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Three-dimensional (3D) surface reconstruction is a process for retrieving the 3D shape and

appearance of real objects or scenes. The generated 3D point clouds can be used in many

fields, including entertainment, measurement, design, reverse engineering, homeland secu-

rity and etc. Over the past decades, 3D reconstruction has been widely used in clinical

diagnosis and surgical treatment of diseases, such as X-ray, ultrasound, computed tomog-

raphy (CT) and magnetic resonance imaging (MRI). However, all of these technologies are

radiography-based volumetric 3D reconstruction instead of 3D surface reconstruction. With

the growing need of tissue texture information for clinical purposes, the 3D reconstruction

based on endoscopic images plays a more vital role than ever, especially in tumor diagnosis

and surveillance of esophagus, lung, stomach, bladder and etc.

In this work, new algorithms were developed to solve specific 3D reconstruction problems

in biomedical applications. To reconstruct the 3D internal surface of a human organ, such

as bladder or stomach, a sequence of 2D endoscopic images were captured by rotating and

moving the scope around inside of the organs. This 3D reconstruction solely based on images

is called Structure-from-Motion (SfM). To overcome the problems of insufficient features in

medical images and short camera baselines, the camera poses were initially estimated by

constraining the surface on a spherical shape at the first step. The more realistic organ

surface was then reconstructed by releasing the spherical constraints. Extra features were



built to handle multiple scanning videos and recover the physical scale of the 3D surface

with reference lesion target.

To reduce the human error and surgical operating time in removing the tumor/cancer

in brain, a semi-automated surgical robotic system with 3D vision is being developed. By

providing an accurate 3D surface model of the surgical field based on a RGB (red, green

and blue) camera attached to the surgical tool, the robot could perform tedious opera-

tion of residual tumor tissue removal automatically. Camera position and orientation were

also known throughout the surgery from the robotic system. This 3D reconstruction with

known camera parameters is called Multi-view Stereo. Due to the mechanical limitation of

robotic system, the camera pose parameters were with certain errors (tolerance). To utilize

these inaccurate but bound constrained variables, Bound Constrained Bundle Adjustment

(BCBA) algorithm was developed based on gradient projection to generate accurate 3D

model efficiently.

Besides biomedical applications, 3D computer vision is emerging in traditional indus-

tries, such as manufacture and quality control applications. To build a potential in-line 3D

metrology tool for internal threads in automobile engine blocks, two 3D reconstruction algo-

rithms were developed with forward-view and side-view cameras, respectively. Axial-stereo

vision algorithm was proposed to create dense 3D point cloud of internal surface based on

two forward-view images that are aligned on the optical axis. Feature-based panoramic

3D registration algorithm was developed to register different side-view image-generated 3D

surface patches together, by taking advantage of the robustness and accuracy of SIFT fea-

tures. Each side-view patch of the repeated geometry of a threaded hole was reconstructed

by multi-view stereo. Comparing with traditional 3D point clouds registration algorithm

Iterative Closest Point (ICP), our algorithm has the advantages of high-efficiency and high-

accuracy, especially for the registration of repetitive geometries.
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Chapter 1

INTRODUCTION

1.1 3D Reconstruction

3D reconstruction is a process to retrieve the geometry and appearance of real objects

or scene. The generated 3D point clouds can be utilized for visualization, game, music,

movie, measurement, design, reverse engineering, human health, homeland security and etc

[48, 148].

3D surface reconstruction of an object can be achieved by two main categories: active and

passive [12]. The active approaches interfere with the object either mechanically (contact) or

radiometrically (non-contact) [83]. An example of contact active 3D reconstruction method

is using depth gauge to measure the distance of each surface point of the object, and

collect these 3D data into a point cloud, such as Coordinate Measurement Machine (CMM)

[14]. The biggest advantage of CMM is high precision and accuracy. But it comes with

several drawbacks, such as high price, low portability and slow acquisition speed; also

it may damage the sample since it is tactile measurement. Non-contact active methods

are mainly using optical techniques. Time of flight (ToF) [13, 3, 116] is one non-contact

method that can retrieve the depth between light source and object by measuring the time

that light flies. It is usually used in laser radar or laser tracker system for medium-long

range measurement, covering range of centimeters level up to kilometers. Comparing with

other 3D reconstruction techniques, ToF is very fast, robust, but with low depth resolution.

