regional trends of the static and dynamic PTI differed between 

the two methods, with the heel sustaining higher total loads relative to the rest of the foot over the 
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loading time in the CT-based method compared to higher summed peak pressures in the forefoot 

in the 

 

Figure 7-2: Per-subject regional peak pressure (top left)< FTI (Top right), PTI_F (bottom left) and 

PTI (bottom right) demonstrating similar trends for comparable dynamic metrics and differences 

in trends for static metrics and the different PTI definitions. 

Table 7.4-2: MPPG and MGPA by region, averaged across all subjects 

  HA Toes M1 M2 M3 M4 M5 LM MM HF 

MPPG 55.2 41.7 31.4 28.2 27.1 23.8 42.7 13.5 3.6 35.2 

MPGA 43.0 50.0 78.0 80.3 84.3 74.6 80.4 64.4 14.1 22.2 

 

commercial method. These differences in regional PTI trends may also reflect a change in pattern 

due to the removal of the step-on frames in the static trials.   
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The calculated maximum peak pressure gradient and maximum pressure gradient angle (Table 

7.4-2) are not available to calculate in the commercial software and therefore cannot be compared 

in the same way as peak pressure, PTI, and FTI.    

While the locations of peak pressure, PTI, and FTI are often correlated, the locations of the MPGA 

and MPPG calculated over the entire pressure map are not always consistent with the location of 

the peak pressure (Figure 7-3).  
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Figure 7-3: Spatial heat maps of peak pressure, PTI, FTI, MPPG, and MPGA for subjects A (top), 

B (middle), and D (bottom). Locations of peak values are sometimes but not always correlated 

between MPPG, MPGA, and peak pressure. Location of peak pressure is often correlated with 

location of peak PTI and FTI values 

 

7.5 Discussion 

This work presents a novel method to automatically calculate plantar pressure variables using 

segmented CT scans. Differences in peak pressure and FTI calculated using the two different 
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methods were 6% of the total value on average. Outliers among these differences were often 

clustered in the values at the toes, the first and fifth metatarsals, and the midfoot-heel boundary, 

likely due to differences in the way that the masks are defined. The commercial mask appears to 

apply a relatively even horizontal distance to the metatarsal head areas. However, the metatarsal 

heads are not always distributed evenly in the soft tissue, particularly under load. The CT-

projection method creates more variable metatarsal head widths and tends to place the first and 

fifth metatarsals closer to the sagittal midplane of the foot than the commercial software. This 

leads to larger first and fifth metatarsal areas and smaller second through fourth metatarsal areas. 

Additionally, the CT-based method calculates the midfoot-hindfoot border as the anterior 

boundary of the calcaneus, which places this boundary farther anterior than the commercial 

software. As a result, using the CT-based method, the midfoot values using are often lower and 

the hindfoot values higher than the commercial method.  

The PTI calculated using all pressure values was two orders of magnitude higher than the value 

calculated by the commercial software using only peak values at each time step. There was a 

marked variation in regional trends between the two methods. The values of PTI using the sub-

peak pressures were highest at the hindfoot in both static and dynamic conditions, followed by the 

first metatarsal, and lowest values at the toes, while the commercial PTI values were highest at the 

hindfoot for static acquisitions but at the hallux or second metatarsal for dynamic conditions. 

Differences between PTI values for high and low locations were also larger using the CT-based 

method. Furthermore, the regional pattern of the PTI and peak pressure using the commercial 

method are similar while using the CT-based method, the PTI is more similar in regional patterns 

to the FTI. These results indicate that there is an accumulation of higher sub-peak pressures at the 

hindfoot that are not captured by the commercial PTI metric, supporting the assertion of Melai et. 
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al [6]. Such high sub-peak loads could be indicative of cumulative damage during quiet activities 

of daily living that are not captured by the peak summation method.    

Removing step-on frames from static load acquisitions moderately affected peak pressure values 

and regional pressure distributions in this small sample. However, the reduced peak pressures at 

the forefoot indicate that when these frames are not removed they may artificially increase the 

measured peak pressure for static acquisitions and may not reflect pressures commonly 

experienced during daily life as the static acquisition protocol is not a common motion. 

Measurement of these frames could incorrectly flag forefoot areas as high risk using static pressure 

thresholds or disrupt secondary calculations using static data. Applications where static plantar 

pressure is used for stiffness calculations 31 or other applications where true quiet stance is 

important should take care to ensure these frames are not included.  

Prior work has based the calculation of pressure gradient and pressure gradient angle on only the 

location of the peak pressure36,318,319. However, the maximum pressure gradients and angles in this 

study did not always occur within the 8-pixel neighborhood of the peak plantar pressure. Use of a 

matrix approach for calculating MPPG and PGA allows visualization of PPG and PGA ‘maps’ 

which may better illustrate how the plantar pressure changes both spatially and temporally. 

Location of peak pressure and peak pressure gradient or peak pressure gradient angle taken 

together may explain more ulcer risk than location of peak pressure alone.   

In some cases, the commercial automasking software incorrectly labelled toe regions. While the 

pre-defined CT-based mask regions are more box-like and less adaptable to the curves of regions 

like the toes, complete mislabeling of entire pressure regions is more unlikely. However, the CT-

based method does suffer occasionally from assigning pixels on the borders of the regions 
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incorrectly due to the rigid lines. In particular, the CT-based method often underestimates the 

hallux FTI and overestimates the toe pressure relative to the commercial method due to the curve 

of the tissue at that location. Use of the weighted CT scan lends additional credibility to the 

pressure map masking as it is better able to reflect the subject-specific relationship between soft 

tissue area and underlying bone geometry, which could be additionally useful for studies in patient 

populations prone to bone abnormalities, such as patients with diabetes.  

There are several limitations to this work. First and foremost is the small sample size. While this 

sample is too small to validate statistical equivalence (peak pressure, FTI) or difference (PTI, 

removal of step-on frames), the calculated percent error and regional trends support the utility of 

this method. The use of segmented CTs limits the broader applicability of this method and 

contributes additional cost and concerns about radiation dosage. However, in cases where CT scans 

or MRI are already acquired and segmented for other outcomes of interest and where there is a 

desire for additional flexibility computing plantar pressure variables of interest, this methodology 

represents an efficient method for producing those results. As fields such as biplanar fluoroscopy 

and medical image processing advance, it may be more common to have a segmented bony 

anatomy available. Segmentation itself is also a significant time investment. However, automated 

tools are rapidly reducing the time required for this task and could be implemented for this method, 

as the calculation of bounding boxes does not require a high- quality segmentation. Finally, this 

method was only tested against a single commercial system and with normal foot anatomy. Many 

commercial systems calculate similar metrics using similar methods, making it likely that the CT-

based method performs well relative to these methods as well. Bony deformities, such as claw toe 

and partial foot amputations that are common with diabetes, can create issues in masking regions 

of plantar pressure as there may be changes in the plantar pressure shape used to define the masks. 
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Use of the weighted CT scan reflects the subject-specific relationship between soft tissue area and 

underlying bone geometry, which may be more robust to these challenges. However, the current 

software relies on presence of all 16 segmented bones and would need to be adapted for the case 

of missing bones. 

7.6 Conclusion 

This work contributes an alternative automated method for plantar pressure analysis and spatially 

extends two variables to further explore the explanatory power of plantar pressure. This method 

could make newer variables like MPG and MPGA more accessible, and provides a framework 

from which to build additional plantar pressure-based analysis.  
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8  A 3-D characterization of diabetic and non-diabetic plantar Soft tissue in 

vivo 

8.1 Abstract 

Ulceration is a severe complication of diabetes that often precedes nontraumatic lower limb 

amputations in the diabetic population. While there are established general systemic risk factors 

for ulcer formation, the underlying mechanics of ulcer initiation remain unclear. Volumetric 

ultrasound scans were taken of the entire plantar soft tissue of four subjects (1 diabetic, 3 

nondiabetic) in unloaded, unloaded shear wave elastography, and dual support loaded conditions. 

Plantar pressure and computed tomography scans were also acquired for validation and stiffness 

measurements. Loaded and unloaded scans were registered and internal deformations were 

measured using commercial digital volume correlation software. Vertical displacement, axial and 

principal strains, and tissue thickness were measured. Tissues were segmented from weighted 

ultrasound scans to obtain tissue-specific measurements and vertical displacement was registered 

to plantar pressure to obtain a stiffness map. Ultrasound thickness measurements and volume 

reconstruction were validated using computed tomography. Ultrasound volume measurements 

were 11-28% lower than computed tomography measurements. Plantar pressure, average shear 

wave speed and modulus measurements, and muscle volume measurements were comparable to 

prior work. Strain maps varied between subjects but demonstrated increased vertical strain in load 

bearing regions of the fat and skin, higher sagittal shear strain below the metatarsals and lower 

beneath the calcaneus in the fat and skin, and higher sagittal shear strain at the anterior plantar 

fascia. Stiffness was highest at the heel and metatarsals and values with within ranges of prior 

work using similar methods.  
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8.2 Introduction 

Diabetes is a metabolic disease affecting over 34 million Americans1. As a systemic disease, 

diabetes is associated with a range of complications. In the foot, complications associated with 

diabetes include neuropathy, vascular disease, structural deformities, and ulceration. Ulcers are 

costly3, painful, difficult to heal, and if not healed effectively, can lead to amputations105.  

Several clinical measurements have been linked to ulcer risk, including regular standard of care 

measurements like insulin use149, less frequently adopted measurements like peak plantar 

pressure8,320, and comorbidities like peripheral neuropathy149, peripheral arterial disease149 or foot 

bone deformity149. However, models based on these metrics can only predict if an ulcer will occur 

and not where, and may have sensitivity as low as 75% and specificity as low as 27%321. From a 

biological and mechanistic perspective, diabetes has been linked with increased tissue stiffness 

and modulus 22–24,35, and microstructural disruptions56,110,322 in ex vivo testing, which could 

contribute to ulcer risk. However, there remain questions about how ulcers form and insufficient 

effective predictive measurements for early detection and prevention. In particular, while it has 

long been hypothesized that shear forces and strains are important in understand ulcer etiology6, 

the majority of plantar mechanical measurements have been uniaxial.  

Ultrasound is a popular choice in biomechanical plantar soft tissue assessments. Relative to 

computed tomography (CT) or magnetic resonance imaging (MRI), it is low-cost, portable, fast, 

and introduces less risk to the patient. Advances in signal processing, noise reduction, and 

transducer technology have improved the quality of ultrasound images, and advances such as shear 

wave elastography, which uses different acoustic techniques to estimate material modulus, have 

made ultrasound even more useful. However, most clinical ultrasound is planar or involves small 

swept volumes of up to 30ᵒ. Recently, researchers have been extending the idea of swept volume 
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ultrasound to larger volumes using larger mechanical translation systems78,97,98,263,303 or 

instrumented transducers 94,323–325. However, these volumetric applications are not load bearing 

and do not measure deformation. 

The combination of applied load and ultrasonic measurement has been used to measure in vivo 

plantar tissue stiffness and deformation. These investigations have included both single-line send-

receive ultrasound34,35,37,181,182 and planar B-mode ultrasound imaging104,183,326. Methods of 

applying load include indentation normal to the plantar surface34,35,37,181,182,326, static standing on a 

plate187,192,304, cyclic loading with the transducer situated behind a plate103, and single-step104 

conditions. These works often report uniaxial peak tissue deformation or stiffness or modulus from 

a stress-strain curve. However, these works do not report two-dimensional strain or displacement 

maps nor do they report lateral or shear strains.  

The SWE modality does produce two dimensional stiffness maps based on the shear speed of 

sound through the material, which is related to the shear and elastic moduli. SWE has been used 

to describe changes in elastic moduli of the heel pad with depth185, age184, and heel pain155; improve 

predictive models for ulceration90; and inform material properties for finite element models191. 

However, while SWE values have demonstrated similar trends to finite element models91 and 

mechanical testing (Appendix A), the relationship between SWE and prior work has not been 

established. Finally, while qualitative strain elastography has been used to evaluate the plantar 

fascia189 and the plantar fat327 in diabetic and non-diabetic populations, evaluation using 

quantitative SWE has not been reported. 

The primary method of obtaining and reporting shear strain and two-dimensional strain maps are 

finite element models of the foot191,203,204,328,329. These models vary in complexity of geometries, 
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tissues represented, constitutive models applied, and loading scenarios investigated. Finite element 

models are time consuming to create and validate and are typically focused on reporting the effects 

of changes to conditions such as footwear or tissue stiffness rather than comparisons between 

models of different subjects. While these are useful for understanding how changes in material 

properties can affect structural foot function, results can vary with mesh size and boundary 

conditions and it is difficult to assess the effect of the assumptions of the initial model on internal 

strain without an internal measurement for comparison.  

Recently, two groups have used external MRI-compatible actuators to apply loads while acquiring 

three-dimensional MRI images. One group reported applied force and differences in calcaneus-to-

plate differences to obtain a uniaxial estimate of stiffness for one diabetic and one non-diabetic 

subject29. The second group performed an elastic registration of a loaded and unloaded MRI scan 

of a single subject to measure internal deformation due to the applied load and reported the 

superior-inferior and anterior-posterior displacements as well as the maximum principal shear 

strain. They also used the resultant displacement maps to evaluate constitutive models used in a 

finite element analysis202. However, both of these works only report images of the heel pad and 

the actuator is only applied to the heel. 

In aim of this work is to develop methods to better understand the multidimensional strain behavior 

of the plantar soft tissue using a novel load-bearing volumetric ultrasound device capable of 

obtaining loaded and unloaded volumetric images of the entire plantar soft tissue. We propose to 

calculate tissue-specific axial and shear strains for each anatomical axis as well as maximum and 

minimum principal and principal shear strains using digital volume correlation. We also propose 

calculation of tissue-specific stiffness using shear wave elastography (SWE). We also propose 

using plantar pressure and volumetric deformation to create tissue stiffness maps similar to plantar 
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pressure maps. We plan to use these methods to evaluate diabetes-related changes in stiffness 

deformation and mechanics.  

8.3 Methods 

8.3.1 Demographics  

Six (D=3, ND=3) age-matched male subjects were recruited for this IRB-approved protocol. 

Subjects were ambulatory, and those with neuropathy, recent injury to the lower limb, diagnosed 

peripheral vascular disease, or arthritis were excluded. Hba1c was recorded from the last clinical 

visit on record when applicable.  

8.3.2 Initial protocol 

Subjects first had measurements of height and weight taken. Then, subjects underwent a 10g (5.07) 

Semmes Weinstein monofilament test for sensation. Subjects who were not able to accurately 

locate the 10 contact sites of the monofilament were excluded from the study. Measurements of 

foot length and width were recorded in order to set scanning parameters. Finally, subjects were 

asked to walk across a 6 m path four times a normal speed to obtain the subjects normal self-

selected walking speed.  

8.3.3 Plantar pressure 

Plantar pressure data was taken using the novel emed plantar pressure platform. Three to five trials 

each of static plantar pressure and dynamic plantar pressure were recorded for each foot. Dynamic 

trials were captured at a self-selected walking speed that matched previously recorded typical 

walking speed for each subject.  

8.3.4 Ultrasound Scans 

After plantar pressure collection, subjects were seated on the scanning machine described in 

Chapter 7 (Figure 8-1). The right foot was placed either in an isotonic (0.9% NaCl) water bath or 
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on a custom polyacrylamide hydrogel coupling pad. In the case of polyacrylamide hydrogel pads, 

they were manufactured according to a previously reported protocol (Section 7) and within 2 hours 

of data collection, were removed from the CaCl storage solution, washed, and stored in an isotonic 

NaCl and glycerin solution to reduce irritation and drying associated with prolonged skin contact. 

The transducer was coupled to the underside of the plate using either a hydrogel burn pad secured 

with a polyurethane adhesive bandage, or a custom molded polyacrylamide hydrogel couplant 

(Figure 8-1). Unweighted structural scans were taken with B-mode ultrasound through a 1/8” 

HDPE plate using an SL18-5 transducer and an Aixplorer (Supersonic Imagine, Aix-enProvonce, 

France) using the MSK Foot & Ankle preset, 1660 m/s, Res (C1) or Pen, and HD. The images 

were taken with 0.3925 mm- 0.474mm spacing in the anterior-posterior direction. Subjects were 

instructed to relax their foot and hold it still. After the unweighted structural scans, an unweighted 

material scan was taken using shear wave elastography and 1.5mm-2.5mm spacing in the anterior-

posterior direction. The SWE focus for the SWE images was set just deep to the superior extent of 

the SWE box. The SWE box was set to the maximum size allowed and positioned on the medial 

side of the image to allow overlap of SWE values. Three SWE images were taken at each step to 

allow the SWE signal to stabilize, based on previously reported reliability testing330. Weighted 

structural scans were taken with B-mode ultrasound through a 1/4” (6.35mm) HDPE plate. The 

structural scans took 9-10 minutes to complete depending on the length of the foot while the SWE 

scan took between 14-30 minutes to complete. In total 2 unweighted structural scans, one SWE 

scan, and one weighted structural scan were acquired. Subjects dried off their foot and rested it 

outside the scanning area between scans for between 5 and 15 minutes. Subjects typically took a 

break including walking around the test area between the unweighted and weighted scans as this 

required changing the scanner plate.  
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Figure 8-1: Left: setup for volumetric ultrasound scans. Subjects ascend the stairs and either sit in 

the chair or stand placing equal weight in the scanning area and the non-scanning area. The 

computer hosts the MATLAB-based control program and the system uses an Aixplorer 

commercial ultrasound machine.  

8.3.5 CT 

A computed tomography (CT) scan was taken using the CurveBeam Lineup (Hatfield,PA,USA) 

using the large field of view, small (C1) or standard patient preset, which uses 100kV (small) or 

120kV (standard) and 5mA. In all, 17 bones (calcaneus, 5 metatarsals, 3 cuneiforms, cuboid, 

navicular, 5 phalanges, and sesamoids) were manually segmented from the right foot to use for 

validation of the thickness measurements as well as to automatically mask the plantar pressure 

measurements.  

8.3.6 Ultrasound image registration and volume reconstruction 

Ultrasound images were registered within-scan manually using a custom-developed graphical user 

interface (GUI). This user interface allows a user to align the images using different horizontal 

overlaps, vertical displacements, and rotations. It also allows the user to incrementally adjust the 

image anterior-posteriorly between the three passes of the scan in the case of movement or motor 

stalling. After manual medial-lateral registration, the scans were registered anterior-posteriorly 

between steps using normalized cross correlation to offset minor movements during the scan. The 

images were stitched by taking the maximum value of the image intensity in overlapping regions 

and normalized by the maximum intensity per column.  
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Shear wave elastography images were reconstructed by first registering the blue channel of the 

saved live screen images in the same manner as the B-mode scans. Then, the raw shear wave speed 

values saved from the research interface were positioned inside an empty matrix according to the 

SWE box size, image size, and SWE box position information saved from the research interface. 

Shear wave speed (SWS) values outside of the expected range based on the maximum rated 

modulus were removed and SWS matrices were up sampled to the resolution of the images using 

nearest neighbor interpolation prior to placement in the image area. A composite SWS map was 

created by taking the per-pixel average of the 3-4 SWS acquisitions taken at each step. Then the 

registration determined from the image data was used to reconstruct a volume of SWS values.   

8.4 During the process of processing SWE images, mismatches between the 

recorded SWS using the ‘last frame’ acquisition mode and the ‘last frame’ 

image mode were identified (see Conclusion 

Plantar soft tissue mechanics have long been of interest to biomechanics researchers and internal 

medicine clinicians treating patients with diabetes. The morbidities associated with diabetes-

related plantar ulceration are significant, and the mechanical etiology of these wounds remains 

unclear, leaving a gap in knowledge that could aid prevention. The development of a load-

bearing ultrasound-based volumetric plantar soft tissue scanner and the associated pipeline for 

measuring internal strain, internal modulus, muscle volume, and regional stiffness represent a 

new way to measure and understand this complex biological structure. 

Supplemental Images). Therefore, SWS frames were manually compared to image frames and 

frames that did not match were removed from analysis. For all matching SWS values, these values 

were averaged within step and the average values were used for the registration and reconstruction.  
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Registration between scans of different types was performed manually using point-to-point 

registration in 3D Slicer. Points chosen included metatarsal heads, the base of the fifth metatarsal, 

and the inferior calcaneus for translation and rotation in the transverse, coronal, and sagittal planes, 

and the scanning plate for translation along the superior-inferior axis. Ultrasound volumes were 

registered so that the scanning plates were aligned. The transform estimated from slicer was 

transferred to MATLAB and used to transform the volumes before saving the file format required 

for digital volume correlation.  

8.4.1 DVC 

Registered weighted and unweighted ultrasound volumes were resized to a cubic voxel in 

MATLAB using built in function interp3 with the cubic method. Resized volumes were imported 

into StrainMaster digital volume correlation software (LaVision, Ypsilanti, MI). After determining 

best parameters (see below), displacement and strain along each anatomical axis, shear strain in 

each anatomical plane, principal strains, and the correlation value quality metric were exported 

from the software as a .dat file for subsequent analysis in MATLAB.  

8.4.2 Segmentation 

All visible intrinsic muscles, skin, plantar fat, visible bones, general soft tissue, and the scanning 

plate were manually segmented from the weighted scans, and soft tissues of interest for SWE 

analysis were manually segmented from unweighted scans using Mimics (Materialise, Leuven, 

Belgium). All foot bones and the load bearing plate were segmented from CT scans using 

thresholding tools available in Mimics.  