Another common active non-contact approach is based on structured-light [112, 36, 178].

By projecting structured-light of known pattern onto a 3D surface, such as grid, fringe, or

speckle patterns, a distorted pattern image is captured from other perspective than where

the projection light source is. The dense 3D information can be recovered by analyzing how

the pattern is distorted.

Passive methods require multiple overlapped images of normally illuminated object with-
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Figure 1.1: The categorization of the common 3D surface reconstruction methods.

out interfering or requirement of any artificial light. Passive methods are also can be con-

sidered as non-contact 3D reconstruction methods. One passive way to acquire the 3D

information of an object is to perform stereo vision [123], which is motivated from human

vision. A pair of well-calibrated cameras, locating side-by-side, captures the left and right

images of the same object with image overlap. The 3D scene can be reconstructed with

triangulation by finding the corresponding points in the stereo image pairs. Besides this

traditional side-by-side stereo, axial-stereo vision system is developed to reconstruct the 3D

model of internal surface by placing the two cameras along the optical axis [44]. Another

typical passive 3D reconstruction method is feature-based reconstruction from multiple im-

ages, such as structure from motion (SfM) [155, 63]. The data acquisition speed can be as

high as the camera reaches; thus, is easy to realize real-time 3-D data acquisition with low

cost. However, hinging on identifying the corresponding pairs between two camera images,

its accuracy is usually not high if the object surface does not have very strong reflectiv-

ity variations. Similar to stereo vision, SfM can be used to reconstruct the 3D scene by

triangulation of the correspondences. While the difference is that the camera parameters

could be unknown but recovered later with bundle adjustment [140, 64, 15]. To better ar-
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range the categorization of the common 3D surface reconstruction methods, the approaches

mentioned were listed in Figure 1.1. This Ph.D proposal is focusing on the medical and

industrial applications of passive 3D reconstruction with robot assistance.

1.2 Scanning fiber endoscope (SFE)

Figure 1.2: The schematic diagram of Scanning Fiber Endoscope (SFE). A white optical
beam consisting of RGB laser light is being scanned by a single mode optical fiber in a spiral
pattern and focused onto an object at low optical power by 2 or 3 lenses. The backscattered
and fluorescence light is collected by a ring of multimode optical fibers that are wrapped
around the 1-mm diameter fiber scanner assembly. Color video stream is generated with
> 500 line resolution at 30 Hz frame rate.

The SFE attains unconventionally high resolution for the flexible endoscope of only 1.2-

mm in diameter (Fig. 1.2). Instead of using a single optical fiber or CCD sensor element

for each pixel in the endoscope image, the SFE generates an image from scanning a single

beam of red (R), green (G), and blue (B) laser light from a sub-millimeter fiber scanner.

The fiber scanner consists of the cantilevered optical fiber driven near its mechanical res-

onance of lateral vibration (12 KHz) by a 0.4-mm tubular piezoelectric actuator. This

spiral-scanned illumination fiber is single mode for deep-red to blue laser wavelengths. By

collecting the laser reflectance backscattered from the tissue, full-color reflectance images
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are formed; and collecting wavelength-shifted fluorescence emission, multiple channels of

wide-field fluorescence images are formed.

To create video rate imaging, the collected light is sampled at 25 MHz on 4 channels

concurrently to form > 500-line images at 30 frames per second [70]. By collecting light

non-confocally, such as through a ring of multimode optical fibers (0.66 numerical aperture)

surrounding the lensed fiber scanner, a 2-mm diameter scope is constructed with 5-10 nM

fluorescence dye detection sensitivity to sodium fluorescein and Cy5.5 at a typical work-

ing distance of 2 cm [167]. Simultaneous reflectance and fluorescence imaging has been

demonstrated using two techniques:

• technique 1: By replacing one reflectance channel, (e.g. green) for fluorescence, while

providing color reflectance imaging from the other two reflectance channels (e.g. red

and blue), fluorescence guided procedures can be conducted in vitro [165, 166, 122,

121].

• technique 2: A new multispectral fluorescence SFE was constructed with RGB lasers

exciting three separate fluorescence channels, and one reflectance channel provides

grayscale reflectance imaging for fluorescence guided biopsy [167].