8.4.3 Validation 

8.4.3.1 Validation of ultrasound volumes  

https://www.google.com/search?sa=X&sca_esv=561811248&q=Leuven&si=ACFMAn86XkhxzOC35jo3k1ec_mUa4PwHgnEtN6tbGWMWaJ9RAqvvJb31-2Afxw29kVkmYJ33T_lZcJIm4QumVO3qZR2szyWAM3AAd3lSpuine_yn-h3MvPiEP3HllDwdbYe7ylYJ0adeQmFrhs1e3czGEZEhWe0eGHA0AocQpHNsaamOtfsCAC7ufLlnwlIZygUdqJJPwmiK&ved=2ahUKEwiXlaGLp4iBAxVyEzQIHSiyCVMQmxMoAXoECDIQAw
https://www.google.com/search?sa=X&sca_esv=561811248&q=Leuven&si=ACFMAn86XkhxzOC35jo3k1ec_mUa4PwHgnEtN6tbGWMWaJ9RAqvvJb31-2Afxw29kVkmYJ33T_lZcJIm4QumVO3qZR2szyWAM3AAd3lSpuine_yn-h3MvPiEP3HllDwdbYe7ylYJ0adeQmFrhs1e3czGEZEhWe0eGHA0AocQpHNsaamOtfsCAC7ufLlnwlIZygUdqJJPwmiK&ved=2ahUKEwiXlaGLp4iBAxVyEzQIHSiyCVMQmxMoAXoECDIQAw
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Segmentations from the CT scan and the matching ultrasound scan for each subject were imported 

into MATLAB and converted into label maps. The upper plate surface was identified as the first 

index in the superior-inferior direction where the voxel value of the binary plate label map changed 

from 0 to 1. The inferior bone surface was defined as the last index in the superior-inferior direction 

that was included in the bone mask for each position in the transverse plane. The distance between 

the bone and the plate was defined as the difference between the inferior bone index and the 

superior plate index for each spatial position in the transverse plane. This pixel value distance was 

then converted to millimeters as the CT and US have different resolution along the superior-

inferior axis. Five bones were selected as they are the clearest in the ultrasound images: calcaneus, 

second metatarsal, fifth metatarsal, and the sesamoids.  

The distance was qualitatively compared using scale-normalized heat maps. For a quantitative 

comparison, regions of interest (ROIs) were placed using a point-and-click GUI with standardized 

ROI sizes at the posterior calcaneus, second and fifth metatarsal heads, the base of the fifth 

metatarsal, and the sesamoids, as these are the clearest bone surfaces in the ultrasound images. 

Distance values within the ROIs were averaged for comparison and percent error was calculated 

for each location.  

8.4.3.2 Validation of DVC 

The commercial digital volume correlation software operates by performing sequential intensity-

based correlations at different resolutions. These sequential correlations are in the form of one 

FFT-based correlation followed by four levels of direct correlation at different subsampled 

volumes. There are six parameters for each subsampling step: subvolume size, shape, overlap, 

peak search, binning, and passes. There are four additional parameters that can be varied for each 

run: correlation mode, FFT size, remove rigid body motion, and required valid voxel size. DVC 
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was run to correlate the weighted and unweighted scans for two subjects using different 

combinations of the parameters (Table 8.4-1) in order to identify parameters to produce 

satisfactory results. The shape was set to circle, and the binning was set to 83 for step 1, 43 for step 

2, 23 for step 3 and no binning for step 4. The different correlation modes are equivalent for 

processing a single step of deformation, and rigid body motion should have been removed with 

the initial manual registration, so this option was not used.  

Parameters were chosen based on the following criteria: 

Table 8.4-1: Values tested for each available DVC parameter. 

FFT pre-shift size 64,80,96,128,144,160 

Subvolume 1 size 48,64,80,96,128,160 

Subvolume 2 size 32,40,48,64,80 

Subvolume 3 size 16,20,24,28,32,40,48,56 

Subvolume 4 size 8,12,16,20,24,28,32 
  

1st search radius 16,24,32,40,48,56,64 

2nd search radius 8,12,16,20,24,28,32 

3rd search radius 4,6,8,10,12,14,16,20 

4th search radius 2,3,4,6,7,8,10 
  

Overlap 1,2,3 50,75 

Overlap4 0,75 
  

Number of passes step 

1 

2,3 

Number of passes step 

2,3,4 

2,3,4 

  
Required valid voxel % 10,20,30,40,50,70 

 

1) Size of deformation to track 

The software must be able to track the largest deformation, which means that the largest 

subvolume must be larger than the largest anticipated displacement. The maximum 

anticipated vertical displacement is on the order of 2cm(0.5) / 0.1668 ≈ 60 pixels (px). No 

reported measurements currently exist for the shear strain of the plantar soft tissue, 
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however, Pai et. al used an estimate of 85% shear strain23,198. Using the formula γ=x/h and 

the resolution of 0.1668, we can estimate that the x-displacement may be on the order of 

0.85 * 2cm./.1668 mm/px = 100 px. For the range of resolutions in the DVC volumes, these 

values are between 60-65 px (vertical) and 101 – 110 px (lateral). Therefore, the maximum 

displacement searched by the program should be around 100px.  

2) Spatial resolution and minimum subvolume size 

The minimum subvolume size must be at least as small as the minimum desired resolution. 

In this case, the smallest layer of desired resolvability is the skin. The minimum desired 

resolution was empirically determined to be around 4 pixels. The tradeoff of small 

subvolumes is increased noise.  

3) Computational load  

The DVC program must store volumes in working memory in order to process them. As 

the license is not GPU processing compatible, all processing must be performed on a CPU. 

Additional memory must be read and written to disk, which increases computational time. 

The limitation of the current hardware is 136 GB RAM and 8 CPU cores.  

4) Overlap, binning, shape, number of passes  

The DVC program has several options for the parameters for each correlation step. Binning 

the volume is equivalent to down sampling using a mean averaging filter of the specified 

bin voxel dimensions. This reduces the required memory for larger subvolumes and search 

radii. The overlap specifies the degree to which tracked subvolumes should overlap. 

Overlapping subvolumes allows for finer spatial resolution of displacement vectors while 
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still computing displacement over a larger subvolume. The shape parameter determines the 

shape of the subvolume as either cubic or a Gaussian-weighted sphere where the radius is 

equal to the subvolume size. The spherical option improves accuracy by including down-

weighted information from farther voxels. The number of passes is the number of times 

the current step is repeated in a predictor corrector scheme. More passes can increase the 

accuracy but also increases the runtime of the evaluation.   

In order to assess how changes in these parameters changed the outcome, the quality of the fit was 

assessed qualitatively by comparing the deformed volume remapped to the reference volume using 

the calculated displacement to the reference volume, and by assessing the biological likelihood of 

the resultant displacement map in the coronal plane at regular reference intervals.  

8.4.4 Measurements 

8.4.4.1 Plantar pressure 

Plantar pressure scans were automatically analyzed using custom MATLAB code as described in 

Chapter 8. Briefly, novel pressure files and CT segmentations were loaded into MATLAB, and a 

10-region mask was generated using the centroids and bounding boxes of the bone masks. The 

superior-inferior projection (transverse plane) of the CT scan was then registered to the area of the 

activated plantar pressure sensors using the sum of absolute differences metric.  

Using the mask generated from the CT-pressure registration, three metrics (peak pressure, pressure 

time integral (PTI), force time integral (FTI), and pressure time integral relative to force (PTI_F)) 

are computed for the whole plantar area and for each region for static acquisitions, and likewise, 

five metrics (peak pressure, PTI, FTI, PTI_F, pressure gradient (MPPG), pressure gradient angle 

(MPGA)) are calculated for dynamic acquisitions. The pressure time integral and force time 
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integral are computed using all sensors within a region over the length of the acquisition. The 

pressure gradient and pressure gradient angle are calculated using previously reported methods 

(Chapter 7.3).  

8.4.4.2 Shear Wave Speed and Modulus  

SWE images were registered to unweighted scans by first upsampling the image volume to the 

size of the unweighted volume, then applying rotation around the superior-inferior and anterior-

posterior axes followed by translation and scale.  

[

𝑟𝐴𝑃 𝑟𝐴𝑃 0
−𝑟𝐴𝑃 𝑟𝐴𝑃 0

0 0 1
0 0 0

0
0
0
1

] [

𝑟𝑆𝐼 0 𝑟𝑆𝐼

0 1 0
𝑟𝑆𝐼 0 𝑟𝑆𝐼

0 0 0

0
0
0
1

] [

1 0 0
0 1 0
0 0 1
0 0 0

𝑇𝑀𝐿

𝑇𝑆𝐼

𝑇𝐴𝑃

1

] [

𝑆𝑥 0 0
0 1 0
0 0 𝑆𝑦

0 0 0

0
0
0
1

] 

Where the rotations around the anterior-posterior and superior-

inferior axes are designated rAP and rSI, the translation along each axis 

is represented by T--, and the scale is represented by Sx and Sy. In 

order to mitigate interpolation effects on SWS values, the SWS 

values volume was interpolated using nearest neighbor interpolation 

in the coronal plane, where the resolution difference was less than a 

factor of 2, and for the anterior-posterior direction, where sampling 

was different by a factor of close to 6, the frames were inserted in the 

closest location of a blank volume. The aforementioned translation, 

scale, and rotation were inverted and applied to transform the 

segmentations of the ultrasound volumes to the SWS values to get 

tissue-specific values.  

Figure 8-2: Regional 

separation of SWE 

volumes into toes, 

forefoot, midfoot, and 

hindfoot. The heatmap is 

a summation of the 

segmented structures 

showing where the 

regional boundaries are in 

relation to anatomical 

structures. 
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Tissue-masked volumes were converted to tissue-specific modulus values using density values 

available in the literature331,332 (911, 1109, 1142 kg/m3 for fat, skin, and fascia respectively) and 

the standard conversion E = 3ρc2, where E is the elastic (Young’s) modulus, ρ is the tissue density, 

and c is the shear speed of sound. The mean and standard deviation were taken over the entire 

tissue volume.  

For larger tissue regions (skin and adipose tissue), the regional SWE parameters were calculated 

by distributing the image into 4 regions: toes, forefoot, midfoot, and hind foot (Figure 8-2), and 

calculating the average tissue SWS and modulus within these regions.  

8.4.4.3 Muscle Volume 

Muscle volumes were measured using the regionprops3 function in MATLAB on the label matrix 

defined by the segmented weighted volume and converted from voxels to cm3 using the scan 

resolution.  

8.4.4.4 Deformation 

Displacement, strain, and correlation values were reconstructed from the coordinate-value output 

file into a volume of the same size as the segmented volume of the weighted scan using the input 

resolution of the volumes. Mask volumes for each tissue were created from the segmented volume, 

and masks were applied to the deformation values and average and maximum values were taken 

for each tissue along the inferior-superior axis to create maps in the transverse plane. The 

deformation and strain volumes were also colorized and overlaid on sliced from the weighted 

volume using custom MATLAB code.  

8.4.4.5 Stiffness 



220 

 

Vertical displacement and average vertical force were calculated from DVC and plantar pressure 

values, respectively. Vertical displacement was taken as the maximum vertical displacement along 

the superior-inferior axis across the 3D spatial locations within the segmented soft tissue volume. 

Force was calculated as the average of all force values in a single spatial sensor location over the 

duration of a static pressure acquisition between the cutoff for step-on frames (7.3) and the last 

frame, where force is the pressure multiplied by the sensor area. 

In order to create the stiffness map, several types of data needed to be co-registered. First, the 

transformation matrix that aligned the weighted B-mode volume with the unweighted B-mode 

volume for DVC was applied to the segmented weighted B-mode volume. Then, a 2D binary map 

of the weight-bearing area of the foot was created as all the pixels where the sum of the skin mask 

in the superior-inferior direction up to an empirically determined cutoff of 140 pixels (6.8-7.7 mm) 

is greater than zero. This 2D map of the skin area from the segmented weighted volume was then 

down sampled to the size of the plantar pressure and rigidly registered to the binary map of the 

area of active pressure sensors using step gradient descent and the mean squares metric.  

The map was then upsampled according to the resolution of the DVC such that there was 

approximately 1 DVC result per pixel to avoid interpolation of DVC values. Plantar pressure was 

upsampled using nearest neighbor interpolation to best approximate the actual pressure.  

The transformation matrix is:  

[

𝑆𝑥 0 0
0 1 0
0 0 𝑆𝑦

0 0 0

0
0
0
1

] [

𝑇(2,2) 0 𝑇(2,1)
0 1 0

𝑇(1,2) 0 𝑇(1,1)
𝑇(3,2) 0 𝑇(3,1)

0
0
0
1

] [

𝑆𝑥 0 0
0 1 0
0 0 𝑆𝑦

0 0 0

0
0
0
1

] 
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Where Sx and Sy are the stretch factors in the medial-lateral and anterior-posterior directions, 

respectively, and T is the transform determined by the binary skin map to plantar pressure 

registration. Stiffness was calculated as the average force divided by the vertical displacement for 

each spatial location.  

8.5 Results   

8.5.1 Data collection 

Table 8.5-1: Quality, variable parameters, and issues with each type of data acquired for each of 

the six recruited subjects. 
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As a result of variations in ultrasound parameters, data collection protocols, subject motion, and 

exclusion criteria, data quality varied between subjects (Table 8.5-1). As a result, not all of the 

data was analyzed for all subjects.  

8.5.2 Volume validation 

Bone to plate distances measured from ultrasound volumes were 9-28% lower than those measured 

from the corresponding CT (Table 8.5-2). Errors for subjects C2 and C3 were lower than for C1.  

Table 8.5-2: Average bone-to-plate distances at each measured location for each subject and the 

error of the ultrasound measurement. 
 

CA M5 

base 

M5 

head 

M2 Ses1 Ses2 total 

C1 
       

CT distance (mm) 18.44 13.58 8.51 14.17 12.59 12.87 
 

US distance (mm) 13.39 11.31 5.90 10.80 10.16 6.40 
 

difference (mm) 5.05 2.28 2.61 3.37 2.43 6.47 3.70 

difference (%) 27% 17% 31% 24% 19% 50% 28% 

C2 
       

CT distance (mm) 10.34 12.74 7.88 14.05 7.28 8.93 
 

US distance (mm) 9.01 13.13 6.96 10.83 7.77 7.31 
 

difference (mm) 1.33 -0.39 0.92 3.22 -0.49 1.62 1.04 

difference (%) 13% -3% 12% 23% -7% 18% 9% 

C3 
       

CT distance (mm) 10.74 15.55 9.10 14.98 11.29 7.46 
 

US distance (mm) 10.20 14.28 7.24 11.66 10.49 6.48 
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difference (mm) 0.54 1.27 1.86 3.31 0.79 0.98 1.46 

difference (%) 5% 8% 20% 22% 7% 13% 13% 

 

8.5.3 Plantar pressure 

Dynamic peak pressure, PTI, FTI, PTI_F, PPG, and MPGA, for the 4 subjects are measured 

(Figure 8-3). Peak values for all static variable occurred at the heel. Similarly, peak PTI_F, FTI, 

and PTI also occurred at the heel in the dynamic trials. However, peak overall pressure occurred 

at the hallux for two subjects and the heel and fifth metatarsal head for the two other subjects. The 

maximum pressure gradient occurred at the forefoot for two control subjects and at the fifth 

metatarsal head for the remaining control and diabetic subject. The maximum pressure gradient 

angle occurred at the metatarsal heads for all subjects.  

Differences between groups were minimal. The single subject with diabetes demonstrated less 

variability across regions in temporal integral variables but a larger difference between regions in 

maximum pressure gradient angle.   

 

Figure 8-3: Dynamic (left, orange and blue) and static (right, purple and gold) regional pressure 

values for each measurement and subject. The sample size is too large and subject demographics 

too different to draw inferences. M1-5 = first through fifth metatarsals, HA = hallux, HF = 

hindfoot.  
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Figure 8-4: 3D rendering of segmented tissues from subject C2. Left: orthogonal view of all 

segmented tissues. Right: superficial to deep layers of plantar fascia and muscles.   

8.5.4 Segmentation  

The scanning plate, 11 bones, and 10 soft tissue structures were successfully segmented from the 

weighted ultrasound scan of C2, and a subset of those were segmented from the weighted and 

unweighted scans of other subjects (Table 8.5-3). All soft tissue not readily identifiable as one of 

the 10 structures was labeled as a general soft tissue (only pictured in the coronal overlays). The 

3D model of the weighted segmentation for subject C2 is displayed (Figure 8-4).  

Table 8.5-3: List of features segmented for subjects C1 and C2. 
 

C1 C2 D1 C3  
Weighted Unweighted  Weighted Unweighted  SWE Weighted 

Skin x x x x x 
 

Adipose x x x x x 
 

General soft tissue x x x 
   

Plantar Fascia x x x x x 
 

Hallux x X x 
  

x 

Phalanx 2 x X x 
  

x 

Phalanx 3 x X x 
  

x 

Phalanx 4 x X x 
  

x 

Phalanx 5 x X x 
  

x 

Metatarsal 1 x X x 
  

x 

Metatarsal 2 x X x 
  

x 

Metatarsal 3 x X x 
  

x 

Metatarsal 4 x X x 
  

x 

Metatarsal 5 x X x 
  

x 

Cuboid x 
 

x 
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Calcaneus  x x x 
  

x 

Medial cuneiform 
      

Intermediate cuneiform 
      

Lateral cuneiform 
      

Navicular 
      

Abductor Hallucis 
  

x 
   

Flexor Digitorum Brevis x 
 

x 
   

Abductor Digiti Minimi X 
 

x 
   

Flexor Digiti Minimi Brevis x 
 

x 
   

Quadratus Plantae 
  

x 
   

Adductor Hallucis 
  

x 
   

Flexor Hallucis Brevis 
  

x 
   

Plate x x x 
  

x 

8.5.4.1 Muscle Volume  

Fewer muscle volumes were segmented for subject C1 than C2 (Table 8.5-4 ). Of the muscles and 

soft tissues present in both segmentations, the skin, adipose, plantar fascia, and total soft tissue 

volume were larger in subject C1 than subject C2, consistent with the larger foot size of subject 

C1.  

Table 8.5-4: Volume of segmented soft tissues from scans C1 and C2. 
 

C1 

(cm3) 

C2 

(cm3) 

mean 

(cm3) 

Skin 22.4 18.3 20.4 

Adipose 111.0 102.8 106.9 

Flexor Digitorum brevis 10.6 16.6 13.6 

Plantar Fascia 7.0 5.6 6.3 

Abductor Digiti minimi 3.6 5.9 4.7 

Flexor Digiti Minimi Brevis - 1.4 1.4 

Abductor Hallucis - 6.9 6.9 

Adductor Hallucis - 4.7 4.7 

Quadratus Plantae - 10.7 10.7 

Flexor Hallucis Brevis - 12.1 12.1 

1st Lumbrical - 0.1 0.1 

All soft tissues 145.7 115.2 130.5 

 

8.5.5 SWE 

SWS values calculated from each tissue were determined for 3 subjects (Table 8.5-5).  
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Table 8.5-5: Average shear wave speed (SWS) and elastic modulus (E) calculated from shear 

wave volumes for each tissue in each region. 

  Fat  Skin Plantar Fascia 

Subject Region SWS (m/s) E (kPa) SWS (m/s) E (kPa) SWS (m/s) E (kPa) 

C1 All 3.22  (2.36) 43.4 (68.7) 2.71 (2.00) 37.8 (59.2) 0.05 (0.44) 0.68 (6.92) 

C1 Toe 3.10  (2.28) 40.4 (62.0) 2.39 (2.08) 33.5 (62.3) 0.00 0.00 

C1 Forefoot 3.67  (2.64) 55.8 (90.4) 3.35 (1.79) 48 (58.4) 0.06 (0.43) 0.66 (5.81) 

C1 Midfoot 2.99  (2.00) 35.3 (52.3) 2.61 (1.82) 33.6 (49.5) 0.11 (0.64) 1.44 (10.54) 

C1 Hindfoot 3.60  (2.96) 59.4 (87.8) 2.75 (2.26) 42.2 (70.7) 0.00 0.00 

C2 All 4.58  (3.06) 82.7 (99.8) 4.04 (3.12) 86.7 (120.7) 0.08 (0.60) 1.25 (11.60) 

C2 Toe 3.92  (2.94 65.5 (92.0) 3.96 (3.29) 88.3 (129.7) 0.00 0.00 

C2 Forefoot 5.25  (3.42) 107.2 (123.5) 4.74 (2.84) 101.4 (117.1) 0.04 (.35) 0.43 (4.42) 

C2 Midfoot 4.24  (2.63) 68.0 (81.3) 4.28 (2.87) 88.3  (109.5) 0.22 (.95) 3.28 (17.88) 

C2 Hindfoot 4.74  (3.10) 87.6 (96.1) 2.68 (2.76) 49.3 (94) 0.07 (.61) 1.28 (15.07) 

D1 All 3.40  (2.28) 45.8 (48.9) 3.31 (2.05) 50.5 (50.3) 0.01 (.15) 0.08 (3.06) 

D1 Toe 2.24  (1.78) 22.5 (35.7) 2.25 (1.74) 26.9 (38.2) 0.00 0.00 

D1 Forefoot 3.47  (1.81) 41.9 (32.5) 3.39 (1.91) 50.4 (42.9) 0.01 (.13) 0.06 (2.12) 

D1 Midfoot 3.54  (2.44) 50.5 (54.5) 3.15 (1.92) 45.3 (47.6) 0.02 (.29) 0.29 (6.02) 

D1 Hindfoot 3.46  (2.45) 49.2 (53.4) 3.69 (2.62) 68.1 (72.7) 0 0 

 

The shear wave speed and modulus were generally lower in the toes and midfoot and higher on 

the relatively higher load bearing forefoot (metatarsal heads) and hindfoot. This pattern was most 

clearly visible in the fate and less pronounced in the skin. The signal in the plantar fascia was too 

poor to obtain meaningful values. Differences between control subjects (C1,C2) were larger than 

differences between diabetic (D1) and control subjects. Standard deviations for all values were 

similar to or larger than mean values.   

8.5.6 DVC 

8.5.6.1 Sensitivity analysis  

Representative remapped volume, displacement, and mean compression maps can be found in 

Appendix C.  
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Runs with an FFT size less than 1283 voxels did not perform well. Similarly, runs with an initial 

sub volume size of less than 963 voxels also did not perform well. Runs with a larger FFT size than 

1283 voxels did not appear to perform better. Runs with a minimum search radius larger than 6 

voxels did not perform well. Runs with smaller search radii for each subvolume performed 

marginally better than those with larger search radii at higher level steps. Memory usage and run 

time were inversely related to the ratio of the effective subvolume size to the effective search radius 

(Figure 8-5), where the effective subvolume size and search radius are those parameters divided 

by the binning for that step. These results effectively narrow the useable search parameters for 

DVC of the ultrasound volumes to sequential subvolumes between 1283 and 83 with a final search 

radius of 2-4, and suggest use of smaller search radii at higher level steps, further reducing the 

search area.  

 

Figure 8-5: Effect of subvolume size and search radius on run time and active memory usage. 

The run with the best combination of performance metrics, though not the best overall performance 

in every metric, for both subjects C1 and C2 was 128 FFT, 128 voxel subvolume with an 83 binning 

and 16 voxel search radius, 64 voxel subvolume with a 43 binning and 8 voxel search radius, 32 
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voxel subvolume with a 23 binned and 4 voxel search radius, and 8 voxel subvolume with a 2 voxel 

search radius. This set of parameters ran for around 3 hours for each subject and used 41-47 GB 

of RAM. This run was used for subsequent calculations.  

8.5.6.2 Deformation 

Average axial and shear strains for all three axes, average maximum principal strain, and average 

vertical displacement for all fat and skin were calculated ( Figure 8-6). Similar maps for  
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Figure 8-6: Average vertical, medial-lateral, anterior-posterior, and shear strains, maximum 

vertical displacement, and maximum principal strain for the fat and skin of subjects C1 and C2. 

additional tissues can be found in the supplemental images. There were large variations in strain 

and displacement patterns between subjects. Strain maps from both subjects demonstrated negative 

vertical strain along the primary load bearing locations (metatarsal heads, lateral midfoot, and heel) 

of the fat and skin, higher sagittal shear strain at the submetatarsal fat and skin, lower sagittal shear 

strain at the subcalcaneal fat and skin, and higher sagittal shear strain in the distal plantar fascia. 
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Within the flexor digitorum brevis, there was an anterior-medial gradient of vertical displacement 

in both subjects, with higher magnitude displacement at the posterior-lateral end and lower 

magnitude displacement at the anterior-medial side. 

8.5.6.3 Stiffness 

The measured stiffness was 

around 0.5 N/mm, with higher 

values in the heel and metatarsal 

heads and noise particularly on the 

lateral edge of the foot (Figure 

8-7).  

8.6 Discussion  

8.6.1 Validation 

The ultrasound volume bone-to-

plate distance was 11% (weighted) to 28% (unweighted) smaller than the bone-to-plate distance 

measured using CT. The magnitude of this difference was between 0.5 and 3 mm in different 

regions, and the total ultrasound-measured tissue thicknesses ranged from 5.9 -14.28mm across 

subjects and locations. The plantar soft tissue has previously been reported as 7.2 -27.0 mm at the 

heel unloaded333 , and has previously been reported to undergo 42-60% compression during 

barefoot locomotion186,197,198 and 28-38% compression during shod walking. As a result the 

measured tissue thicknesses are within previously reported ranges accounting for the weight of the 

lower leg (subject C1) and quiet stance (subjects C2, C3).  

Figure 8-7: Spatial stiffness heat maps calculated from 

DVC-based deformation and registered plantar pressure. 
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While the absolute values obtained via the ultrasound scan bone-to-plate distance were within the 

range of previously reported values, the ultrasound volumes generally underestimated the bone-

to-plate distance relative to the CT. This underestimate may be related to a mismatched assumed 

speed of sound. The maximum speed of sound available on the commercial machine is 1660 m/s. 

The acoustic velocity of HDPE, from which the load bearing scanning surface is made, has been 

reported in the range of 2430 m/s. The weight bearing scan in particular uses a relatively thick 

layer of HDPE at ¼” or around 6mm. This is approximately 30% of the thickness of the plantar 

soft tissue. This makes the bulk speed of sound of the plate-tissue complex higher and can lead to 

errors in the reconstruction if the assumed speed of sound is lower than the actual time of flight. 

Distance in ultrasound images is typically reconstructed as d=c*t/2, where c is the speed of sound, 

t is the time of flight for both send and receive, and d is the distance calculated. If the actual speed 

of sound is higher than the assumed speed of sound, the reflected wave will return sooner and the 

distance recorded will be smaller. This could create an underestimate similar to what is reported 

here. This hypothesis is further supported by the appearance of point scatterers, which, particularly 

in the weighted scan, appear elongated and slightly curved downward. This artifact occurs when 

the speed of sound assumed for reconstruction is lower than the appropriate speed of sound for 

reconstruction.  

Subject C1 underwent an unweighted CT scan, which required the unweighted US volume for 

comparison. Unfortunately, C1’s ultrasound scan was taken with a shallower focus, making the 

bone boundaries more difficult to decipher. This likely introduced error into the distance 

measurement and could account for the larger discrepancy between the CT and US volumes. As 

this is now a known issue that was corrected in subsequent scans it is unlikely to create problems 

in the future. Another potential factor for the large differences in the validation differences for C1 
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was the large FOV, light setting of the CT. This setting reduced radiation dose but increases noise 

in the CT image. In particular, bones nearest to the plate were grainier and less bright. As a result, 

the bottom surface of the bones as segmented via CT may be less accurate than those segmented 

from Large FOV, regular CT scans.  

Finally, the CT scan and Ultrasound Scan were not acquired at the same time. This could introduce 

additional error as the subject may have loaded the foot of interest slightly more or less in one scan 

versus the other and the subject walked between the lab spaces prior to the CT scan being taken. 

A future validation could consider developing a device to take both scans at the same time or to 

test the scanner distance measurement using phantoms or other more controllable conditions to 

develop a more rigorous bound on the error between the measurements.  

8.6.2 Plantar Pressure 

Differences between groups cannot be measured within this study population due to the small 

number of subjects and the height, weight, foot length, and foot width of the single subject with 

diabetes falling at or more than one standard deviation below the mean of the control group. 

However, absolute values of calculated variables fall within similar ranges of prior measurements 

in groups with and without diabetes, with the exception of the PTI, which is calculated differently 

than in prior work (Table 8.6-1). In concordance with prior work, peak pressures from static trials 

were lower than peak pressures from dynamic trials. Regionally, peak plantar pressures tend to be 

higher at the forefoot and hindfoot and lower in the midfoot, which is replicated in these results.  

Plantar pressure is an established metric to assess ulceration risk. While the interpretation of these 

results are limited due to the sample population, integration of plantar pressure into the protocol 

and workflow of volumetric ultrasound scans enables comparisons between the study population 

and prior work establishing risk factors for ulceration.  
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Table 8.6-1: Comparison of prior plantar pressure values to the current work. 
 

   Hallux Toes Forefoot Midfoot Hindfoot Whole 
foot  

Author trial type unit D ND D ND D ND D ND DC ND DC ND 

p
ea

k 

current dynamic kPa 285 564 278 274 281 310 170 103 217 385 463 651 

Melai 2011316 dynamic kPa 514 355   448 364 165 118 419 359   

Stess 1997334 dynamic kPa     407        

Fernando 
2017335 

dynamic kPa   25 21 55 46 30 22     

Falzon 2017336 dynamic kPa 230    265    240    

Lung 2016319 dynamic kPa 500 300   450 350   275 275   

Fawzy 2014337 dynamic kPa     293    239    

Mueller 2008338 dynamic kPa      739    325   

Caselli 2002339 dynamic kPa     294 323   245 225   

Fang 2013340 dynamic kPa           459 468                 

p
ea

k current static kPa 45 100 40 28.3 100 82.2 45 44.4 115 173.9 115 173.9 

Fawzy 2014337 static kPa           114  
                

P
TI

 

current (all) dynamic kPa-s 742 1358 1232 489 1443 2487 824 1300     

current (novel) dynamic kPa-s 35 87 70 37 82 100 54 60 79 40 170 253 

Fernando 
2016335 

dynamic kPa-s   6 5   10 6     

Falzon 2017336 dynamic kPa-s 38    51    48    

Stess 1997334 dynamic kPa-s 150    185        
 

Sinacore 
2008341 

dynamic  kPa-s        3     
 

Fang 2013340 dynamic kPa-s           78 82                 

FT
I 

current dynamic N-s/kg 0.31 0.37 0.58 0.14 3.49 3.51 0.39 0.34 1.11 1.67 5.86 6.02 

current static N-s/kg 0.78 0.94 0.30 0.19 12.89 9.53 2.38 1.38 12.89 12.28 29.19 24.32 

Bus 2005342 dynamic N-s/kg             

Waldecker 
2012343 

dynamic  %BW-s  4.5  9  34  3  16   

Sinacore 

2008344 
dynamic  N-s        16     

Fang 2013340 dynamic %BW-s           57.5 54.8                 

M
P

P
G

 

current dynamic kPa/mm 36 74.5 38.7 44.7 56.7 41.5 16.8 10.2 23.7 46.7 56.7 74.4 

Lung 2016315 dynamic kPa/mm 105 45   62.5 40   25 20   

Mueller 2008338 dynamic  kPa/mm      68    7   

Lung 2022319 dynamic  kPa/mm  50    61    38   
                

P
G

A
 current dynamic ᵒ 40.3 44.9   87.4 71.3 57.2 71.58 0 31.7 7.5 40.8 

Lung 2016315 dynamic ᵒ 20 40   50 55   65 75   

Lung 2022319 dynamic  ᵒ  30    55       

 



234 

 

8.6.3 SWE 

The elastic modulus and shear wave speed values calculated for the plantar fat and skin are higher 

than values previously reported (Table 8.6-2). This increase could be partly due to the HDPE plate, 

which may affect the image tracking used to calculate the speed of sound. This increase may also 

be related to the compression on the foot in the ‘unloaded’ state. While most SWE studies ensure 

that the tissue is completely unloaded, the plantar tissue in the unloaded scan is bearing the weight 

of the lower leg and foot. When a material is compressed, the density is increased and sound waves 

are typically able to move through the material faster, increasing the speed of sound through the 

material. The values calculated for the plantar fascia are significantly lower than previously 

reported values. This disparity is likely due to the lack of good signal in the plantar fascia of the 

subjects analyzed. The ‘last’ frame acquisition issue affected both C1 and C2, and C1 additionally 

suffered from the superficial focus, both of which reduced useable SWE signals in the tissue. While 

SWE signal was strong in the scan for D1, that acquisition suffered from poor coupling, making it 

difficult to segment the tissues effectively and disrupting signal in key areas.  

Prior work has investigated regional differences in the mechanical properties of the plantar soft 

tissues using ex vivo and indentation methods (Figure 8-8). Pai et. al reported highest modulus and 

energy loss in compression of the plantar fat beneath the first metatarsal head, and decreasing 

modulus and energy loss moving through the third and fifth metatarsals, hallux, lateral midfoot, 

and calcaneus22. The same group reported that the compressive modulus of the skin was lowest at 

the metatarsal heads, higher at the hallux, and highest in the lateral midfoot and calcaneus24. While 

the SWE data support the finding of higher modulus in the forefoot plantar fat, the other regional 

trends are in contrast. Regional data from normal (compressive) indentation tests vary, with some 

studies reporting higher moduli182 at the hindfoot and others reporting higher moduli at the 

forefoot35,357(Figure 8-8). The most similar trends are found between initial shear moduli of the 
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Table 8.6-2: Comparison of prior measurements of the shear wave speed and elastic modulus 

from shear wave elastography to the current work. 

Author  Tissue type 
SWS 

(m/s) 

E 

(kPa) 

current fat (D) 3.4 45.8 

current fat (ND) 3.9 63.1 

Mo191 fat (hallux)  12.9 

Mo fat (macrochambers)  10.8 

Wu184 fat (macrochambers)  21.7 

Lin155 fat (macrochambers)  26.3 

Mo fat (microchambers)  18.8 

Wu fat (microchambers)  103.8 

Lin fat (microchambers)  60.9 

Mo fat (MTH1)  11.5 

Mo fat (MTH4)  13.8 

Mo fat (whole heel pad)  12.2 

Wu fat (whole heel pad)  39.4 

Lin fat (whole heel pad)  31.8 

current plantar fascia (D) 0.01 0.08 

current plantar fascia (ND) 0.07 0.97 

Alviti345 plantar fascia 5.13  

Beydogan346 plantar fascia 4.78  

Gatz347 plantar fascia  124.1 

Gatz plantar fascia  82.23 

Schillizzi348 plantar fascia 5.04  

Baur349 plantar fascia 6.5 150 

Chino350 
plantar fascia 

(proximal) 
5.58  

Chino plantar fascia (distal) 8.8  

Jiang351 plantar fascia  58.14 

Chen352 plantar fascia 6.44  

current skin (D) 3.31 50.5 

current skin (ND) 3.38 62.21 

Yang 353 Skin (finger)  35.5 

Yang 354 Skin (finger)  30.3 

Xiang355 Skin (finger)  34.97 

Sobolewski356 Skin (finger)  28.25 

Sobolewski Skin (foot)  33.97 
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fat reported by Pai et. al and the moduli derived from SWE, demonstrating increased modulus at 

the forefoot and hindfoot and lower modulus at the toe and midfoot.  

All of the moduli reported from SWE are lower than those reported from mechanical and 

indentation tests. Prior work comparing mechanical and SWE methods have demonstrated similar 

trends but lower absolute values91 (Appendix A.2). This is likely due in part to the lower 

displacement initiated during SWE propagation, lower compression during SWE acquisition, and 

nonlinear viscoelastic nature of biological tissue. Additional work is required in comparing SWE 

and mechanical modulus values for direct comparison between studies using different techniques.  

 

Figure 8-8: Comparison of prior moduli measured using mechanical and indentation methods to 

moduli measured using SWE from the current work. 

8.6.4 Segmentation  
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11 bones and 10 different soft tissue structures were successfully segmented from the weighted 

ultrasound scans for subject C1 and C2, demonstrating the feasibility of weight bearing volumetric 

ultrasound for volumetric analyses or finite element modelling. One appreciable deterrent from 

use of volumetric ultrasound is the lack of available tools to aid segmentation in this modality. 

Whereas MRI and CT naturally lend themselves to intensity displays wherein different tissues are 

typically segmented at least initially by thresholding based on different intensities, the 

differentiation of tissues on ultrasound relies on bright boundaries and textural differences. 

Therefore, commercially available and open source programs for segmenting medical images are 

currently ill equipped to reduce the manual burden of segmentation. As a result, these 

segmentations must be performed manually by a user with significant knowledge of both 

ultrasound and the plantar anatomy and with access to reference illustrations at great temporal cost. 

An important area of future work is to reduce the time required to perform these segmentations 

through use of computational methods like texture-based feature descriptors or convolutional 

neural networks. Such methods have previously been investigated for segmentation of ultrasound 

images and volumes in whole breast ultrasound 78,358–361.  

The segmentations demonstrated in this work have not been validated relative to a different 

modality and the boundaries are not consistently smooth. There is some trained guesswork 

involved in the boundaries displayed here. This would likely be improved by further additional 

fine tuning of the ultrasound acquisition parameters and could potentially be alleviated with a more 

customizable ultrasound sequence. Additionally, future work on this area should devise a 

validation study similar to the one performed here with CT in which soft tissue volumes segmented 

from unweighted scans are compared to scans of the same subject using another soft tissue imaging 

modality such as MRI which can be segmented more easily using thresholding tools currently 
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available in medical image viewing software. These scans could also provide a ‘gold standard’ 

external validation against which to compare automated segmentation methods.  

8.6.4.1 Muscle volume  

Smaller and deeper muscles, such as the abductor hallucis and adductor hallucis, lumbricals, and 

flexor digiti minimi brevis may be underestimated in this analysis, likely in part due to the 

reduction in clarity with depth. More superficial muscles like the flexor digitorum brevis and 

quadratus plantae are closer to previously reported values (Table 8.6-3).  The reported value for 

total muscle volume is the sum of all muscle volumes in C2. However, this value does not include 

most lumbricals and excludes all interossei, which are often included in other studies. Therefore, 

a direct comparison between the current work and some prior work is difficult362–364. However, 

Kura et. al. similarly report only individual muscle volumes and comparison of the muscle volumes 

reported in the current work and those in the work of Kura et. al yields a relatively similar sum of 

muscle volumes365.   

Table 8.6-3: Comparison of prior muscle volume measurements to those obtained using 

segmentations of ultrasound volumes. 

paper units AbdM AbdH AddH FDB FDMB FHB QP Lumbrical All 

C2 (weighted) cm3 5.9 6.9 4.7 16.6 1.4 12.1 10.7 0.1 58.4* 

Kusagawa 2022366 cm3 13.8 18.7 13.8 15.4  12.9 9.8  85.9 

Kura 1997367 cm3 8.8 15.2 10.2 11.0 3.4 6.5 8.0 0.6 65.2* 

Abe 2016368 cm3    9.3      

Chang 2012369 cm3         110 

Kimura 2020364 cm3         115 

 

The current work uses a weighted scan while the prior work does not. This could also contribute 

to the discrepancies (Table 8.6-3) as muscles are expected to deform with weightbearing and are 

not perfectly incompressible. Ultimately, additional validation experiments and further refining of 
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focus depth, total image depth, and brightness and power parameters should be undertaken for 

reliable use of these ultrasound volumes for muscle volume study.   

8.6.5 Deformation  

This work presents comprehensive volumetric strain vectors derived from the deformation from a 

seated to a static standing state. Previously, attempts to obtain this information have involved 

subject-specific finite element models and partial foot MRI analyses.  

Using a finite element model consisting of 30 bones, 134 ligaments, and plantar fascia modeled as 

linear elastic with varying moduli and general soft tissue modeled as hyperelastic second-order 

polynomial, Chen at. al. found that internal strain at the level of the metatarsal heads was non-

uniformly distributed, with higher magnitude displacement at the fifth metatarsal than at the 

first219. The pattern in vertical displacement for both C1 and C2 differed in that maximum vertical 

displacement was located under the second and third metatarsals rather than the fifth (Figure 8-9, 

top left). The gradient of displacement was also inverted due to different definitions of load (plate 

moving up in Chen 2010, bones moving down in the present work). In the ultrasound volume DVC 

results, despite care taken to align the plates, the DVC vertical displacement results indicate 

movement in the superior direction near the plate face that could interfere with comparison of these 

gradients. Future work should investigate in greater detail the sensitivity of the DVC output to the 

loaded-unloaded registration to ensure that values close to the plate are representative of true 

motion.  

Using a finite element model consisting of 30 bones, 134 ligaments, plantar fascia, Achilles, and 

extrinsic flexors represented as linear elastic materials with varying moduli surrounded by a 

general bulk soft tissue represented by an Ogden hyperelastic model, Chen et. al determined that 

plantar soft tissue thickness is positively correlated with minimum principal strain, and 
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demonstrated that minimum principal strain occurs under the metatarsophalangeal joint for the 

second metatarsal head329. Measurements under the second metatarsal head from subject C1 

demonstrated the opposite pattern, with the maximum value of the minimum principal strain 

occurring under the metatarsophalangeal joint, while from subject C2, there was a slightly but not 

substantially or uniformly lower value of minimum principal strain under the second metatarsal 

head and the measurements overall were noisy(Figure 8-9, top right). The maximum magnitude of 

the strains reported for subjects C1 and C2 are also about 50% higher than those reported in the 

literature329. The magnitude of minimum principal strain at the second metatarsal head of subject 

C1, while not the minim value for the region, is similar in value to those obtained by Chen et. al 

using a 7.6mm – 10.2mm tissue thickness, and the tissue thickness at the second metatarsal head 

for subject C1 is about 10 mm. The magnitude of minimum principal strain at the second metatarsal 

head of subject C2, is larger in value than those obtained by Chen et. al using a the smallest 

(2.5mm) tissue thickness, and the tissue thickness at the second metatarsal head for subject C2 is 

also about 10 mm. This finite element model was performed to study different insole conditions, 

so it is possible that the model is not directly comparable to the barefoot ultrasound volume 

correlation.  