Furthermore, this grayscale reflectance channel can be used to provide distance compen-

sation to the fluorescence imaging channels, which allows a more quantitative fluorescence

imaging feature of the SFE [165]. The multiple fluorescence channels also allows autofluores-

cence to be measured at every pixel and eliminated from the fluorescence image, providing

a more quantitative fluorescence image, especially at the low dye concentrations that will

be encountered at the margins of fluorescence-guided brain surgery [167].

1.3 Motivation and objective

1.3.1 3D reconstruction for automated bladder surveillance system with multi-segmented

flexible robot

Bladder cancer accounts for estimated 72,000 new cases and 15,000 deaths annually and

is the fourth most common cancer among men and the eighth most common caused of
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cancer-related death in the United States [127]. The high rate of local recurrence of bladder

cancer highlights the importance of long term follow-up surveillance [26, 69, 30]. Among

different diagnostic methods, cystoscopy is considered as the gold standard for detecting

the recurrence of bladder cancer [144]. It can achieve bladder cancer surveillance and lower

urinary track pathology diagnosis by providing direct visual inspection on the bladder’s

inner surface. The most common follow-up strategy includes regular cystoscopy every 3

to 6 months in the first five years following bladder tumor removal and annual assessment

thereafter [124].

The current cystoscopy has several disadvantages: 1) In the conventional clinical pro-

cedure, the cystoscope is inserted through the urethra and glided into the bladder. The

patients may feel very uncomfortable or even painful, especially for man. A cystoscope

with smaller outer diameter is preferred for the bladder surveillance; 2) The field of view

(FOV) of current cystoscope is narrow so that the urologist can only see a small portion of

the bladder inner surface. It is very hard for them to picture what the entire bladder looks

like, which may cause an incomplete scan or missed regions being observed by the clinician;

3) the performance of the cystoscopic surveillance depends on the ability and experience of

the urologist [159]. Thus, the performance of cystoscopy can be improved with rapid and

complete inspection by reconstructing the 3D bladder virtual model with a tiny, flexible,

automated biomedical robot.

1.3.2 Accurate 3D reconstruction of brain tumor cavity for image-guided surgical robotic

system

Malignant brain tumors affect over 50,000 adults in US each year, and the rate has been in-

creasing for the past decades. One of the most common primary brain tumors is categorized

as glioblastomas [74]. The patients with these aggressive tumors typically have only at 2%

chance to survive for five years [98]. Complete surgical resection of tumor tissue remains one

of the most important factors for survival in patients with cancer [139]. Tumor resection in

the brain is exceptionally difficult because leaving residual tumor leads to recurrence and

decreased survival, and removing healthy brain tissue can impair patients memory, mobility
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and other vital functions. Unfortunately, tumor margins are often indistinct under direct

(optical) visualization. Although MRI and CT imaging can locate tumors, their use intra-

operatively during surgery is very difficult and costly [115, 97]. Ultrasound imaging has

low resolution, requires tissue contact, and lacks tissue-specific contrast [99, 25]. Optical

imaging provides high-resolution non-contact imaging that is familiar with the surgeon, but

penetration depth is limited. To enhance optical contrast during intraoperative tumor re-

moval, fluorescence contrast is often used to label brain tumor margins at high resolution

and contrast [74, 93, 167]. This technique is especially useful when brain tumors and their

margins are exposed to the surgeon so the inherent shallow penetration depth (in white

brain matter) of the visible (400 - 700 nm) and NIR light (700 - 1000 nm) [169] is not

limiting.

Thus a surgical robotics system of high degree of dexterity, accurate navigation and

highly precise resection is an ideal candidate for image-guided removal of fluorescently-

labeled brain tumor cells. Moreover, an accurate multi-modal 3D reconstruction of the

brain tumor surgical field is required to provide accurate 3D coordinates of the tumor cells

to the surgical robot system for the proposed future application of robotically-assisted,

fluorescence guided removal of residual tumor tissue.