Focusing on the plantar fascia, Peng et. al created a muscle-driven flatfoot finite element model 

using 20 bones, ligaments, and plantar fascia modeled as linear elastic materials, general bulk soft 

tissue modeled as a second order polynomial hyperelastic material, and skin modeled as a first-

order Odgen hyperelastic material203.  They simulated different orthotic conditions with variations 

in arch height, inclination angle, heel cup height, and material stiffness. Reported strain varied 

from 0 – 1% stretch in the longitudinal direction and was higher on the medial side of the fascia 

and lower on the lateral side. The longitudinal strain maps of the plantar fascia of subject C1 and  
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Figure 8-9: Top left: Minimum principal strain under the second metatarsal head from Chen 

(2015, reproduced with permission) and from subjects C1 and C2. Strain for subjects C1 and C2 

is in units of %. Right: Vertical displacement under the metatarsal heads in Chen (2010, 

reproduced with permisson) and for subjects C1 and C2. Chen (2015) chose the bones as fixed 

while we define the plate as fixed. Bottom Left: Principal strain in the plantar fascia under 

different orthotic conditions from Peng (2022 reproduced under creative commons license) and 

from subjects C1 and C2 (units in %). Peng (2022) does not include the lateral branch but does 

include the tendon slips.  
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C2 during barefoot static loading do not display any anterior-posterior or medial-lateral variation 

(Figure 8-9, bottom left). The difference between these results could be related to the difference in 

footwear conditions between the model and the in vivo measurement. The presence of an arched 

insole would encourage additional stretching of the plantar fascia around the arch shape and likely 

promote a medial-lateral strain gradient as the arch support sloped down laterally. Both C1 and C2 

were acquired in a water bath condition and therefore, there was no support or external interference 

in the medial arch. Weighted volumetric ultrasound scans using molded gel couplants could have 

more similar effects to those reported by Peng et. al., and the effect of the gel couplant on 

mechanical results should be considered in future validation of the ultrasound volumes and 

deformation.  

Using a model consisting of fat modeled as a first order Ogden hyperelastic material, skin modeled 

as an Isihara’s Law hyperelastic material, bulk intrinsic muscles modeled as Yeoh’s law 

hyperelastic, and the calcaneus modeled as rigid, Trebbi et. al. compared internal strain patterns at 

the heel to those obtained using MRI204. This group also compared other constitutive models for 

the same tissue groups. Unlike the models presented in Trebbi 2021, the maximum principal shear 

strain maps of subjects C1 and C2 do not demonstrate any regional gradients at the inferior point 

of the calcaneus, nor are there clear gradients in this variable throughout the volume (Figure 8-11). 

Shear strain has long been hypothesized as a means of injury initiation in the development of 

plantar ulcers6, making high shear strains a feature of interest. Further investigation should be 

performed into the heterogeneity of the maximum shear strain in the ultrasound-based deformation 

to better understand how shear strain may be related to the overall tissue mechanics.  

Using a model of 26 bones, plantar fascia, 53 ligaments, a 3 layer model of the plantar soft tissue, 

and skin modeled with a variety of element shapes and types as linear elastic (bone, tendons, 
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ligaments, fascia) or first order Ogden hyperelastic (plantar soft tissue) Mo et. al, described the 

effect of different plantar soft tissue thicknesses and moduli on the compressive strain at the 

heel191. They found that increased tissue thickness at the heel resulted in increased compressive 

strain while increased stiffness led to decreased compressive strain. The tissue thickness at the heel 

of subject C1 from the CT scan measurements was 18.44mm while for subject C1 was 10.34 mm. 

These correspond roughly to the largest and smallest thicknesses studied by Mo et. al. 

Unfortunately, SWE signal at the heel of subject C1 was poor, so comparison of moduli between 

the two subjects is difficult, but the stiffness from the maps created using DVC and plantar pressure 

suggest similar stiffnesses between the two subjects with that of C1 slightly elevated. From this, 

C1 would be expected to have higher compressive strain at the heel than subject C2 based on the 

results of Mo et. al. While the strain maps are heterogeneous, the values at the calcaneus of C1 are 

lower on average than those of subject C2, indicating more compressive strain, in agreement with 

the finite element model (Figure 8-10).   

 

Figure 8-10: Left, effect of tissue thickness and stiffness on compressive strain from Mo et. al. 

(2019, Annals biomed Eng 47:12, 2364, reproduced with permission) units in mm/mm. Right. 

Compressive strain measured using DVC of ultrasound volumes. Units in %.  
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Recognizing the limitations of uniaxial measurements and computational models, two groups have 

used MRI to make in vivo volumetric strain measurements. Trebbi et. al  developed an MRI-

compatible normal and shear loading device for the heel capable of applying up to 15N in normal  

 
Figure 8-11: Left : Vertical displacement measured by Trebbi (2022, Med Eng & Phys 108, 1-

10, reproduced with permission) compared to vertical displacement in subjects C1 and C2 at the 

heel. Middle: Maximum shear strain measured by Trebbi (2022, Med Eng & Phys 108, 1-10, 

reproduced with permission) compared to maximum shear strain in in subjects C1 and C2 at the 

heel. Right: Anterior-posterior displacement measured by Trebbi (2021, Med Eng & Phys 98,25-

132, reproduced with permission) compared to anterior-posterior displacement in subjects C1 

and C2 at the heel. Note the difference in definition of the anterior-posterior axis between 

studies. Units for subject C1 and C2 are mm, %, mm.  
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and 45N in shear, and acquired loaded and unloaded 3T scans of a single subject (healthy control, 

40 y/o, bodyweight not reported)202,217.  The resulting scan had a resolution of 

0.3125x0.375x0.3125mm. The calcaneus of the loaded and unloaded volumes were rigidly 

registered and deformable registration was performed using open-source software. The authors 

reported maps of inferior-superior and anterior-posterior displacement202 as well as vertical and 

maximum shear strain217 under low normal (14.9N) and low normal- high shear (15.9 N / 45 N) 

conditions. The displacement maps generated from DVC of subjects C1 and C2 are more similar 

in vertical and longitudinal displacement to the normal + shear condition (Figure 8-11). However, 

while Trebbi et. al report a clear gradient of maximum Green Lagrange shear strain at the anterior-

inferior calcaneus, the maximum shear strain measured for subjects C1 and C2 does not form clear 

gradients at the heel.  

Williams et. al29 developed an MRI-compatible loading device to apply load normal to the heel 

and used gated-MRI imaging to obtain dynamic loading information for 8 loading steps from 0% 

to 25% bodyweight at a rate of 0.2Hz. The resulting scans had a resolution of 1mm3. Applied load 

was measured using a calibrated pressure sensor and displacement was measured from the MRI as 

the distance between the platen and the inferior aspect of the calcaneus. Gated MRI was acquired 

for one subject with diabetes and one without. The authors reported displacement of 3-4.2 mm and 

stiffness of 20-57 N/mm for strains from 16% to 22% for the control subject and displacement of 

3-4.1 mm and stiffness of 70-114 N/mm strains from 16% to 22% for the subject with Type I 

diabetes. Given that the applied loads are ¼ BW at maximum, it is difficult to compare this work 

the ½ BW loading applied during the volumetric ultrasound scans. However, the slightly lower 

displacements support the displacements measured in the volumetric ultrasound. However, the 

reported stiffnesses are about 10X those reported for the volumetric scan-plantar pressure analysis.  
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In contrast to these MRI loading devices, the volumetric ultrasound scans represent real loading 

scenarios in which the subject is applying normal muscle tension and complex loading. This 

advantage is clearly demonstrated in comparison to the pure normal and normal plus shear 

measurements of Trebbi et. al202. While they do not report the body weight of the subject measured, 

the 15N normal load is likely less than 5% bodyweight, and the combined 15N plus 45 N load is 

likely less than ¼ BW. While Williams et. al did apply 23% BW, they noted substantial discomfort 

to the subjects. In contrast, in the weight bearing ultrasound scanner, subjects sustain their own 

bodyweight in a comfortable stance and can apply ½ BW or more load to their foot without 

discomfort. Another advantage of the ultrasound scans is the application of load to and imaging of 

the entire plantar soft tissue. Both Trebbi et. al and Williams et. al apply load only to the heel due 

to limitations of the load applying device and the MRI scanner. In contrast, the weight bearing 

ultrasound scanner can measure deformation across the entire plantar surface in biomechanically 

realistic loading scenarios. Additionally, the ultrasound scanning device is inexpensive to 

manufacture, allowing in-house storage that facilitates scheduling relative to MRI which is often 

costly and difficult to access.   

The maximum principal strain occurred at a different location in each subject. However, the pattern 

of maximum strain was consistent between fat, skin, and the total tissue. The maximum principal 

strain for subject C2 traced along the medial boundary of the load bearing midfoot while the 

maximum principal strain for subject C1 occurred on the lateral edge of the load bearing hindfoot. 

The locations of these strains correlate with regions of high but not peak medial-lateral and vertical 

strain. While these locations do not correlate to high plantar pressure, the maximum principal strain 

could be a patient-specific biomarker that might inform localized tissue injury risk.  
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The minimum principal strain occurred in the submetatarsal fat while the subcalcaneal fat 

experienced a lower magnitude minimum principal strain, correlated to more compression of the 

fat at the forefoot and less at the heel (Figure 8-12). The heel pad is composed of almost entirely 

fat while the tissue under the metatarsal heads contains several tendons which make up a 

substantial portion of the bone to plate distance. Plantar fat is typically more compressible than 

tendon, so it makes intuitive sense that the fat in that region would undergo more compression. In 

the skin, the minimum principal strain occurred throughout the load bearing area and was higher 

magnitude than minimum principal strain in the fat. With regards to the total tissue area, the highest 

magnitude minimum principal strain occurred at both the submetatarsal and subcalcaneal regions. 

The minimum principal strain largely corresponds to both load bearing regions and common 

regions of ulceration50.  

 

Figure 8-12: Minimum principal strain for each tissue. The top row is results for subject C1. The 

bottom row is results for subject C2. 
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For decades, finite element models have been the standard for estimating internal strain 

deformation in the plantar soft tissue due to the difficulty of making these measurements in vivo. 

However, these methods are expensive in manual labor, time, and computational power. Finite 

element models of the foot are also difficult to create and validate due to the complexity of the 

geometry, the complexity of the constitutive models required to correctly model biological soft 

tissues, and the difficulty of making in vivo measurements that will act as validation for finite 

element models. Finite element models are sensitive to mesh sizes and the outputs of finite element 

models are not always of high confidence. While DVC methods cannot directly measure internal 

stresses, the measurement of internal strain allows researchers to not only make direct 

measurements of complex three-dimensional strains and the differences therein related to 

pathologies, but is another tool for more rigorously validating the output of the finite element 

models. The estimated time required to process a single subject through tissue-specific ultrasound-

based DVC analysis is about 1-2 weeks, of which most is spent on manual stitching, registration, 

and segmentation. If these tools can be automated, there is potential for obtaining patient-specific 

internal strain in a more temporally and computationally efficient manner.    

8.6.6 Stiffness 

While there were regions of higher force and displacement, these areas tended to be correlated so 

that the overall variation in stiffness was less than 5N/mm (Figure 8-13). Regions of higher 

stiffness on the outer edges of the heel, metatarsal head areas, and hallux were likely due in part 

to noise in the displacement measurement. Additional mean or median filtering could reduce the 

noise to create a less variable map. Higher values, missing values, and general noise on the lateral 

edges of the foot may be related to the curve of the plate creating lower displacement values as the 

displacement is measured in differences between pixel locations, and the bending of the plate under 

loading is more severe toward the lateral edge of the foot, making the location of the lateral edge 
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of the foot more superior relative to the middle of the foot in the weighted condition. Future work 

should investigate a correction method for these values, such as calculating displacement from the 

bone rather than the plate, calculating plate displacement and applying it as an offset to the 

calculated displacement, or changing the material or geometry of the scanning plate to reduce 

bending.  

Prior work has investigated the stiffness of the plantar soft tissue using a variety of in vivo and ex 

vivo point measurements. Prior impact testing applied loads of 223 – 676 N in vivo and 1200 – 

2000 N ex vivo and reported stiffnesses of 8-25 kN/m (initial stiffness, in vivo), 100-175 (final 

stiffness, in vivo), and 900-1160 kN/m (final stiffness, ex vivo)333. Previous work instrumenting a 

shoe to measure dynamic stiffness during walking measured the plantar stiffness at the heel at 26-

40 N/mm306. Prior work using imaging indentation27,370,371, non-imaging indentation372, optical 

coherence tomography air jet373 and imaging and plantar pressure31 systems have measured the 

plantar stiffness at 0.12 – 1.8 N/mm. Stiffnesses of 0.3-1 N/mm at the metatarsal heads, 0.3-0.5 

N/mm at the hallux and 0.5-1.1N/mm at the heel measured using the approach described here are 

similar to values previously obtained using indentation and imaging systems at those same sites. 

Stiffnesses measured in the present work using DVC deformation and static plantar pressure are 

expected to be more similar to the values measured using plantar pressure and indentation systems 

and lower than stiffness measured using impact testing and walking measurements due to the use 

of static plantar pressure loads rather than the higher dynamic loads that impact tests attempt to 

match.  
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Figure 8-13: Comparison of plantar pressure, stiffness, and vertical displacement values and an 

overlay of registered plantar pressure (green) and displacement (purple) 

All of the prior work mentioned measured stiffness in point locations. The extension of stiffness 

measurements to a two-dimensional map opens the potential to create new descriptive statistics 

and better understand the spatial changes in the mechanics of the plantar soft tissue with diabetes. 

Similar to plantar pressure, gradients, local summary variables, and other summarizations of 

stiffness data could be used to better assess the risk of tissue injury or assess changes in stiffness 

patterns with diabetes. Stiffness information could also be used to design custom offloading insoles 

in a similar way to recent work using plantar pressure374.  

8.7 Conclusion 

Plantar soft tissue mechanics have long been of interest to biomechanics researchers and internal 

medicine clinicians treating patients with diabetes. The morbidities associated with diabetes-

related plantar ulceration are significant, and the mechanical etiology of these wounds remains 

unclear, leaving a gap in knowledge that could aid prevention. The development of a load-

bearing ultrasound-based volumetric plantar soft tissue scanner and the associated pipeline for 

measuring internal strain, internal modulus, muscle volume, and regional stiffness represent a 

new way to measure and understand this complex biological structure. 
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8.8 Supplemental Images  

These images add additional information regarding the methods and results presented in chapter 

8.  

8.8.1 SWE errors 

During acquisition of SWE volume scans, both a B-mode image with the SWE overlay was 

acquired from the commercial ultrasound display using the ‘getLiveImage’ command and the ‘last’ 

option, which should save the most recent image. Immediately after, a ‘getSWE’ acquisition was 

performed using the ‘last’ option, which should save the most recent SWE map. The image and 

SWE map were saved to a structure along with the time of acquisition so that the two types of data 

could be easily correlated.  

When comparing the recolored SWE map to the overlaid SWE map, it became clear that the values 

did not always match (Figure 8-14), leading to a change in the protocol and manual matching of 

frames for subjects C1 and C2.  

 
Figure 8-14 Example of shear wave speed ‘images’ that do not match the shear wave map on the 

last acquired frame. 

8.8.2 Validation  

Ultrasound and CT bone-to-plate distances were compared visually using color heat maps and 

quantitatively by matching standardized-sized ROIs placed by a user at corresponding locations. 
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Identifying locations on the less complete ultrasound bone segmentations is challenging, and the 

ROIs are restricted to locations easily segmentable on ultrasound scans.  

 

Figure 8-15 Bone to plate distances for ultrasound (Left) and CT (Right) and ROIs used for 

validation measurements. From top to bottom: C1, C2, C3. The scans for subject D1 were not 

clean enough to segment the required bones with accuracy. 

8.8.3 SWE transverse maps 

SWE signal is noisy by nature, and there were issues with the acquisition of the SWE values for 

several subjects, as previously described. With a clean scan, regional and tissue-specific variations 

in SWS and SWE-derived modulus values could be assessed in a similar way to strain and 

displacement by visualizing averages along the superior-inferior axis in the transverse plane.  
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Figure 8-16 Transverse plane map of regional tissue-specific modulus calculated from shear wave 

speed. Values are averaged along the inferior-superior direction through the thickness of the 

specified tissue. The quality of shear wave data for subjects C1 and C2 is affected by a discrepancy 

in the manufacturer-provided research package. The quality of shear wave data and tissue-specific 

segmentation for subject D1 is affected by issues with ultrasound coupling. 

8.8.4 Tissue-specific strain and displacement 

DVC results were highlighted for skin and fat in the text. However, additional tissue-specific 

strains were visualized and are presented here.  
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Figure 8-17 Strain and vertical displacement of the flexor digitorum brevis, displayed as a 

maximum value in the transverse plane. For each image, top = anterior, bottom = posterior, Left = 

medial, right = lateral. 

                                                  

 
Figure 8-18 Strain and vertical displacement of the adductor hallucis, displayed as a maximum 

value in the transverse plane. For each image, top = anterior, bottom = posterior, Left = medial, 
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right = lateral. The scans for subject C1 were performed with a focus too superficial to accurately 

resolve this muscle. 

 
Figure 8-19 Strain and vertical displacement of the abductor digiti minimi, displayed as a 

maximum value in the transverse plane. For each image, top = anterior, bottom = posterior, Left = 

medial, right = lateral. 

                                                                                   

 

Figure 8-20 Strain and vertical displacement of the quadratus plantae, displayed as a maximum 

value in the transverse plane. For each image, top = anterior, bottom = posterior, Left = medial, 
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right = lateral. The scans for subject C1 were performed with a focus too superficial to accurately 

resolve this muscle.  

 

Figure 8-21 Strain and vertical displacement of the plantar fascia, displayed as a maximum value 

in the transverse plane. For each image, top = anterior, bottom = posterior, left = medial, right = 

lateral. 



257 

 

 

Figure 8-22 Strain and vertical displacement of the total soft tissue volume, displayed as a 

maximum value in the transverse plane. For each image, top = anterior, bottom = posterior, left = 

medial, right = lateral. 

9 Insights and Future Directions 

This work presents development and applications of methods to assess microstructural, 

macrostructural, and mechanical changes in the plantar soft tissue associated with diabetes.   

9.1 Microstructure 

The microstructural aims of this work were to: 

µSA1) Develop a method for automated segmentation of different plantar soft tissues from 

microscopy slides.  

µSA2) Investigate attention mechanisms in order to guide selection of areas and morphological 

parameters of interest with relation to diabetes.  



258 

 

µSA3) Use automated processing to quantify morphological changes to the microstructure of plantar 

soft tissue.  

To address µSA1, texture-based feature descriptors and techniques including regression trees and 

support vector machines were compared to a Unet for the task of segmenting five microstructural 

tissue components from fixed plantar soft tissue sections stained using a modified Hart stain for 

elastin. In agreement with contemporary work, the Unet performed better than the other statistical 

machine learning methods, and the Unet achieved accuracy deemed acceptable for subsequent 

morphological analysis. One of the highlighted successes of this work was the ability to 

discriminate small septal walls so that a comprehensive area analysis of adipose chambers within 

the plantar fat could be automated.  

To address µSA2, an axial-deeplab network with a ResNet26 backbone was employed to classify 

histological images as diabetic or nondiabetic, and the attention layer for each inference was 

overlaid on the input image. Unfortunately, the hardware limitations required the images to be 

down sampled by a factor of more than 10, and the resulting attention layer was downsampled 

further, making the attention information broad and difficult to correlate to small images features 

common in histology.  

To address µSA3, the Unet from µSA1 was employed to segment 323 histology images into five 

tissue classes, and the resulting segmented images were used to create label masks for 

morphological analysis. This largely automated method was used to determine that the adipose 

chambers in the superficial layer of plantar fat are smaller than the chambers in the deeper layer 

of adipose fat, and that the size of deeper chambers is decreased and the size of superficial 

chambers is increased with diabetes. This adds quantitative validation to prior qualitative 

observations of differences in chamber size with depth, and adds additional new information about 
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the microstructural changes associated with diabetes. This change in microstructure may have 

implications for tissue injury, as the combination of thicker, frayed septal walls and smaller 

adipose chambers in the thicker deep layer of plantar fat could partially explain the higher modulus 

previously measured22,23. The potential for increased stress in deeper layers of plantar fat and 

reduced load resistance in the superficial layer could create stress and strain patterns in contrast to 

those that form in non-diabetic tissue and make the tissue more susceptible to injury.  

The microstructural basis for macromechanical properties is well-established in classic 

engineering and materials disciplines, but is not always a focus of biomechanical inquiry due to 

the large range of skills required to bridge the two fields. However, integration of both approaches 

helps to provide broader understanding of pathological changes, such as those associated with 

diabetes. Often clinical treatments are a combination of pharmacochemical and manual or 

biomechanical approaches, and a more in-depth understanding of how the two work together can 

help optimize these combinations.  

One of the challenges associated with performing microstructural analyses is the time-consuming 

manual measurement of repetitive structures at different locations and carefully selecting 

measurements and locations to avoid biasing two-dimensional measurements of three-dimensional 

structures55,110. Much work, including the work reported in chapters 3 and 4 aims to mitigate this 

challenge through computational methods. Various groups are also pioneering the field of three-

dimensional microscopy375,376 and using computational techniques to apply various staining 

appearances377–379. All of these techniques can help streamline the workflow associated with 

microscopic structural study and may enable more comprehensive descriptive and quantitative 

analyses.  
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However, while human processing is effective and efficient at discriminating differences based on 

texture, this has historically been a challenge for computational methods, as noted in chapters 3 

and 8. Deep convolutional neural networks have begun to bridge this gap in image processing, but 

for medical applications, the decision making process is important. The addition of attention and 

interpretability methods to medical image processing pipelines is starting to address this concern 

as well. The emerging field of interpretable neural networks have the potential to improve the 

confidence in and applicability of these types of models to understanding of biological structures 

and improving clinical care.  