1.3.3 Robot-assisted 3D optical metrology of tiny internal threads hole for automobile in-

dustry

The 3D metrology of internal surfaces is very important in manufacturing. Nowadays, the

automotive manufactures incur high costs to ensure the quality of the internal threaded

holes within the engine block. The quality of these machined holes are crucial to keep

engine sealed and prevent catastrophic failure over the many years of operation, and very

important for the specific company’s record on safety, performance, and longevity of their

products. To this day, the major automobile manufacturers evaluate the quality of threads

in the engine block by using manual contact gauges [56]. The most common method for

inspecting threaded parts by mechanical contact gauges is the Go/No-Go gauge, a ring or

plug that checks for assembly. However, it comes with many disadvantages:
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• 1) The evaluation of the internal threads is mainly depends on the operators’ skills.

• 2) This contact measurement causes undesirable mechanical wear on the threads in

the engine block.

• 3) The gauge requires maintenance and periodic certification calibration due the con-

tact with threads.

• 4) The Go/No-Go characteristic of standard gauge cannot provide quantitative data.

• 5) Since there are more than 60 million cars produced each year, the inspect the engine

block threads by manual work takes lots of labors, time and effort. In summary, the

cost is very high.

Other 3D metrology methods contain Coordinate Measurement Machine (CMM), structure-

light, x-ray and etc. But they are not feasible to achieve the 3D metrology of the internal

surface, especially for small internal threads on an assembly line of large engine blocks.

To better control the quality of the threads in the engine block, an accurate 3D optical

dense reconstruction is desired for small internal complex surface, which can be achieved

by utilizing ultra-thin camera and highly-accurate industry robot.

1.3.4 Solution to the biomedical and industrial applications

All the objectives mentioned above require several common things. First, a camera with

ultrathin outer diameter and multi-mode (reflectance and fluorescence) is required for lim-

ited work condition of these applications, such as the space limitation of of cystoscopic

detection of bladder small tumors, guidance of brain surgeries, and quantitative inspection

of threaded holes. Secondly, the image acquisition system is driven by robot, such as the

automated flexible cysctoscope robot, image-guided surgical robotics and industrial robots.

Furthermore, the applications demand accurate 3D reconstruction, especially for the threads

measurement.

To meet these requirements, the SFE is an ideal candidate for imaging due to its ultra-

thin size and multi-modal function. Different robotic systems are applied to lead the endo-

scope for scanning and inspection. We collaborate with three robotics groups to accomplish

these tasks. Three 3D reconstruction algorithms were developed : 1) bound constrained
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Structure-from-Motion for biomedical applications, 2) axial-stereo internal surface mea-

surement and 3) side-view multiview stereo for the threads metrology.

1.4 Dissertation overview

A general overview of each chapter is given below:

In Chapter 2, by collaborating with Smart Medical Devices Lab, Qatar University

(Qatar), we propose a versatile, wire-driven, multi-segment automated robot for steering the

SFE to follow optimal, pre-programmed scan trajectories. The multiple degrees-of-freedom

(DOF) of the robot provide the advantage of maintaining the camera (SFE) perpendicular

to the bladder wall with a safety distance. A 3D panoramic reconstruction view of the

bladder is generated by custom software to improve comprehensive surveillance and clinical

efficiency. This software can also handle multiple videos and generate physical-scale 3D

model with reference target.

In Chapter 3, a synthetic phantom of debulked tumor from brain is fabricated having

spots of fluorescence representing residual tumor. 3D surface map of this surgical field is

produced by moving the SFE over the phantom by micro-positioning stage during concur-

rent reflectance and fluorescence imaging. The accurate poses information of the SFE are

retrieved from micro-positioning stage to simplify the 3D reconstruction algorithm: bundle

adjustment. By utilizing the pre-known neighboring frames, an improved algorithm with 3×
efficiency succeeds to generated 3D multi-modal reconstruction of the synthetic phantom.

In Chapter 4, the miniature flexible endoscope SFE is affixed to the arm of RAVEN II

surgical robot providing programmable motion with feedback control using stereo surveil-

lance cameras. An accurate 3D multi-modal reconstruction of debulked brain tumor cavity

with pre-known geometry is generated in an efficient way with 3× efficiency comparing

with previous algorithm. Algorithm efficiency and accuracy is important to the robotically-

assisted surgery since the 3D reconstruction is repeated intraoperatively during margin

clean-up.

In Chapter 5, by matching the features from SFE video frames to the 3D virtual model

that has been built, the camera pose (position and orientation) is recovered in near real-time

by implementing a constrained bundle adjustment algorithm. Navigational error during the
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approach to fluorescence target (residual tumor) is determined by comparing the calculated

camera pose to the measured camera pose using a micro-positioning stage. Error analysis

in this proof-of-concept study produced 3 mm distance error and 2.5 degree of orientation

error on average. This work demonstrates feasibility of micro-camera 3D guidance of a

robotic surgical tool.

In Chapter 6, a bound constrained bundle adjustment (BCBA) algorithm is proposed

and developed to take advantage of the known but inaccurate information of the parameters

of camera and object points. The theoretical development is provided with emphasis on

the convergence property of the proposed BCBA algorithm. Moreover, the experimental

result demonstrated its feasibility and reliability for a practical problem. Comparing with

conventional BA algorithm that considers a parameter either as known fixed-value or an

unconstrained variable, BCBA achieves less optimization iterations, less computation time,

smaller ICP error and more reliable parameter estimation. Besides this, BCBA also achieved

a good estimation of other parameters that have no constraints.

In Chapter 7, two images are captured by SFE as it moves along the optical axis by a

short step within a small internal thread hole (7mm as minor diameter). The accurate posi-

tion and orientation data of the two camera poses are provided by micro-positioning stage.

By utilizing the proposed axial-stereo vision algorithm, a dense 3D model is generated with

high-resolution, which demonstrated the feasibility of our proposed axial-stereo metrology

approach.

In chapter 8, a side-view approach was proposed by using side-viewing camera to achieve

3D metrology of internal threads, especially for thread peak and valley. By using the similar

experiment setup as the axial-stereo, a side-viewing camera is moving linearly from the

opening of the hole to the bottom. A sequence of 2D side-view images are collected to

generate a point cloud (called a “quadrant” representing the partial point cloud of the

hole at a specific perspective) by multiview stereo algorithm. By rotating the threaded

hole for complete scan of the entire internal surface, multiple quadrants are created. The

conventional way for 3D point cloud registration ICP doesn’t work for this case, since these

quadrants are very similar in geometry. By using our proposed feature-based 3D panoramic

registration, a complete 3D model of the internal threads is well generated. The comparison
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between our model and X-ray data demonstrates the feasibility and potential of our 3D

optical measurement method as an inline metrology approach.

In Chapter 9, a conclusion about this dissertation research is drawn. The future work

in 3D metrology is proposed and discussed to solve the 3D metrology problem for the

measurement of internal threads of engine block. By expend the idea of axial-stereo vision,

multiview axial-stereo vision can be a new approach to achieve complete and dense 3D

reconstruction. Considering these algorithms are sensitive to the accuracy of the industrial

robot that steers the endoscope within the tiny thread hole, different image acquisition

algorithm will be utilized to reduce the image distortion. For 3D biomedical imaging,

several future work are proposed to make the current work more robust and efficient, such

as dense 3D point cloud generation and the fusion of Kalman filter and bundle adjustment.
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Chapter 2

3D PANORAMA FOR AUTOMATED BLADDER SURVEILLANCE
SYSTEM

Cystoscope is an invaluable tool for bladder cancer surveillance and lower urinary track

pathology diagnosis. The performance of cystoscopy can be improved by automating the

procedure to ensure rapid and complete inspection, having a predicted pathway for imag-

ing. This study proposes a versatile, wire-driven, multi-segment mechanism for steering

an imaging probe to follow optimal, pre-programmed scan trajectories. A novel flexible

imaging probe, SFE, of 1.2 mm in diameter generates high quality reflectance or fluores-

cent images. A 3D panoramic reconstruction view of the bladder is generated by custom

software to confirm comprehensive surveillance and improve clinical efficiency. The mul-

tiple degrees-of-freedom (DOF) of the mechanism provide the advantage of maintaining

the camera perpendicular to the bladder wall with a safety distance. Within a synthetic

bladder phantom made from patient-specific geometry information, the apparatus is able to

generate a 3D panorama of about 60% of the bladder’s inner surface, while accepting 50%

image overlap between adjacent images. The novel imaging capability of the SFE, combined

with a robotized multi-segment steering mechanism and image stitching software proposes

potential advancements to the multimodal 3D panorama of the bladder.