Future work building on the investigations presented in chapters 3 and 4 should pursue larger GPU 

units to allow processing of higher resolution images and more fine-grained attention. Another 

way that this work could be expanded to provide additional insight is through using the additional 

two stains used on samples from the same work55. These could be used to develop stain-agnostic 

segmentation methods380,381 or to identify differences in attention based on stains used to 

emphasize different structures. Three-dimensional microscopy could extend these insights to 

better describe the complexity of the three-dimensional structure of the adipose tissue. Such an 

analysis could provide richer information about the way that the adipose-septal wall relationship 

changes with diabetes and location and how that creates a material with a higher elastic modulus. 

An expansion of the work in24,56 to allow regression between mechanical and image data with 

attention could be used to better correlate microstructural changes with mechanics as in both of 

those analyses the mechanical, microstructural, and biochemical data did not show strong 

associations.  

9.2 Macrostructure and Mechanics 

The macrostructural and mechanical aims of this work were to: 
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mmSA1) Develop a mechanical system and the necessary software to generate a three-dimensional 

scan of the entire plantar soft tissue, using B-mode ultrasound for structural information and shear 

wave elastography for tissue properties.  

mmSA2) Collect plantar soft tissue scans for 7 diabetic non-neuropathic subjects and 7 non-diabetic 

subjects.  

mmSA3) Analyze these scans using segmentation and strain information calculated with digital 

volume correlation as well as an interpretable classification neural network.  

To address mmSA1, an elevated scanning platform was constructed featuring a motorized two-

axis horizontal translation system, an acoustically transparent load-bearing plate, and custom-

molded coupling gels. The ability to acquire volumetric scans of the plantar soft tissue under 

normal loading addresses many of the limitations associated with prior work using uniaxial force 

or bi-axial force, single-line or planar imaging, supine acquisitions, or partial foot analysis. This 

technology has the potential to advance research in several areas of foot biomechanics including 

but not limited to diabetes, plantar fasciitis, and heel pain.  

To address mmSA2, the volumetric scanner was used to collect loaded, unloaded, and SWE scans 

for 3 non-diabetic and 1 diabetic subject. While this is fewer subjects than initially intended, and 

the sample size is too small to draw meaningful inference about population differences, the 

methods developed will enable additional future data collection with minimal startup time.  

To address mmSA3, the loaded and unloaded scans were processed using digital volume 

correlation and displacement and normal and shear strain were extracted for the three anatomical 

axes. Scans were compared to computed tomography to assess the accuracy of measurements 

through the acoustically transparent plate, displacements were correlated with plantar pressure to 
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obtain regional stiffness maps, and scans were segmented to obtain tissue-specific strain and SWE 

values as well as to assess tissue morphology. While the sample size was insufficient to process 

scans using the neural networks proposed, the development of the analysis methods described 

allow future work using volumetric ultrasound scans to be directly compared to prior work and 

expands prior measurements into two (stiffness) or three (modulus, strain) dimensions. The 

introduction of additional dimensions to previously devised measurements allows interrogation of 

previously unmeasured quantities and the evaluation of long-standing hypothesis about the 

mechanical etiology of plantar ulceration.  

There are many directions that this work could be taken. A few of the limitations of and possible 

improvements to this work are enumerated below.  

9.2.1 Scanner Hardware 

A current limitation of the scanner hardware is the time required to obtain a scan. The longitudinal 

resolution is restricted to a minimum of 0.4-0.5mm depending on the length of the foot due to 

concerns about subject motion, exposure to moisture, and overall data collection time. This limits 

the number of scans that can be taken in one data collection session to the two unweighted B-

mode, one SWE, and one weighted B-mode scans described previously. The long scan time also 

makes it more difficult to translate this technology to clinical practice. There are several ways that 

the scan time could be reduced. One way would be to change the transducer technology. Custom 

transducer arrays can be manufactured in different geometries and with different numbers of 

elements. One possible design solution would be a wider transducer array with more elements to 

eliminate the need for multiple passes. This could reduce the scan time from 9-14 minutes to 3-4.5 

minutes at the current resolution. The present transducer is 50mm wide and has 256 elements. An 

analysis of 1.2 million foot measurements reported widths ranging from 70 -130mm with averages 
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ranging from 85 to 110 across different foot lengths382. A custom-designed transducer with a width 

of 110mm would be able to scan most feet in one longitudinal pass. Based on the metrics of the 

current transducer, such a design would require around 570 elements. Currently available matrix 

array technology, which allow acquisition of small volumes at similar frame rates to linear array 

transducers, include transducers with up to 1024 elements, seemingly indicating the feasibility of 

this idea. Another idea would be to use multiple commercially available linear arrays and sync or 

stagger their acquisitions. To again allow acquisition of more than one area per motor move or to 

reduce the number of passes required for a full scan. However, both of these solutions would 

require use of a research ultrasound to allow the use of a custom transducer, and therefore would 

require a significant investment in ultrasound processing schemes. This would also increase the 

cost of the system and could reduce the ease of translation to other research groups and clinicians. 

However, the reduction in acquisition time could enable acquisition of more types of data such as 

different loading rates (0, 25%, 50%, 100% BW) or conditions, could reduce medial-lateral 

bending of the plate, and could increase scan resolution. In the case of a single, wide linear array, 

such a change in hardware would also substantially reduce time required to reconstruct the 

volumes, assuming similar temporal reconstruction of send-receive signals as is currently available 

on commercial machines, as there would no longer be a need for stitching multiple passes together.  

Use of a research ultrasound rather than a commercial ultrasound could also allow more 

customization of sequences, which may be able to overcome some of the limitations of the 

interfering plate. However, this would again require substantial time to develop, validate, and 

assess for safety.  

The current scanner is quite large and elevated, in part due to the geometry of the transducer. A 

future iteration of the scanner could be made more portable by creating a transducer with a custom, 
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flat housing and cables and electrical components lateral to the transducer face rather than inferior 

to it. A reduction in the height of the scanner would allow it to be used without the elevated 

platform, making it easier to integrate into different research and clinical protocols. This would 

also make it easier to store and move.  

9.2.2 Scanner Software 

The processing pipeline for the volumetric ultrasound scans is at this point largely manual. 

However, there are many examples in the literature of groups developing more automated methods 

for many of these tasks. The most time-consuming task in the pipeline is segmenting the ultrasound 

volumes. Current medical imaging software is designed for CT and MRI scans, in which different 

tissues typically appear with relatively uniform intensity within a tissue that is different from the 

intensity of a different tissue. Most segmentation methods take advantage of this property and are 

based on thresholding techniques. However, in ultrasound, tissues are differentiated by their 

texture and reflective boundaries rather than uniform intensity, making most commercially 

available tools a poor fit. As a result, manual segmentation involves manually drawing in tissue 

boundaries. However, several groups have published work addressing the problem of ultrasound 

segmentation. Neural networks have been implemented for segmentation of automated whole 

breast ultrasound (AWBUS) volumes using methods from basic encoder-decoder networks359 to 

more recent attention-based methods358,360,383. In planar ultrasound, segmentation algorithms have 

been applied to the kidney384, prostate385, vessels and nerves386. Future work on this project should 

investigate training a neural network for the specific difficult task of segmenting the soft tissues 

from the ultrasound volumes. Unet variants have proven performant for difficult textural 

segmentation tasks174, and the Unet encoder-decoder structure has even been developed into a 
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versatile hyperparameter optimization automated method designed specifically for medical 

images80. 

A similarly temporally expensive task is stitching the ultrasound volumes. This is also done 

manually by stepping through each longitudinal position and making small adjustments to align 

images from different passes. Various groups have investigated automated methods for stitching 

ultrasound volumes from a variety of acquisition types. Many methods are based on the three-

dimensional tracking of an instrumented ultrasound probe so that the exact position of the 

transducer can be used to accurately place the image in the volume324,325,387,388, however, there 

have also been image processing approaches307,389–392. Future work on this project should prioritize 

automating the stitching process.   

Finally, another area of computational interest is developing an attention network to perform 

classification of ultrasound volumes. There are a variety of ways this could be implemented and 

numerous potential insights that could be derived. One method would be taking loaded or unloaded 

ultrasound volumes, or both, and developing a classification or regression network based on other 

metrics associated with ulcer risk. This could be an effective way to translate an image volume to 

a meaningful metric. Addition of attention to such a network could further help identify image 

features associated with increased risk. Those features could be applied to two-dimensional 

ultrasound clinically as a biomarker for predicting and preventing ulceration. This would be an 

additionally useful approach in a longitudinal follow up study where volumetric ultrasound 

structural, deformation, and SWE stiffness features could be correlated with ulcer development. A 

similar approach could be applied to graded progression of comorbidities such as neuropathy to 

better assess how progression of these pathologies changes structural and material characteristics.  

Finally, a network capable of using multimodal input such as CT, plantar pressure, loaded and 
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unloaded volumes or deformation values, and SWE volumes could help identify the combination 

of metrics most useful for assessing ulcer risk and predicting future ulceration. 
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A Appendix A: Development of tissue-mimicking phantoms, evaluation of 

shear wave elastography at high strain, and comparison to mechanical 

testing  

This work was performed in collaboration with Austin Ellis, a UWSOM student as part of the 

independent investigative inquiry program. A portion of A.2 was accepted to the Orthopaedic 

Research Society annual meeting, and A.2 and portions of A.1 are in preparation for submission 

to the journal Physics in Medicine and Biology. 

A.1  Development of the phantoms 

A.1.1 Introduction 

Medical imaging phantoms are used to test medical imaging methods without risk to human 

subjects or patients. Phantoms can be used to test new protocols or for quality assurance to ensure 

that equipment is functioning as intended and expected. Phantoms should closely match the 

relevant physical properties of the biological tissue of interest. Gelatin is a common material in 

ultrasound phantoms, and prior work has detailed many ways to modulate its color, speed of sound, 

mechanical properties, backscatter, and attenuation to more closely match biological tissues. One 

property of particular importance for testing shear wave elastography (SWE) protocols is the 

speckle pattern texture as the speckles are used to track the propagation of the shear wave. Two 

common additives to create a textured speckle pattern include graphite and glass microspheres. 

However, these materials are not always easy or cost effective to obtain. The purpose of this work 

is to assess the effectiveness of commonly available items for use as speckle additives in gelatin 

ultrasound phantoms used for comparing SWE values to those obtained using mechanical testing. 

One challenge associated with creating gelatin phantoms capable of both SWE and mechanical 
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testing is the requirement for the mechanical test specimen to be regularly shaped and flat on both 

the top and bottom to prevent irregular loading and slipping from between the clamps during 

dynamic loading. In order to accomplish several hundred regular specimens meeting these 

requirements, they were molded. However, this molding and demolding process required that the 

test specimens not be flipped, severely shaken, or otherwise disturbed during curing so as to 

preserve the smooth and flat quasi-frictionless compression platen contact surfaces. 

A.1.2 Materials 

A.1.2.1 Craft materials 

Glitter is typically made from layered plastic polymers and reflective material such as aluminum. 

Some less reflective glitters may also be made from plastic polymers alone. Many plastic polymers 

have acoustic properties that are much closer to those of soft tissue than most metals.  Glitter is 

often sold by size, making it easy to identify the average diameter of glitter particles. However, 

glitter often is not spherical, potentially disrupting its usefulness as a scattering material.  

A.1.2.2 Kitchen materials 

Some prior work has used cellulose as a scattering material (Franceschini 2010). Cellulose is the 

primary saccharide in the cell wall of most plants, making it a significant component of plant-

derived spices. Spices are typically ground into relatively fine powders, which could be used as 

scattering materials. However, the resulting particles are not regulated by size.  

A.1.2.3 Hobby materials 

Aluminum oxide (Al2O3) and silicon carbide (SiC) are commonly used at various grit levels for 

polishing rocks. Grit levels generally correspond to specific particle diameters, making them easier 

to match to prior work using regulated particle sizes. (Graham) (Table A.1).   
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Table A.1-1 Example of conversion between grit and microns, reproduced from Graham (3). 

Grit μm 

100,00 0.25 
14,000 1 

8000 3 

3000 6.8 
600 30 

225 90 

A.1.2.4 Scientific materials 

Prior work has used graphite as a scattering material (Anderson 2011). Scientific quality graphite 

of <20um was purchased from Sigma Aldrich (St. Louis, MO, USA). The <20um was chosen based 

on the work of Dunmire using aluminum oxide as well as Anderson 2011 using graphite. Anderson 

et. al measure changes in acoustic properties with addition of graphite in a dose-response fashion. 

They found that addition of graphite increased shear wave speed as well as attenuation, but did not 

affect longitudinal sound speed.  Graphite was purchased in the form of graphite lubricant used for 

locks. 

A.1.2.5 Filters 

Some materials are tightly controlled with a reliable particle size, while others can have large 

variability in the particle size represented in a given volume of material. One hypothesis was that 

large particles, having more mass, might sink to the bottom of the phantom, causing the increased 

settling, and therefore, filtering out the larger particles and using only the smaller particles may 

achieve the even distribution of scattering particles desired. IN an effort to control particle sizes of 

les regulated materials like spices, filter paper was acquired in 5-10μm, 10-15μm and 20-25μm 

pore diameters.  

A.1.2.6 pH 
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Gelatin can solidify either by hydrogen bonding, a weaker bond formed by attraction between 

unevenly charged bonded atoms on of molecules, or by crosslinking covalent bonds, which are 

stronger bonds formed when molecules share electrons. The pH of the gelatin solution, a measure 

of the number of free electrons available in a solution, can affect the charge distribution and density 

of solidified gelatin. Higher pH may lead to more covalent crosslinking bonds, creating a stronger 

gelatin (Farris 2010). Additional studies have also correlated higher pH with higher melting 

temperature, further supporting the theory of increased crosslinking compared to hydrogen bond 

gelation. (Osorio 2007). Due to the potential effect of pH and water contaminants on gelatin bond 

formation, the pH of water used was measured, and gelatin phantoms were made from both tap 

and distilled water.  

A.1.2.7 Pouring temperature 

There are various methods reported in the literature for manufacturing gelatin phantoms, which 

include various temperatures at which the gelatin is poured into a mold and allowed to set. Some 

prior work has poured and degassed gelatin mixtures at high temperatures. Some prior work uses 

continuous mixing methods to maintain even particulate distribution throughout molten mixtures 

during cooling. Due to the need for plat molded surfaces, stirring was not an option, so lower 

pouring temperatures were investigated so that the gelatin mixture would be more viscous and set 

more quickly, leaving less time for scatterers to settle out of solution.  

A.1.3 Methods 

Phantoms were manufactured from 10% w/w gelatin, as scatterer settling was observed to increase 

with lower gelatin concentration.  580 mg gelatin was mixed with 5mL water until thoroughly 

saturated and then heated to 90C. The mixture was allowed to clarify and then the heat was reduced 

to 45ᵒC. At this temperature, scattering components were added and vigorously mixed before 
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pouring into 1” diameter x 0.5” tall molds. Phantoms were allowed to cure at room temperature 

overnight. 

In order to test the hypothesis that shorter cooling time would alleviate scatterer settling, a second 

set of phantoms were mixed and poured into molds at temperatures: 38, 33, and 29 deg. C. This 

second set of phantoms used a subset of scattering materials chosen from the initial round of 

testing. 

A.1.3.1 Microscopy 

In order to investigate the hypothesis that larger particles settled to the bottom of the phantoms 

and to identify the ideal particle size for the scatterers, phantoms were thinly sliced with a razor 

blade at the center of the sample and placed on a glass slide. The phantoms were then imaged at 

10x magnification on a Nikon Eclipse i80 and images were captured using an attached digital 

camera in the Nikon NIS elements software. Images were acquired across the height of the sample, 

and a random sample of particles within the field of view were manually measured using the 

measurement tools in the NIS-Elements software.  

A.1.3.2 Mechanical testing 

In order to assess this, whether addition of scattering materials substantially affect the mechanics 

of the phantoms, samples were mechanically tested according to the intended protocol and 

compared to gelatin samples with no inclusions. 

A.1.3.3 Ultrasound 

In order to assess the visibility of the phantoms on ultrasound as well as the ability to measure 

shear wave elastography, phantoms were scanned in SWE mode using an Aixplorer and an SL18-

5 probe. Phantoms were imaged in resolution mode with standard SWE optimization using the 
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foot & ankle preset. The focus was set at the middle of the phantom, the sound speed was set to 

1540m/s, the dynamic range was set to 62db and the gain was adjusted for each image.  The quality 

and consistency of SWE signal was assessed as well as the clarity of the phantom texture and the 

attenuation through the sample.  

A.1.4 Results 

A.1.4.1 Scatterer size and distribution 

Representative images from each of 4 scattering materials can be seen in Figure A.1.1.  

Over the depth of the Al2O3 phantom, the suspended particles increased from 5um on average at 

the top to 10 um on average in the middle of the sample to around 20 um on average at the bottom 

of the sample. These phantoms also had a gradient of particles that caused a visible color gradient 

throughout the sample. Particles were irregularly shaped, but discrete, distinct, and rock-like in 

appearance.  

Over the depth of the embossing powder phantom, particles were apparent at the top and bottoms 

surfaces, and though dense and occluding, making them difficult to measure, the average size of 

these particles was between 80 and 200 um. Very few particles were present at the midsection of 

the phantom, however, in this middle section heterogeneous orange-red sections, that had a 

smeared fluid like appearance were abundant. On the macroscale, again, a gradient of particles 

through the sample was apparent, however, the larger particles gathered at both the top and the 

bottom of the sample while few particles were suspended in the middle.  

Over the depth of the Silicon carbide phantom, particles ranged somewhat in size, with the average 

particle size being around5 um at the top of the phantom, giving way to an average particle size 
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around 15 um through the middle and bottom of the phantom. Particles were irregularly shaped 

and rock-like in appearance but were discrete and distinct. 

The paprika phantom contained particles of widely varying sizes, from around 15 um to over 200 

um. Particles were few in number, widely spaced, and irregularly shaped, with many particles 

having long cylindrical shapes while others were more circular. In addition to these particles, 

highly regular, circular blobs with the appearance of oil immersion were also present. These blobs 

had a typical size of around 10-20 um.  

 

Figure A-1 Microscopy of phantom slice from the top of the sample (exposed to air) to the 

bottom of the sample (touching the inferior surface of the mold). From left to right: Al2O3, 

Embossing powder, Silicon Carbide, Paprika. 

A.1.4.2 Mechanical properties 



333 

 

The final modulus 

for the tested 

samples can be 

seen in Figure 

A.1.2. All 

scatterers increased 

the modulus of the 

tested phantoms. 

However, the 

increase in 

modulus appeared 

to be more related to the specific material added rather than total the volume or mass of scatterers 

added. Silicon carbide, Mica, and aluminum oxide, all inert powdered particles, all behaved 

similarly, increasing the measured modulus by 30-130kPa  but showing no differences with higher 

concentrations of scattering materials. Embossing powder had a more noticeable effect, increasing 

the measured modulus by 200 kPa.  

In order to confirm that changes to gelatin or agar concentration were not confounding the scatterer 

observations, agar, gelatin, and scatterer concentrations were plotted with each other and/or 

Figure A-2. Effect of scatterers on modulus measured using compression 

testing. 

Figure A-3 Relationship between agar and gelatin, gelatin and scatterers, and gelatin and 

modulus. 
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modulus values (Figure A-3). Agar concentrations (Figure A-3.a) are clustered fairly closely for 

all samples except one mica sample, which also has a low gelatin concentration and a low scatterer 

concentration (Figure A-3.b). However, the corresponding modulus for the sample with that 

gelatin concentration is similar to three other samples with mica scatterers which have varying 

scatterer, agar, and gelatin concentrations. These results lend relative confidence to the effect of 

scattering materials increasing the measured modulus of the materials. This effect is expected to 

be more severe the farther the scattering material modulus is from the expected gelatin modulus. 

Moduli for scattering materials can be found in Table A.1.2. While data for paprika specifically 

could not be found, cellulose is one of the main components of plant matter and was used as an 

estimate of the dried paprika modulus. Similarly, young’s modulus is not readily available for 

embossing powder. However, embossing powders are made of thermoplastic polyamide resins. 

While polyamides are a family of polymers with a wide range of mechanical properties, nylon was 

chosen as a stand-in for this calculation.  

Table A.1-2 Young’s modulus values for scatterer materials 

Material Young’s modulus 

Silicon Carbide 450 GPa 

Aluminum Oxide 350 GPa 

Mica 0.2 – 18 GPa 

Cellulose  130 GPa 

Nylon (a polyamide) 2.7 GPa 

 

A.1.4.3 Ultrasound 

All tested scatterers improved the SWE signal relative to no added scatterers. However, the 

embossing powder and paprika did not improve SWE signal as much as the other tested scatterers 

(Figure A-4). In the ultrasound images of AL2O3, there is a clear scatterer gradient, with 
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substantial scattering material settling to the 

bottom of the phantom. Additionally, while the 

SWE signal is excellent when the top of the 

sample is in contact with the ultrasound 

transducer, the signal is less consistent, with more 

breaks in the color map when imaged with the 

bottom of the sample in contact with the 

transducer. The Mica and SiC both give 

reasonably good signal, however, the SWE signal 

in the Mica samples is not as consistent across the 

entire thickness of the sample as the signal in the 

SiC. Of these five conditions, the SiC appears to 

give the best SWE signal with the least texture 

differential.    

In comparing quantity of scatterers added, quantities under 1% by weight did not produce enough 

scatter to create consistent and comprehensive shear wave elastography maps.  

A.1.4.4 Pouring Temperature 

There was no strong relationship between modulus and pouring temperature (Figure A-5, left). 

Reported moduli were higher at 45°C pouring temperature and lower at 28°C pouring 

temperature, but similar among 33,38, and 47°C pouring temperatures. Similarly, reduced 

pouring temperature did not appear improve scatterer distribution or SWE signal quality (Figure 

A-5, right). Scatterers settled and obstructed ultrasound signal when mixed gelatin phantoms 

were poured at all tested temperatures.  

Figure A-4 SWE quality for phantoms 

made with similar concentrations of 

different scattering materials. 
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Figure A-5 Effect of pouring temperature on modulus, scatterer distribution, and SWE signal 

quality. 

A.1.5 Conclusion 

The temperature of the solution at the time of molding and the pH of the water were not observed 

to affect the distribution of scatterers in the phantom samples. However, the average diameter of 

the scattering material did have an effect on the scatterer distribution, with scattering materials in 

the range 5um-10um consistently suspended in the top portion of the phantoms while scattering 

materials with dimensions in the range 15um to 20 um were more likely to settle to the bottom 

regardless of material.  

Scattering materials were shown to increase the measured modulus of the resulting phantoms 

relative to the samples made without any scattering materials. However, the quantity of scatterers 

added did not seem to affect the amount the modulus increased. It is possible that the differences 

in amounts of scattering material were not sufficiently varied to measure concentration 

dependence. Additionally, larger quantities of scattering material tended to settle more, creating 

layers of scattering material that interrupt the bonding and gelation of the gelatin, increasing 

likelihood of premature failure of the phantom materials.  
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Given the similarity in moduli between SiC, AlO2, Mica, and cellulose, it may not be surprising 

that adding similarly small quantities of the materials increase the modulus in the gelatin by a 

similarly small amount. However, the modulus of polyamides like those in embossing powder are 

several orders of magnitude smaller than those in SiC and Alo2, yet the phantoms using embossing 

power as scatterers had higher moduli than those with any other scattering material. Combined 

with the cross section of the embossing powder phantoms showing large heterogenous sections 

rather than discrete micron width scatterers, we hypothesize that the reactive thermoplastic 

polymers or other additives interact with the polymerizing gelatin to create an overall stiffer 

material in some sections of the phantom. 

In the SiC and Al2O3 phantoms, the best diameter for suspension through most of the phantom 

was around 10um, with most particles over 15um sinking to the bottom of the phantom.  

Additionally, the hypothesized oil immersion bubbles in the paprika sample were also between 

10u-20um. These areas of the phantoms also corresponded to the areas of best ultrasound signal. 

From these observations, we conclude that 10um is the ideal size for scattering particles and that 

5-15um is likely an appropriate range of particles. The suspension of particles at this size is likely 

related to the density of the scattering material. SiC and Al2O3 have similar densities, 3.25 g/cm3 

and 3 g/cm3, respectively. If future studies endeavor to use different materials for scattering, the 

densities of these materials should be taken into account when considering suspension in the 

gelatin medium.  
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A.2 Evaluation of SWE and comparison to mechanical testing 

A.2.1 Abstract  

Shear wave elastography, a technique for measuring the elastic modulus of a material through 

measurement of shear wave propagation, continues to gain interest as a noninvasive clinical 

measurement in biomechanics. Many pathological processes are tied to material mechanics, 

including diabetes. The plantar soft tissue has a unique viscoelastic stress response that may disrupt 

assumptions used to perform shear wave elastography, especially at higher stresses. Acoustoelastic 

theory may help improve the translation of shear wave elastography to clinical outcomes and prior 

work. This work develops a plantar soft tissue-mimicking phantom and evaluates the stress-strain 

response in comparison to the shear wave elastography measurements. Shear wave elastography 

underestimates young’s modulus relative to classic mechanical testing by a factor of 6 when 

accounting for acoustoelastic effects, suggesting either a necessary experimental constant or an 

erroneous assumption in the derivation. 

A.2.2 Introduction 

In 2018 10.5% of Americans had been diagnosed with diabetes[1], and its prevalence is expected 

to grow to 33% of the population by 2050[2]. Of the individuals with diabetes, 2-3% will develop 

a foot ulcer annually[3], and diabetes-related ulceration often precedes lower extremity 

amputation4. Ulcer prevention therefore is an important component of diabetes management as 

preventative measures can be taken for diabetic patients at risk for ulceration, such as using site-

specific load-reducing footwear. While these preventative measures may help, it is still currently 

difficult to predict ulcer formation in diabetic individuals. Changes in the mechanical properties 

of diabetic plantar soft tissue has been suggested to correlate with the development of ulcers and 

therefore may be useful in prevention strategies for patients with diabetes.  
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Prior work using ex vivo compression tests as well as ultrasound indentation tests investigated the 

differences in the mechanical properties of diabetic and non-diabetic plantar soft tissue. The 

differences in diabetic plantar tissue identified in various studies include increased stiffness[5,6], 

thickness[7,8], energy loss[5,9], hardness[10], and relaxation modulus[11,12] compared to non-

diabetic plantar soft tissue. These properties have also been demonstrated to vary by plantar 

location[5,6,11,13], making quantification and comparison particularly difficult. These 

mechanical changes have been hypothesized to contribute to abnormal distribution and dissipation 

of stress applied to plantar soft tissue and subsequent development of ulcers, but difficulty in 

measurement of in vivo internal mechanical properties has prohibited translation of these findings 

to clinical predictive and preventative measures.  

Shear wave elastography (SWE) is a non-invasive technique used to quantify the mechanical 

properties of soft tissues. SWE measures the speed of propagating shear waves in tissue, which is 

directly related to tissue stiffness or elasticity[14]. However, there is a lack of validation and 

standardization in SWE measurements for plantar tissue applications that has limited its use in 

clinical practice as it is difficult to compare SWE results to other mechanical testing methods. 

Additionally, SWE may be sensitive to compression applied to the tissue while imaging[15], 

adding additional hurdles to comparison of published works.  

The use of phantoms can provide a standardized environment to assess the accuracy and reliability 

of SWE in acquiring mechanical properties. Phantoms have previously been used in conjunction 

with SWE to mimic and evaluate the mechanical properties of a variety of low stiffness tissues 

including breast[16], liver[16], and vasculature[17]. Prior testing of plantar soft tissue using 

traditional methods at physiological loads yielded 600-1000kPa modulus at 50% strain[5], both of 

which are higher than previously reported mechanical properties of phantoms. Mechanical testing 
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studies have also shown that plantar soft tissue demonstrates a nonlinear stress/strain relationship 

with an elongated toe region[5]. This necessitates the development of phantoms that mimic the 

higher strain range of plantar soft tissue properties and its nonlinear stress/strain relationship. 

Tissue mimicking phantoms are commonly composed of varying concentrations of agar and 

gelatin and The use of phantoms can provide a standardized environment to assess the accuracy 

and reliability of SWE in acquiring mechanical properties. Phantoms have previously been used 

in conjunction with SWE to mimic and evaluate the mechanical properties of a variety of low 

stiffness tissues including breast[16], liver[16], and vasculature[17]. Prior testing of plantar soft 

tissue using traditional methods at physiological loads yielded 600-1000kPa modulus at 50% 

strain[5], both of which are higher than previously reported mechanical properties of phantoms. 

Mechanical testing studies have also shown that plantar soft tissue demonstrates a nonlinear 

stress/strain relationship with an elongated toe region[5]. This necessitates the development of 

phantoms that mimic the higher strain range of plantar soft tissue properties and its nonlinear 

stress/strain relationship.  

Tissue-mimicking phantoms are commonly composed of varying concentrations of agar and 

gelatin and additional studies have evaluated the effects of various additives including oil 

dispersion and formaldehyde[18]–[23]. Agar has been shown to increase the nonlinearity of the 

stress/strain relationship in phantoms while gelatin demonstrates a somewhat linear stress/strain 

relationship[18]. Safflower oil dispersions have been shown to decrease the elastic modulus and 

increase nonlinearity of gelatin-agar mixtures[18], while aldehydes have been used to increase 

cross-linking and, as a result, stiffness in gelatins[24]. Glyoxal, a dialdehyde often substituted for 

formaldehyde in tissue fixation due to higher stability[25], was investigated as a crosslinking agent 

to increase the stiffness and temperature stability of the phantoms.  
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In this study, we aim to investigate the use of shear wave elastography to measure the mechanical 

characteristics of phantoms that mimic the properties of plantar soft tissue. We will create 

phantoms with different compositions of gelatin, agar, and various additives to mimic the range of 

stiffness found in human tissue. We will then simultaneously obtain the modulus of the phantoms 

by classic mechanical testing and SWE. We have hypothesized that the SWE modulus of plantar 

soft tissue mimicking phantoms will agree with the modulus obtained from mechanical testing.The 

findings of this study will provide insight into the validity of SWE for measurement of mechanical 

characteristics of high stiffness tissues. The use of phantom materials will also provide a 

standardized validation method for SWE measurements, which can be applied to other soft tissue 

imaging techniques.Materials and Methods  

A.2.2.1 Phantom Manufacturing 

Phantoms were made from concentrations of 10-25% Gelatin and 0.5-2% agar (Table A.2-1). The 

lower range of gelatin content was chosen based on prior work and concentrations of 2.5% 

increments were tested up to 25% to attempt to match the high compression stiffness seen in prior 

testing of plantar soft tissue. Agar ranges (1-3%) were chosen from prior work to introduce 

nonlinearity, and two concentrations of safflower oil were investigated based on prior work to 

increase nonlinearity and modulate higher-stiffness gelatin concentrations via-oil-in-water 

dispersions (Table A.2-1).    

Gelatin (225g bloom, Type B, Sigma-Aldrich, St. Louis, MO, USA) and agar (A7002, Sigma-

Aldrich, St. Louis, MO, USA) were dissolved in distilled water, heated to 85°C, and held there 

until the solution clarified. The solution was then cooled at room temperature. To prevent 

microbial growth, 0.11%wt. Germall plus was added when the solution reached 50°C and 

12.5mg/ml F800 grit silicon carbide, used for ultrasound scattering, was added at 45°C. For 
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solutions containing either glyoxal or safflower oil, additives were stirred into solution at 42°C. 

The solution was then poured into a cylindrical mold with a 2.5cm diameter and allowed to 

polymerize overnight at room temperature. After polymerization, the phantoms were removed 

from their molds, weighed, coated in safflower oil to prevent desiccation, and stored in individual 

containers. Six phantoms were made for each condition in Table A.2-1 so that two compression 

tests could be done in triplicate.  

Table A.2-1 Tested concentrations of phantom components agar, gelatin, oil, and crosslinker 

glyoxal. 

Agar % wt Gelatin %wt Oil %vol Glyoxal %vol 

0.5 10 
 

0.15,0.32 
1 10 

  

2 10 
  

0.5 12.5 
  

1 12.5 
  

2 12.5 
  

0.5 15 
 

0.15,0.32 

1 15 
  

2 15 
  

.5 15 
  

1 15 20,30 
 

2 15 
  

0.5 17.5 
  

1 17.5 20,30 
 

2 17.5 
  

0.5 20 
  

1 20 20,30 
 

2 20 
  

0.5 25 
  

1 25 20,30 
 

2 25 
  

 

A.2.2.2 Mechanical Testing 

The ultrasound transducer (SLH 20-6, Supersonic Imagine, Aix en Provence, France) was 

connected in series with the 250N load cell of an ElectroPuls E3000 (Instron, Norwood, MA), 

using a custom compression platen designed in Solidworks and printed in acrylonitrile styrene 

acrylate on an F370 (Stratasys, Prairie, MN). The platen consisted of two halves that enclosed the 
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transducer so that element surface was flush with the compression surface to allow simultaneous 

mechanical testing and ultrasound imaging. The bottom compression platen was replaced with a 

block of high-density polyethylene (HDPE) to reduce reflection artifacts from the interface 

between the phantoms and the platen relative to typical metal platens (Figure A-6).  

 

Figure A-6 Mechanical test set up featuring Instron with 250N load cell sandwiched between the 

crosshead and the custom printed ultrasound interface platen. The bottom platten is 25.4mm thick 

high density polyethylene 

To begin testing, the phantoms were removed from storage, and the diameter and height of each 

phantom was measured 4 times using digital calipers (Mitutoyo Corp., Kawasaki, Japan; accuracy 

±10 μm). Subsequently, two mechanical testing protocols were performed. The first dynamic test 

consisted of 3 sets of 20 triangle waves to 40% compressive strain at frequencies of 1 Hz and 3Hz 

in displacement control. Physiologic compression of plantar fat has been measured at 50%, 

however, 40% was chosen to reduce risk of phantom damage prior to completion of testing at 

multiple frequencies. B-mode images were acquired during this dynamic compression test using 

the MATLAB (Natick, MA) research interface. The second test consisted of 14 sequential ramp-
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hold sets where the ramp applied compression of 3.5-4.5% strain at a rate of 2.5mm/s in 

displacement control and the hold consisted of 3 seconds to allow 4 SWE acquisitions using the 

MATLAB research interface.   

Stress (σ) and strain (ε) were calculated as applied force divided by the initial cross-sectional area, 

and axial displacement divided by the initial height, respectively. The elastic modulus (E) for each 

phantom was calculated from the last three waves of each set of triangle waves as the slope of a 

linear fit of the loading stress-strain curve after the inflection point [5]. Moduli were averaged 

across the three tests at each frequency and then compared to the moduli and curves of plantar soft 

tissue from [5] to determine which concentrations best mimicked plantar soft tissue. The 

mechanical elastic modulus from the ramp-hold test (Em) was calculated as the slope of a linear fit 

to the stress-strain curve for each ramp step. Start points for the data used in the calculation of the 

mechanical elastic modulus was standardized to begin at the displacement when the applied load 

was equal to -0.4N.  

A.2.2.3 Image Analysis  

To measure the elastic modulus from SWE (Es), the shear wave images taken during each ramp 

step were cropped to remove SWE artifacts related to reflection at the transducer face and the 

phantom-HDPE interface. The shear wave speed (csw) was averaged over the phantom area and 

across the three images taken at each step using custom MATLAB code and the averaged shear 

wave speed was used to calculate an elastic modulus according to the equation:  

Es=3*ρ*csw
2 

Equation A.2-1 
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where ρ is the density calculated per sample using the pre-storage weight and post-storage 

dimensions [14]. 

A.2.2.4 Moduli comparison 

A relationship between the moduli derived from SWE and mechanical testing can be derived from 

Hooke’s law (Em=σ/ε), equation (A.2-1), and the acoustoelastic equation ρcsw
2 =μ – σ(A/12μ) 

[14,26], where μ is the shear modulus, and A is a Landau second order elastic coefficient. 

Rearranging the acoustoelastic elastic equation in terms of σ yields 

σ = (μ − ρcsw
2) (12μ/A) 

Equation A.2-2 

Then, substituting the shear wave modulus for ρcsw
2 and σ for Emε yields 

Em = (μ −Es/3) (12μ/Aε) 

Equation A.2-3 

Finally, solving for Es gives the modulus calculated from shear waves in terms of the modulus 

calculated by elastic mechanics.  

Es = 3μ –(Aε/4μ)Em 

Equation A.2-4 

A and μ were calculated from the slope of the shear wave speed plotted against axial stress using 

the acoustoelastic equation and the theoretical slope (A/4μ) and intercept (3μ) were calculated for 

each sample. A linear regression of Es vs Em, where corresponding values were taken at the same 
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strain level, was performed using the MATLAB function polyfit, and the experimental slope and 

intercept were compared to the theoretical values. 

A.2.3 Results  

Moduli increased with both increasing gelatin and agar content (Figure A-7). The phantom moduli 

at higher gelatin concentrations were consistent with moduli of plantar soft tissue at the same strain 

(620kPa vs 600 kPa (nondiabetic)). The lower agar and gelatin concentrations demonstrated 

moduli consistent with prior work using similar concentration gelatin-agar phantoms.  

 

Figure A-7 Mechanical moduli from triangle wave testing for each agar-gelatin concentration. 

The final strain of the SWE test varied between 45-65% depending on the initial height of the 

phantom (Figure A-8). The SWE modulus increased as the strain increased.  Noise near the 

ultrasound transducer (top of image) and the HDPE platen (bottom of image) prevented 

meaningful measurements near the phantom boundaries.  
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With increasing gelatin content, the stress-strain curves demonstrated more rapid stress increases 

and less nonlinearity (Figure A-9a). With increasing agar content, the stress-strain curves again 

demonstrated more rapid stress increases but did not demonstrate the same reduced nonlinearity 

(Figure A-9b). Both increasing gelatin and agar content resulted in increased calculated final 

moduli. Addition of glyoxal demonstrated a mild increase in moduli with what appears to be no 

effect on the nonlinearity of the stress strain curve (Figure A-9c). Oil-containing phantoms have 

an elongated region of low stress (Figure A-9d) but a similar final slope to samples of the same 

gelatin-agar content without oil. The 25% gelatin, 1% agar, and 30% oil phantom most closely 

resembled the stress/strain curve seen in mechanical testing of plantar soft tissue. 

 

Figure A-8 SWE images for each step-down compression of the 25% gelatin, 1% agar, and 30% 

oil phantom, which most closely resembles plantar soft tissue mechanics. The portion of each 

image in color was used for calculation of the SWE moduli. Dark blue is low strain, red is high 

strain. Noisy signal (grayscale) was excluded from calculations.  
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Figure A-9 Representative loading curves for, A. Varying concentrations of Gelatin with 0.5% 

agar. B. 15% Gelatin with varying concentrations of agar. C. 15% Gelatin 0.5% agar with varying 

concentrations of glyoxal. D. 25% Gelatin 1% agar with varying oil dispersion concentrations 

The SWE modulus (Es) increased linearly with the Classic modulus (Em) (R2=0.98, Figure A-10). 

The slope of the linear fit averaged across all the experimental data is lower than that from the 

theoretical equation by a factor of 6.6 ±1.16. The theoretical slope, A/4μ, is 1.69±0.50 while the 

slope obtained experimentally averaged across all samples was 0.16±0.04. The averaged 

experimental intercept ((2.73±0.39)*μ) generally agrees with the theoretical intercept of 3μ. 

 

Figure A-10 The experimentally obtained classical and SWE moduli were plotted with a linear fit 

(dark blue) to compare to the expected theoretical equation (light blue). 
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A.2.4 Discussion 

Ultrasound and (SWE) continue to gain popularity across biomechanical study as techniques for 

measuring soft tissue structure and material properties in vivo. However, there remain questions 

about how well phantom materials mimic soft tissues under high loads and strains and how well 

the SWE technique behaves in high-strain, highly loaded musculoskeletal tissues such as the 

plantar soft tissue.  

Phantoms with gelatin-agar concentrations above 27% combined had moduli in the range of 

plantar soft tissue moduli. However, the initial toe region of the stress/strain curve of the phantoms 

was shorter than what has previously been reported for plantar soft tissue[5]. With the addition of 

oil, the stress-strain curve exhibited a longer toe region, but not to the extent of the initial region 

of the plantar soft tissue. While a higher oil content may be able to increase the toe region further, 

the image quality begins to degrade at higher oil content, and the phantoms tested may have already 

been close to the maximum dispersion possible while maintaining structural integrity. As a result 

of this lesser viscosity, the phantoms with similar high-strain properties to plantar soft tissue had 

higher moduli at low strain. Despite prior reporting that formaldehyde can effectively crosslink 

gelatin and increase the modulus of phantoms made with formaldehyde [27], the larger aldehyde 

glyoxal did not appear to have this effect.  

SWE values and mechanical testing are not typically reported together in the literature, 

making comparisons between results derived from the two methods difficult. Theoretically, these 

two measurements should be linked through acoustoelasticity. However, while the experimental 

intercepts of SWE moduli regressed on classic moduli values deviated minimally from the 

expected intercept of 3μ, the experimental slope was over 6 times lower than the expected value 

of A/4μ across all phantoms, suggesting either a necessary experimental constant or an erroneous 
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assumption in the derivation. The derivations assume linear elastic behavior and do not account 

for nonlinear viscoelastic effects demonstrated in both the plantar soft tissue and the phantoms. 

While assuming linear elastic behavior in tissue is often justified by linear-approximate behavior 

at low strain, plantar soft tissue undergoes strain up to 50% physiologically, which results in 

substantial viscoelastic nonlinearity as previously reported [5]. Both increased strain and strain 

rate result in increased load resistance in a viscoelastic material. However, SWE induces small 

compressions in the shear wave which may not induce an increase of the same magnitude seen in 

the mechanical testing due to the nonlinearity of these stress-strain responses. Additionally, while 

there is expected to be more tension in the material as a result of the compression, these test were 

performed in unconfined uniaxial compression, and there could be induced anisotropy in the 

molecular distribution that affect the sound speed in the shear direction differently than in the axial 

direction. A more confined experiment may yield lower deviations in theoretical and expected 

values. Finally, some relaxation occurred during the hold required for SWE acquisition (Figure 

A-11). This reduction in applied stress could also contribute to the underestimation of SWE 

relative to the theoretical calculated using the applied load.  

The viscoelastic effect is unlikely to be the only contributing factor for the difference between the 

expected and measured results as we would expect to less of the viscoelastic effects at higher strain 

and lower strain with the greatest effect in the middle of the curve, however the difference between 

expected and measured moduli is consistent across all strains. However, these findings suggest 

that the use of SWE at high strain in soft tissues should be considered carefully, as quantitative 

values are lower than those obtained from classic mechanical approaches. 

Prior research has led to some development of guidelines for the clinical use of SWE. These 

guidelines advise that minimum compression should be applied to the tissue during imaging. Our 
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study evaluated the use of SWE at strains up to 50%, as this is the physiologic strain that plantar 

soft tissue undergoes. Imaging the tissue in an unloaded state provides an assessment of stiffness 

at very low strains only and cannot provide any information on its nonlinear response to loading. 

Being able to assess the nonlinear mechanical behavior of soft tissues would significantly enhance 

the diagnostic potential of shear wave elastography.  

 

Figure A-11 Stress-strain curve recorded during a sample ramp-hold SWE test. Each color is a 

different step. Relaxation can be seen in during the hold phase between ramps. 

There are several limitations to this work. First, our mechanical chain includes several components 

made of more flexible materials than those typically used for mechanical testing. This limitation 

is mitigated by the testing of relatively soft materials with moduli order of magnitude lower than 

the paten components. Phantoms with previously reported gelatin-agar concentrations did 

demonstrate low-strain moduli comparable to those previously reported [18,19,20,21], supporting 

the validity of our methods. Second, as mentioned, there was some relaxation in the hold phase 

where the SWE images were acquired. While this relaxation could result in reduced tension and 
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reduced shear wave speed, relaxation stress did not dip below the stress applied at the previous 

step, and a stress in the middle of the ramp curve was used for the theoretical calculation, 

mitigating this effect. Another limitation is repeated testing of the phantoms. The six sets of 

triangle waves were performed sequentially, and the order of frequencies was not varied. It is 

possible that some microcracking occurred during the initial testing that could affect subsequent 

measurements. However, a lower strain was chosen to mitigate this risk, and there were no obvious 

failures or visible damage to the specimens during testing. Similarly, the SWE phantoms were not 

the same phantoms used for the triangle testing. It is possible that insufficient mixing or some other 

manufacturing defects caused the mechanical properties to differ between the SWE and 

mechanical testing discs. However, phantoms were made from the same stock solution, mitigating 

this risk. Finally, phantoms were not tested dynamically to 50% strain, and they did not perfectly 

match the plantar soft tissue. These results may not be applicable directly to soft tissue and should 

be replicated in a cadaveric study.   

A.2.5 Conclusion 

The ability to modify the phantoms to mimic plantar soft tissue properties over large strain may 

improve testing and validation of SWE methods in high-strain musculoskeletal applications. This 

method demonstrated the feasibility of simultaneously using mechanical testing and SWE to 

measure mechanical properties. Our study utilized plantar tissue mimicking phantoms to assess 

the ability of SWE to determine mechanical properties. Future studies will be needed to take the 

next steps of simultaneously using mechanical testing and SWE to acquire the mechanical 

properties of actual plantar soft tissue. Prior studies have examined the mechanical properties of 

plantar soft tissue using classical mechanical testing, as well as compared shear wave elastography 

to computational modeling methods of obtaining mechanical properties such as finite element 
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modeling, however these computational modeling is not the ideal standard for determining 

mechanical properties and has many limitations.  
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B Appendix B: Code for Scanner Motion Control 

The volumetric ultrasound scanner is controlled using MATLAB to control communication 

between the ultrasound and the Arduino the controls the motors. Both the MATLAB and 

Arduino code are provided here to better illustrate how the devices communicated to perform the 

scan.  

B.1 Arduino Code 

 

 

 

 

 

 

 

 

 

 

 

#include <digitalWriteFast.h> 

 

const int numChar = 5; 

unsigned long ttime = 0; // time in milliseconds 

char receivedChar[numChar]; // the array for received data 

char endMarker = '>';       // the end marker character 

boolean newData = false; 

 

volatile long _EncoderTicks = 0; 

 

// set motor & encoder channels  

#define driverPUL  7   // PUL- pin 

#define driverDIR  6    // DIR- pin 

boolean setdir = HIGH; 

#define driverPULT  9   // PUL- pin 

#define driverDIRT  10    // DIR- pin 

 

#define encoderLchA  2 //interrupt 0 

#define encoderLchB  8 

#define encoderLindex  11 

 

#define encoderTchA 3 //interrupt 1 

#define encoderTchB 5 

#define encoderTindex  12 

//set initial vals 

int encoder_countT = 0; 

volatile bool _EncoderTBSet; 

int encoderupdates = 0; 

int val_LchA = 0 ; 

int val_LchB = 0; 

int val_TchA = 0; 

int val_TchB = 0; 

int val_Lindex = 0; 

int val_Tindex = 0; 

 

void setup() 

{ 

  Serial.begin(960000);     // we need this for serial communication 

  pinMode (driverPUL, OUTPUT); 

  pinMode (driverDIR, OUTPUT); 

  pinMode (driverPULT, OUTPUT); 

  pinMode (driverDIRT, OUTPUT); 
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  pinMode(encoderLchA, INPUT); 

  pinMode(encoderLchB, INPUT); 

  pinMode(encoderTchA, INPUT); 

  pinMode(encoderTchB, INPUT); 

  attachInterrupt(1, countEncoderT, RISING); 

} 

 

void countEncoderT() { 

  // for AMT20-V, A leads B for CCW rotation(CW = toward motor = negative motion) 

  // AMT 20-V has 96-1024 pulses per revolution. PPR = number of high pulses an 

encoder will have on either of its square wave outputs A or B over a single 

revolution. 

  // counts per revolution = ppr*4 for incremental quadrature encoders b/c/ have 2 

offest square waves, so 4 states per pulse 

  // what we are measuring is a count. 

  // for 96 PPR = 384CPR, each count = 0.9375 degress & 0.0026 mm for a 1mm lead 

  // interrupt will only fire on 'rising', don't need to read pin A 

  _EncoderTBSet = digitalReadFast(encoderTchB);   // read the input pin 

  // and adjust counter + if A leads B 

#ifdef EncoderIsReversed 

  encoder_countT -= _EncoderTBSet ? -1 : +1; 

#else 

  encoder_countT += _EncoderTBSet ? -1 : +1; 

#endif 

  encoderupdates++; 

} 

 
void record() 

{ 

  char rChar; 

  static int index = 0; 

  while (Serial.available() > 0 && newData == false) // If something appears on 

the serial port, run this 

  { 

    rChar = Serial.read(); 

    delayMicroseconds(50); 

    if (rChar != endMarker && index <= 4) 

    { 

      receivedChar[index] = rChar; 

      index++; 

    } 

    else 

    { 

      receivedChar[index] = '\0'; // terminate the string 

      index = 0;                 // reset the counter 

      newData = true;            // set the "newData" indicator to true, meaning  
that the new data has arrived, and we can proceed further 

    }}} 
 

void sendParams() 

{ 

  ttime = millis(); 

  Serial.print(ttime); 

  Serial.print('_'); 

  Serial.print(receivedChar); 

  Serial.println("LF,"); 

} 

 

void printDataStream() 

{ 

  ttime = millis(); 

  Serial.print("t"); 
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  Serial.print(ttime); 

  val_LchA = digitalReadFast(encoderLchA); 

  val_LchB = digitalReadFast(encoderLchB); 

  val_Lindex = digitalReadFast(encoderLindex); 

  Serial.print("L"); 

  Serial.print(val_Lindex); 

  Serial.print(val_LchB); 

  Serial.print(val_LchA); 

} 

 

void printDataStream_LessL() 

{ 

  val_LchA = digitalReadFast(encoderLchA); 

  val_LchB = digitalReadFast(encoderLchB); 

  val_Lindex = digitalReadFast(encoderLindex); 

  Serial.print("L"); 

  Serial.print(val_Lindex); 

  Serial.print(val_LchB); 

  Serial.print(val_LchA); 

} 
void fullLOutputStepL(long cycles, int delayTime) { 

  digitalWrite(driverDIR, setdir); 

  int counts = 1; 

  unsigned long t2 = 0; 

  int PULhigh = 0; 

  unsigned long t1 = 0; 

  //int timewaster = 0; //unused 

  printDataStream(); 

  Serial.print('i'); 

  Serial.print(cycles); 

  Serial.print('T'); 

  Serial.print(delayTime); 

  Serial.print("C"); 

  Serial.print(counts); 

  t1 = micros(); 
  for (int i = 0; i < cycles; i++) { 

    if (cycles < 4000) { 

      printDataStream_LessL(); 

    } 

    else { 

      Serial.print("L"); 

      Serial.print(val_Lindex); 

      delayMicroseconds(100); // delay to reduce serial output between motor pulses         

} 

    t2 = micros(); 

    if (t2 - t1 > delayTime ) { 

      if (PULhigh < 1) { 

        digitalWriteFast(driverPUL, HIGH); 

        Serial.print("M"); 

        PULhigh = 1; 

        t1 = micros(); 

      } 

 
     else if (PULhigh > 0) { 

        digitalWriteFast(driverPUL, LOW); 

        ttime = millis(); 

        Serial.print("t"); 

        Serial.print(ttime); 

        PULhigh = 0; 

        counts++; 

         

 



361 

 

 

Serial.print("C"); 

        Serial.print(counts); 

        t1 = micros(); 

      } 

    } 

  } 

  newData = false; 

  Serial.print('T'); 

  Serial.print(encoder_countT); 

  Serial.print("__\0"); 

} 

 

void fullLOutputStepT(long cycles, int delayTime) { 

  digitalWrite(driverDIRT, setdir); 

  int counts = 1; 

  unsigned long t2 = 0; 

  int PULhigh = 0; 

  unsigned long t1 = 0; 

  printDataStream(); 

  Serial.print("C"); 

  Serial.print(counts); 

  t1 = micros(); 

  for (; counts < cycles;) { 

    //printDataStream_LessL();   

    t2 = micros(); 

    if (t2 - t1 > delayTime ) { 

      if (PULhigh < 1) { 

        digitalWriteFast(driverPULT, HIGH); 

        Serial.print("M"); 

        //if (counts % 10 < 1) { 

          Serial.print('E'); 

          Serial.print(encoder_countT); 

        //} 

        printDataStream_LessL();  

        PULhigh = 1; 

        t1 = micros(); 

      } 

      else if (PULhigh > 0) { 

        digitalWriteFast(driverPULT, LOW); 

        printDataStream(); 

        PULhigh = 0; 

        counts++; 

        Serial.print("C"); 

        Serial.print(counts); 

        t1 = micros(); 

      } 

    } 

  } 

  newData = false; 

  Serial.print('T'); 

  Serial.print(encoder_countT); 

Serial.print("__\0"); 

} 
//move the motor 

void execute() 

{ int counts = 1; 

  unsigned long t2 = 0; 

  int PULhigh = 0; 

  unsigned long t1 = 0; 

  int delayTime = 400; // 2500 steps/s -> could maybe go down to 350 (per motor 

torque), but might lose some encoder resolution 
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  //int cycles = 600; // 0.5 mm = 600 cycles 550 = ~.45  

  //int cycles = 550; // 0.4565 mm  

  int cycles = 500; // 0.415 mm  

  //int cycles = 450; // 0.3735 mm  

 

  if (receivedChar[0] == '3') { 

    //cycles = 2880; // if SWE, change to 2.4 -> ftL <250 

    //cycles = 2940; // if SWE, change to 2.45 -> ftL <260 

    cycles = 3060; // if SWE, change to 2.55 -> ftL <270 

    //cycles = 3120; // if SWE, change to 2.65 -> ftL <280 

    //cycles = 3240; // if SWE, change to 2.7 -> ftL <280 

  } 

  //else if (recievedChar [0] == '3') { 

  if (newData == true) 

  { //set motor direction 

    if (receivedChar[1] == '1') { 

      digitalWrite(driverDIR, HIGH); 

    } 

    else if (receivedChar[1] == '2') { 

      digitalWrite(driverDIR, LOW); 

    } 

    //perform motor motion and encoder readout to serial 

    printDataStream(); 

    Serial.print("C"); 

    Serial.print(counts); 

    t1 = micros(); 

    for (int i = 0; i < cycles; i++) { 

      printDataStream_LessL(); 

      t2 = micros(); 

      if (t2 - t1 > delayTime ) { 

        if (PULhigh < 1) { 

          digitalWriteFast(driverPUL, HIGH); 

          Serial.print("M"); 

          //printDataStream_LessL(); 

          PULhigh = 1; 

          t1 = micros(); 

        } 

        else if (PULhigh > 0) { 

          digitalWriteFast(driverPUL, LOW); 

          ttime = millis(); 

          Serial.print("t"); 

          Serial.print(ttime); 

          PULhigh = 0; 

          counts++; 

          Serial.print("C"); 

          Serial.print(counts); 

          t1 = micros(); 

        } 

      } 

 

    } 

  } 

  newData = false; 

Serial.print('T'); 

  Serial.print(encoder_countT); 

  Serial.print("__\0"); 

} 
void execute_transverse()  //move the motor 

{ int counts = 1; 

  unsigned long t2 = 0; 

  int PULhigh = 0; 

  unsigned long t1 = 0; 
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  int delayTime = 500; // don't go below 500 ms for 0.8 A motors delay=500 => 2000 

pps => 10mm/s 

  int motorhighs = 0; 

 

  if (newData == true) 

  { if (receivedChar[1] == '1') { 

      digitalWrite(driverDIRT, HIGH); 

    } 

    else if (receivedChar[1] == '2') { 

      digitalWrite(driverDIRT, LOW); 

    } 

    //    if (ebrake > 0 ) { // check variable & break if switched to 1? - add to 

each loop? 

    //      break 

    //    } 

    Serial.print("C"); 

    Serial.print(counts); 

    printDataStream(); 

    t1 = micros(); 

    for (; counts < 1000;) { // change to 6000 -7000 AND change matlab to one call 

for runtime; 1000 counts = approx 5mm 

      t2 = micros(); 

      if (t2 - t1 > delayTime ) { 

        if (PULhigh < 1) { 

          digitalWriteFast(driverPULT, HIGH); 

          motorhighs++; 

          PULhigh = 1; 

          t1 = micros(); 

        } 

        else if (PULhigh > 0) { 

          digitalWriteFast(driverPULT, LOW); 

          PULhigh = 0; 

          counts++; 

          if (counts % 40 < 1) { 

 

            Serial.print('E'); 

            Serial.print(encoder_countT); 

          } 

          if (counts % 100 < 1) { 

            Serial.print('M'); 

            Serial.print(motorhighs); 

            Serial.print('u'); 

            Serial.print(encoderupdates); 

            Serial.print("C"); 

            Serial.print(counts); 

            printDataStream(); 

          } 

          t1 = micros(); 

        }}}} 

  newData = false; 

  printDataStream_LessL(); 

  Serial.print("__\0"); 

} 
void execute_jog()  //move the motor 

{ int counts = 1; 

  unsigned long t2 = 0; 

  int PULhigh = 0; 

  unsigned long t1 = 0; 

  int cycles = 360; //initialize array of cycles to perform for 0.3 mm movements 

  int delayTime = 2500; 

  if (receivedChar[2] == '1') { 

    delayTime = 2500; 
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    cycles = 1700; 

  } 

  else if (receivedChar[2] == '2') { 

    delayTime = 1000; 

    cycles = 720; 

  } 

  else if (receivedChar[2] == '3') { 

    delayTime = 500; 

    cycles = 360; 

  } 

  if (newData == true){ 

    if (receivedChar[1] == '1') { 

      setdir = HIGH; 

      fullLOutputStepL(cycles, delayTime);  

    } 

    else if (receivedChar[1] == '2') { 

      setdir = LOW; 

      fullLOutputStepL(cycles, delayTime);  

    } 

    else if (receivedChar[1] == '3') { 

      setdir = HIGH; 

      fullLOutputStepT(cycles, delayTime);  

    } 

    else if (receivedChar[1] == '4') { 

      setdir = LOW; 

      fullLOutputStepT(360, delayTime);  

    } 

  } 

  newData = false; 

  printDataStream_LessL(); 

  Serial.print("__\0"); 

} 

 

void execute_move()  //move the motor 

{ int counts = 1; 

  unsigned long t2 = 0; 

  int PULhigh = 0; 

  unsigned long t1 = 0; 

  long cycles[7] = {360, 1200, 2400, 6000, 12000, 24000, 60000}; //initialize array 

of cycles to perform for 0.3, 1, 2, 5, 10, 20, 50 mm movements 

  int delayTime = 2500; 

  int multiplier = 1; 

 

  if (receivedChar[2] == '1') { 

    delayTime = 2500; 

    multiplier = 5; 

  } 

  else if (receivedChar[2] == '2') { 

    delayTime = 1000; 

    multiplier = 2; 

  } 

  else if (receivedChar[2] == '3') { 

    delayTime = 500;  } 
if (newData == true) 

  { int numcycles = receivedChar[3] - '0'; 

 

    if (receivedChar[1] == '1') { 

      setdir = HIGH; 

      fullLOutputStepL(cycles[numcycles]*multiplier, delayTime);  

    } 

    else if (receivedChar[1] == '2') { 

      setdir = LOW;  
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      fullLOutputStepL(cycles[numcycles]*multiplier, delayTime); // alt option to 

convert to int? 

    } 

    else if (receivedChar[1] == '3') { 

      setdir = HIGH; 

      fullLOutputStepT(cycles[numcycles]/6, delayTime); //not sure if this will 

work 

    } 

    else if (receivedChar[1] == '4') { 

      setdir = LOW; 

      fullLOutputStepT(cycles[numcycles]/6, delayTime); //not sure if this will 

work 

    } 

  } 

  newData = false; 

  printDataStream_LessL(); 

  Serial.print("__\0"); 

} 

 

 

void loop() 

{ //printDataStream_LessL(); 

  if (Serial.available() > 0) 

  { 

    record(); 

    sendParams(); 

    if (receivedChar[0] == '1') { 

      execute(); 

    } 

    else if (receivedChar[0] == '2') { 

      execute_transverse(); 

      delay(.2) ; 

    } 

    if (receivedChar[0] == '3') { 

      execute(); //execute longitudinal SWE 

    } 

    else if (receivedChar[0] == '4') { 

      execute_jog(); 

      delayMicroseconds(1) ; 

    } 

    else if (receivedChar[0] == '5') { 

      execute_move(); 

      delayMicroseconds(1) ; 

    } 

  } 
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B.2 MATLAB Code (main functions, excluding GUI set up) 

 

function executeScan(btn, ControlFig, teststruct) 
%{ 
executeScan(btn, ControlFig, teststruct) performs the ultrasound scan on 
the press of the 'Collect' button 
inputs:  
    btn - 'collect' button push 
    ControlFig - the parent figure that contains the GUI 
    teststruct - the structure containing all the button states and GUI 
    feature values 
outputs: saves the scan image structures and teststruct to file. (dialog box comes 

up after scan to allow you to save to desired location)  
%} 

  
selection=uiconfirm(ControlFig, 'Collect Data?','Confirm Collect', 'Options', 

{'Yes', 'No'}, 'DefaultOption', 1, 'CancelOption', 2); 
if strcmp(selection,'No') 
    return 
end 
% check that sanity checks are true 

  
if sum([teststruct.Calibrate.Value teststruct.AixRemote.Value teststruct.Img.Value 

teststruct.ImgParams.Value teststruct.PowerOn.Value teststruct.Motorhome.Value 

teststruct.Serial.Value teststruct.qest.Value])<8 
    errordlg('One or more checkboxes missing') 
    return 
end 
if contains(teststruct.subjID.Value, 'Anon') 
    warndlg('Subject ID not changed') 
end 
if teststruct.ftL.Value==100 
    warndlg('Foot length not changed') 
end 
if teststruct.ftW.Value==50 
    warndlg('Foot width not changed') 
end 
if strcmp(teststruct.ScanType.Value,'Select Scan') 
    errordlg('You did not select a scan type') 
    return 
end 
if ~contains(teststruct.arduinoPort.Value,'COM') 
    errordlg('Serial port is not valid. Please select the COM port connected to 

arduino. ') 
    return 
end 

 
%% set up aixplorer control 
if ~exist('srv') 
    addpath('bin', 'commands', 'sequence_libs', 'xmltree-2.0'); 
    startSonicLab 
    srv=remoteDefineServer(teststruct.AIP.Value); % change this to IP addresws from 

gui inputs 
end 
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%% Number of scans, longitudinal direction 
switch teststruct.ScanType.Value 
    case 'Bmode unweighted' 
        remoteToggleMode(srv,'B') 
        res= 0.415; %mm 
        numScansLong = floor(teststruct.ftL.Value/(res)); 
    case 'Bmode weighted'                    
        remoteToggleMode(srv,'B') 
        res= 0.415; %mm 
        numScansLong = floor(teststruct.ftL.Value/res);  
    case 'SWE unweighted' 
        res= 2.51; %mm 
        numScansLong = floor(teststruct.ftL.Value/res);  
end 

 
%% TAKE SCANS 
%Longitudinal scan 1 %%%%%%%%%%%%%% 
Tmoves = ceil(teststruct.ftW.Value/(51-10))-1; % calc # transverse moves needed 
if contains(teststruct.ScanType.Value, 'Bmode') 
    switch Tmoves 
        case 1 
            disp('Two longitudinal scans') 
            Long1 = LongScan(numScansLong, teststruct.arduinoPort.Value, srv, 'toe',  

teststruct); % first scan posterior-anterior 
            Tread1=moveTverse( teststruct.arduinoPort.Value , 'scan'); 
            Long2 = LongScan(numScansLong, teststruct.arduinoPort.Value, 

srv,'motor',  

teststruct); % second scan anterior-posterior 
            Treturn=moveTverse( teststruct.arduinoPort.Value , 'return'); % sends 

motor back home 
            uisave({'teststruct', 'Long1', 'Long2','Tread1', 'Tmoves'}, 

['UltrasoundScannerData_' char(datetime('now','Format','yyyyMMdd_HHmmssSSS'))]) 

             
        case 2 
            tic 
            disp('Three longitudinal scans') 
            Long1 = LongScan(numScansLong, teststruct.arduinoPort.Value, srv, 'toe',  

teststruct); 
            Tread1=moveTverse( teststruct.arduinoPort.Value , 'scan'); 
            Long2 = LongScan(numScansLong, teststruct.arduinoPort.Value, srv, 

'motor',  

teststruct); 
            Tread2=moveTverse( teststruct.arduinoPort.Value , 'scan'); 
            Long3 = LongScan(numScansLong, teststruct.arduinoPort.Value, srv, 'toe',  

teststruct); 
            % send motor back home 
            ReturnLong = LongReturn(teststruct.ftL.Value, 

teststruct.arduinoPort.Value,  

'motor', teststruct); 
            Treturn=moveTverse( teststruct.arduinoPort.Value , 'return');  
            Treturn2=moveTverse( teststruct.arduinoPort.Value , 'return');  
            uisave({'teststruct', 'Long1', 'Long2', 'Long3','Tread1', 'Tread2',  

'Tmoves'}, ['UltrasoundScannerData_'  

char(datetime('now','Format','yyyyMMdd_HHmmssSSS'))]) 
    end 
elseif contains(teststruct.ScanType.Value, 'SWE') 
    switch Tmoves 
        case 1 
            disp('Two longitudinal scans') 
            Long1 = LongScan_SWE(numScansLong, teststruct.arduinoPort.Value, srv,               

'toe', teststruct); 
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     Tread1=moveTverse( teststruct.arduinoPort.Value , 'scan'); 
            Long2 = LongScan_SWE(numScansLong, teststruct.arduinoPort.Value, srv,  

'motor', teststruct);  
% return motor to home 

            Treturn=moveTverse( teststruct.arduinoPort.Value , 'return'); 
            uisave({'teststruct', 'Long1', 'Long2', 'Tread1', 'Treturn', 

'Tmoves'}, ['UltrasoundScannerData_' 

char(datetime('now','Format','yyyyMMdd_HHmmssSSS'))]) 

 
        case 2 
            disp('Three longitudinal scans') 
            Long1 = LongScan_SWE(numScansLong, teststruct.arduinoPort.Value, srv,  

'toe', teststruct); 
            Tread1=moveTverse( teststruct.arduinoPort.Value , 'scan'); 
            Long2 = LongScan_SWE(numScansLong, teststruct.arduinoPort.Value,  

srv,'motor', teststruct); 
            Tread2=moveTverse( teststruct.arduinoPort.Value , 'scan'); 
            Long3 = LongScan_SWE(numScansLong, teststruct.arduinoPort.Value, srv,  

'toe', teststruct);% send motor back home 
            ReturnLong = LongReturn(teststruct.ftL.Value,  

teststruct.arduinoPort.Value, 'motor', teststruct); 
            Treturn=moveTverse( teststruct.arduinoPort.Value , 'return');  
            Treturn2=moveTverse( teststruct.arduinoPort.Value , 'return');  
            uisave({'teststruct', 'Long1', 'Long2', 'Long3', 'Tread1', 'Tread2',  

'Treturn','Treturn2','Tmoves','ReturnLong'}, 

['UltrasoundScannerData_'  

char(datetime('now','Format','yyyyMMdd_HHmmssSSS'))])   
    end 
else 
    warndlg('Unrecognized scan type - scan not taken') 
end 

disp('done scan') 
end 

 
%--------------------------------------------------------------------------------- 
function scanIms=LongScan(numScans, arduinoPort, srv, direction, teststruct) 
% take the scan in the longitudinal direction - takes images 
% inputs: 
%     numScans = number of scans 
%     arduinoHandle = object containing arduino information 
%     srv = object containing Aixplorer information 
%     out1 = either 0 or 1, variable controlling direction of the motor 
%     (high first or low first)default is high first 
%     pd = motor rate for scan; default is 100us -> speed is hardcoded into 
%     arduino code for now 

  
warning('off', 'serialport:serialport:ReadWarning'); 
% define direction of linear motion 
remoteFreeze(srv, 1) 
remoteFreeze(srv, 0) % force unfreeze 
scanIms(numScans,1).img=[]; % num imgs 
% start uno 
uno=serialport(arduinoPort,  960000, 'DataBits', 8, 'Timeout', 0.07); % 2^14 %  
warning('off', 'serialport:serialport:ReadWarning'); 
if strcmp(direction, 'toe') 
    for k=1:numScans 
        tic 
        if teststruct.stopbtn.Value 
            disp('stopped') 
            teststruct.stopbtn.Value=0; 
            break 
        end 
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        write(uno, '11>', 'char') %write to uno (longitudinal and direction CCW) 
        timetest2(k,1)=toc; 
        scanIms(k,1).printout1=read(uno, 5885, "char"); %  
        timetest2(k,2)=toc; 
        [scanIms(k,1).img, infostruct(k,1).info]=getLiveScreen(srv); 
        scanIms(k,1).timestamp=datetime; 
        timetest2(k,3)=toc; 
        if rem(k,400)==0 

            remoteFreeze(srv, 1) 
            remoteFreeze(srv, 0) % force unfreeze every~25s - Aixplorer loop is 

30s 
        end 
        pause(.055) 
    end 
elseif strcmp(direction, 'motor') 
    for k=1:numScans 
        tic 
        if teststruct.stopbtn.Value 
            disp('stopped') 
            teststruct.stopbtn.Value=0; 
            break 
        end 
        write(uno, '12>', 'char') %write to uno (longitudinal and direction CW) 
        timetest2(k,1)=toc; 
        scanIms(k,1).printout1=read(uno, 5885, "char");  

        timetest2(k,2)=toc; 
        [scanIms(k,1).img, infostruct(k,1).info]=getLiveScreen(srv); 
        scanIms(k,1).timestamp=datetime; 
        timetest2(k,3)=toc; 
        if rem(k,400)==0 
            remoteFreeze(srv, 1) 
            remoteFreeze(srv, 0) % force unfreeze every~25s - Aixplorer loop is 

30s 
        end 
        pause(.055) 
    end 
end 
clear uno 
  scanIms(1,1).info=infostruct(1,1).info; 
scanIms(1,1).timetest=timetest2; 
remoteFreeze(srv, 1) % freeze after end of scan to reduce energy transferred into 

plantar tissue 
end 
%--------------------------------------------------------------------------------- 
function scanIms=LongScan_SWE(numScans, arduinoPort, srv, direction, teststruct) 
% take the scan in the longitudinal direction - takes images 
% inputs: 
%     numScans = number of scans 
%     arduinoHandle = object containing arduino information 
%     srv = object containing Aixplorer information 
%     out1 = either 0 or 1, variable controlling direction of the motor 
%     (high first or low first)default is high first 
%     pd = motor rate for scan; default is 100us 

  
remoteFreeze(srv, 1) 
remoteFreeze(srv, 0) % force unfreeze 
scanIms(numScans,1).img=[]; % num imgs 
% start uno 
uno=serialport(arduinoPort,  960000, 'DataBits', 8, 'Timeout', 0.07); % 2^14 %  
if strcmp(direction, 'toe') 
    for k=1:numScans 
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tic 
        if teststruct.stopbtn.Value 
            disp('stopped') 
            teststruct.stopbtn.Value=0; 
            break 
        end 
        write(uno, '31>', 'char'); 
        pause(0.1) % pause so that there is info to collect from arduio 
        timetest2(k,1)=toc; 
        scanIms(k,1). 

 printout1=read(uno, 17620, "char");  
        timetest2(k,2)=toc; 
        pause(0.2) % pause to avoid motion in the SWE image 
        [scanIms(k,1).img, scanIms(k,1).info1]=getLiveScreen(srv); 
        [scanIms(k,1).SWEMap, scanIms(k,1).info2]=getSWE(srv, 'last'); 
        scanIms(k,1).timestamp=datetime; 
        timetest2(k,3)=toc; 
        pause(0.65) 
        scanIms(k,1).img2=getLiveScreen(srv); 
        [scanIms(k,1).SWEMap2]=getSWE(srv, 'last'); 
        scanIms(k,1).time2=datetime; 
        pause(0.65) 

  scanIms(k,1).img3=getLiveScreen(srv); 
        [scanIms(k,1).SWEMap3]=getSWE(srv, 'last'); 
        scanIms(k,1).time3=datetime; 
        pause(.65) 
        scanIms(k,1).img4=getLiveScreen(srv); 
        [scanIms(k,1).SWEMap4]=getSWE(srv, 'last'); 
        scanIms(k,1).time4=datetime; 
        if rem(k,32)==0 
            [scanIms(k,1).Maps2]=getSWE(srv, 'all'); % can pull 326 maps  
            remoteFreeze(srv, 1) 
            remoteFreeze(srv, 0) % force unfreeze every~25s - Aixplorer loop is 

30s 
        end 
        timetest2(k,4)=toc; 
    end 
elseif strcmp(direction, 'motor') 
    for k=1:numScans 
        tic 
        if teststruct.stopbtn.Value 
            disp('stopped') 
            teststruct.stopbtn.Value=0; 
            break 
        end 
        write(uno, '32>', 'char')  
        pause(0.1) 
        timetest2(k,1)=toc; 
        scanIms(k,1).printout1=read(uno, 17620, "char"); % 685 should b 
        timetest2(k,2)=toc; 
        pause(0.2) 
        [scanIms(k,1).img, scanIms(k,1).info1]=getLiveScreen(srv); 
        [scanIms(k,1).SWEMap, scanIms(k,1).info]=getSWE(srv, 'last'); 
        scanIms(k,1).timestamp=datetime; 
        pause(0.65) 
        scanIms(k,1).img2=getLiveScreen(srv); 
        [scanIms(k,1).SWEMap2, scanIms(k,1).info2]=getSWE(srv, 'last'); 
        scanIms(k,1).time2=datetime; 
        pause(0.65) 
        scanIms(k,1).img3=getLiveScreen(srv); 
        [scanIms(k,1).SWEMap3, scanIms(k,1).info3]=getSWE(srv, 'last'); 
        scanIms(k,1).time3=datetime; 
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pause(.65) 
        scanIms(k,1).img4=getLiveScreen(srv); 
        [scanIms(k,1).SWEMap4]=getSWE(srv, 'last'); 
        scanIms(k,1).time4=datetime; 
%          pause(0.1) 
        if rem(k,32)==0 
            [scanIms(k,1).Maps2]=getSWE(srv, 'all'); % can pull 326 maps  
            remoteFreeze(srv, 1) 
            remoteFreeze(srv, 0) % force unfreeze every~25s - Aixplorer loop is 30s 
        end 
         timetest2(k,3)=toc; 
    end 
end 
[scanIms(k,1).Maps2]=getSWE(srv, 'all'); % full last batch of SWE maps not captured 

after last freeeze/unfreeze 
remoteFreeze(srv, 1) % freeze after end of scan to reduce energy trasnferred into 

plantar tissue 
scanIms(1).readTime = timetest2; 
end 
%--------------------------------------------------------------------------------- 
function TverseScans=moveTverse(arduinoPort,direction) 
% take the scan in the longitudinal direction - takes images 
% inputs: 
%     dist = distance to move (tducer width - desired overlap) 
%     lead = lead of lead screw 
%     microstep = steps per revolution (via motor controller) 
%     arduinoHandle = object containing arduino information 
%     out1 = either 0 or 1, variable controlling direction of the motor 
%     (high first or low first)default is high first 
%     pd = motor rate for scan; default is 100us 
uno=serialport(arduinoPort,  960000, 'DataBits', 8, 'Timeout', 0.15); % 2^14 %  
pause(1.5) 

  
if strcmp(direction, 'scan') 

    for q=1:7 
     write(uno, '22>', 'char') 

    end 
    TverseScans.time1=toc; 
    TverseScans(1).printout1=read(uno, 8585, "char"); % 685 should b 
    TverseScans.time2=toc; 
    pause(0.8) 
elseif strcmp(direction, 'return') 
    for q=1:7 
     write(uno, '22>', 'char') 

    end 
    TverseScans.time1=toc; 
    TverseScans(1).printout1=read(uno, 8585, "char"); % 685 should b 
    TverseScans.time2=toc; 
    pause(0.8) 
end 
end 
%--------------------------------------------------------------------------------- 
function scanIms=LongReturn(footL, arduinoPort, direction, teststruct) 
% take the scan in the longitudinal direction - takes images 
% inputs: 
%     numScans = number of scans 
%     arduinoHandle = object containing arduino information 
%     srv = object containing Aixplorer information 
%     out1 = either 0 or 1, variable controlling direction of the motor 
%     (high first or low first)default is high first 
%     pd = motor rate for scan; default is 100us -> speed is hardcoded into 
%     arduino code for now 
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% define direction of linear motion 
% start uno 
uno=serialport(arduinoPort,  960000, 'DataBits', 8, 'Timeout', 0.05); % 2^14 %  
clear movmnts nummvmnts 
pause(3) 
distmm=footL-10; 
possibledists=[50,20,10,5,2,1,0.3]; 
indx=2; 
pause(5-0.5*movmnts(1)) % for some reason, if don't have this pause, first step 

won't execute? 

movmnts(1)=min(find(floor(distmm./possibledists))); 
nummvmnts(1)=floor(distmm./possibledists(movmnts(1))); 
remainder=rem(distmm, possibledists(movmnts(1))); 
while remainder>0.20001   

    movmnts(indx)=min(find(floor((remainder+.00001)./possibledists))); 
    nummvmnts(indx)=floor(remainder./possibledists(movmnts(indx))); 
    remainder=rem(remainder, possibledists(movmnts(indx))) 
    indx=indx+1; 
end 

% assign arduino code for speed 
    s='3'; 
% assign arduino code for direction and axis 
    d='2'; 
for k=1:length(movmnts) 
    for n=1:nummvmnts(k) 
        if teststruct.stopbtn.Value 
            disp('stopped') 
            teststruct.stopbtn.Value=0; 
            break 
        end 
        tic 
        t=num2str(7-movmnts(k)); 
        write(uno, ['5' d s t '>'], 'char') %write to uno 1 (longitudinal) and 2 

(direction CW) 
        disp(['5' d s t '>']) 
        scanIms(k,1).movetime2(k,1)=toc; 
        scanIms(k,1).printout1=read(uno, 5585*(8-(7-movmnts(k)))^2, "char"); % 685 

should b 
        scanIms(k,1).movetime2(k,2)=toc; 
        pause(17/movmnts(k)-0.8) 
        disp(num2str(5585*(8-(7-movmnts(k)))^2)) 
    end 
end 
clear uno 
end 

  
%--------------------------------------------------------------------------------- 
function Joginfo=Jog_motor(btn, teststruct, direction, speed) 
% take the scan in the longitudinal direction - takes images 
% inputs: 
%     numScans = number of scans 
%     arduinoHandle = object containing arduino information 
%     srv = object containing Aixplorer information 
%     out1 = either 0 or 1, variable controlling direction of the motor 
%     (high first or low first)default is high first 
%     pd = motor rate for scan; default is 100us -> speed is hardcoded into 
%     arduino code for now 
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% define direction of linear motion 
uno=serialport(teststruct.arduinoPort.Value,  960000, 'DataBits', 8, 'Timeout', 

0.05); % 2^14 %  
pause(1.5) 
% assign arduino code for speed 
if contains(speed.SelectedObject.Text, '2') 
    s='1'; 
elseif contains(speed.SelectedObject.Text, '5') 
    s='2'; 
elseif contains(speed.SelectedObject.Text, '10') 
    s='3'; 
end 
% assign arduino code for direction and axis 
if strcmp(direction, 'motor') 
    d='1'; 
elseif strcmp(direction, 'toe') % direction of motor 
    d='2'; 
elseif strcmp(direction, 'arch') % direction of motor 
   d='3'; 
elseif strcmp(direction, 'ankle') % direction of motor 
    d='4'; 
end 
if teststruct.stopbtn.Value 
    disp('stopped') 
    teststruct.stopbtn.Value=0; 
else 
    write(uno, ['4' d s '>'], 'char') %write to uno 1 (longitudinal) and 2 

(direction CW) 
    Joginfo.jogtime(1,1)=toc; 
    Joginfo.jogOut(1,1).printout1=read(uno, 5585, "char"); % 685 should b 
    Joginfo.jogtime(1,2)=toc; 
    pause(.04) 
end 
end 

 
%---------------------------------------------------------------------------- 
function Moveinfo=moveMotorDistance(btn, teststruct,  speed, distance) 
uno=serialport(teststruct.arduinoPort.Value,  960000, 'DataBits', 8, 'Timeout', 

0.05); % 2^14 %  
distmm=distance.Value; 
mms=speed.Value; 
possibledists=[50,20,10,5,2,1,0.3]; 
indx=2; 
movmnts(1)=min(find(floor(distmm./possibledists))); 
nummvmnts(1)=floor(distmm./possibledists(movmnts(1))); 
remainder=rem(distmm, possibledists(movmnts(1))); 
while remainder>0.20001 % (0.3mm is smallest move) 
    movmnts(indx)=min(find(floor((remainder+.00001)./possibledists))); 
    nummvmnts(indx)=floor(remainder./possibledists(movmnts(indx))); 
    remainder=rem(remainder, possibledists(movmnts(indx))); 
    indx=indx+1; 
end 
% assign arduino code for speed 
if contains(speed.Value, '10') % make condition for 10 first, otherwise  
    s='3'; 
elseif contains(speed.Value, '5') 
    s='2'; 
elseif contains(speed.Value, '1') 
    s='1'; 
end 
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% assign arduino code for direction and axis 
disp(teststruct.axisbg.SelectedObject.Text) 
if strcmp(teststruct.axisbg.SelectedObject.Text, 'A') 
    d='1'; 
elseif strcmp(teststruct.axisbg.SelectedObject.Text, 'P') % direction of motor 
    d='2'; 
elseif strcmp(teststruct.axisbg.SelectedObject.Text, 'M') % direction of motor 
   d='3'; 
elseif strcmp(teststruct.axisbg.SelectedObject.Text, 'L') % direction of motor 
    d='4'; 
end 
pause(5-0.5*movmnts(1)) 
for k=1:length(movmnts) 
    for n=1:nummvmnts(k) 
        if teststruct.stopbtn.Value 
            disp('stopped') 
            teststruct.stopbtn.Value=0; 
            break 
        end 
        tic 
        t=num2str(7-movmnts(k)); 
        write(uno, ['5' d s t '>'], 'char')  
        disp(['5' d s t '>']) 
        Moveinfo.movetime2(k,1)=toc; 
        Moveinfo.moveOut(k,1).printout1=read(uno, 5585*(8-(7-movmnts(k)))^2,  

"char");  
        Moveinfo.movetime2(k,2)=toc; 
        pause(.04) 
        disp(num2str(5585*(8-(7-movmnts(k)))^2)) 
    end 
end 
end 
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C Appendix C: DVC sensitivity analysis  

In order to choose the DVC run with optimized parameters for obtaining the metrics of interest, a 

variety of DVC parameters were tested, and several metrics were chosen to assess the quality of 

the results using each set of parameters: vertical displacement (C1), quality of the moving image 

remapped to the reference image using the calculated displacement (C2, C3), the total average 

vertical strain (C3, C4), and the correlation value (C3, C4). From prior work, the total average 

vertical strain is expected to be around 50% underneath the load bearing bones.  Using initial 

thicknesses (e.g. around 2cm at the heel) expected averaged displacements (e.g. 10cm) can be 

estimated. The displacement is expected to be highest toward the bone with a gradient of lower 

displacements moving toward the skin using an oversimplified assumption of linear elasticity and 

modeling different materials as springs in series. The correlation value is an internal metric of how 

well ‘matching’ subvolumes correlate. Higher values indicate a better match. Finally, the 

remapped images should closely resembled the reference images.  

 

Figure C-1 Representative Coronal slices used to assess feasibility of the vertical displacement 

result. Examples pulled from both C1 and C2. 
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Figure C-2 Left. Unweighted reference image. Middle. Representative coronal slices of 

weighted volume remapped to the unweighted volume to assess the quality of the total 

displacement result. Examples rated ‘good’. Bone and skin margins, bright lines, and general 

shapes match well between the reference and remapped images. Right. Weighted ‘deformed’ 

volume to which displacement is applied to obtain the remapped volumes. 
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Figure C-3 Left. Unweighted reference image. Middle. Representative coronal slices of 

weighted volume remapped to the unweighted volume to assess the quality of the total 

displacement result. Examples not rated ‘good’. Large whorls obscure fine detail, the skin-plate 

margin is distorted, and bones are unclear. Right. Weighted ‘deformed’ volume to which 

displacement is applied to obtain the remapped volumes. 
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Figure C-4 Spatial maps of average vertical strain and correlation value used to assess the 

accuracy, feasibility, and confidence of the result for subject C1. Vertical strain is expected to be 

between 0-50% for load bearing regions, the ideal correlation value is 1.  

 

 

Figure C-5 Spatial maps of average vertical strain and correlation value used to assess the 

accuracy, feasibility, and confidence of the result for subject C2. Vertical strain is expected to be 

between 0-50% for load bearing regions, the ideal correlation value is 1.  