2.1 Background and objective

Bladder cancer accounts for estimated 72,000 new cases and 15,000 deaths annually and

is the fourth most common cancer among men and the eighth most common caused of

cancer-related death in the United States [127]. The high rate of local recurrence of bladder

cancer highlights the importance of long term follow-up surveillance [26, 69, 30]. Among

different diagnostic methods, cystoscopy is considered as the gold standard for detecting the

recurrence of bladder cancer [144]. The most common follow-up strategy includes regular

cystoscopy every 3 to 6 months in the first five years following bladder tumor removal and
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annual assessment thereafter [124]. However, the performance of the cystoscopic surveillance

depends on the ability and experience of the urologist [159].

The cystoscope is an invaluable tool in identifying pathology of the lower urinary tract

by providing direct visual inspection on the bladder’s inner surface. The outcomes of cys-

toscopy can be improved by automatizing the scan procedure to reduce the workload of the

urologist and to provide consistent results. In the previous efforts to develop an automated

cystoscope prototype, shape-memory alloy actuators were used for active distal end steering

of bladder cancer surveillance system [173, 172]. The actuators were distributed along the

longitudinal shaft of the imaging probe to generate unilateral bending motions. Combined

with translational motions and rotational motions about the longitudinal shaft, the mecha-

nism manipulated the imaging probe to scan the whole inner surface of a synthetic bladder

phantom. However, heat dissipation from the actuator was a potential thermal hazard to

the organ. Furthermore, because the scan motions by translation-bending-rotation pattern

is less capable of steering the imaging camera to follow arbitrary trajectory, this limits the

types of geometric surface on which good imaging results can be obtained [16].

2.2 Multi-segmented flexible robot

This study use a mult-segmented flexible robot that is developed by Smart Medical Device

Lab, Qatar University, Qatar. This robot contains a wire-driven steering mechanism with

multiple segments connected by hinge joints for versatile bending motions in automated

cystoscopy, see Fig. 2.1 and Fig. 2.2 The use of hinge joints can avoid the afore mentioned

problem of ball/spherical joints so that the steering motions can be controlled accurately by

wires. The feature of multiple degrees-of-freedom of the structure is necessary for generating

perpendicular views at the optimal imaging distance on the surface of an irregular-shaped

bladder.

In order to unburden clinicians with a faster and easier diagnostic method accompanying

the proposed automated cystoscope, 3D panoramic views of the in vitro phantom bladder’s

inner surface are built from cystoscopic videos. Customized image stitching software has

been developed to achieve this purpose. Several image stitching techniques have been in-

troduced in numerous medical fields, including dental model [76], esophagus imaging [118],
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Figure 2.1: Prototype of automated cystoscope (vertically installed). Left: The prototype
consists of a motor module, an insertion tube, and a flexible steerable section. Right: The
structure details of the multi-segment steering section.

Figure 2.2: Steering motions of prototype of automated cystoscope. Captured motions dur-
ing steering in air. The steering section is controlled according to the kinematic simulation
shown in the background.
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catadioptric endometrial imaging [125], bladder endoscope images [10], etc. Soper et al.

developed algorithms for building 2D mosaic image and 3D model of a urothelium surface

from a surveillance video stream [130]. The biggest advantage of the algorithms is that

the reconstruction were performed without supplemental foreknowledge of the particular

endoscope used.

In this study, a much improved 3D reconstruction software was developed to gener-

ate a physical-sized 3D bladder’s inner surface, instead of the unified dimensional model

in [130]. This feature is useful for locating the physical coordinates of the bladder lesion

in the surveillance procedure and to provide quantitative characteristics such as size and

morphology.

2.3 Experiment and 3D panorama result

A computed tomography (CT) cystogram of a female patient’s bladder was used to construct

a three dimensional plaster model. The same point cloud information was also used for

planning scan trajectories and kinematics simulations. In building a synthetic bladder

phantom, multiple thin layers of industrial liquid latex (RL-451-80, Silpak Inc., Pomona,

CA, USA) were brushed on the plaster model, as shown in Fig. 2.3(a). When the latex

layers were dried out, red and blue vessel features were drawn on the inner surface of the

bladder phantom. Fig. 2.3(b) shows the bladder phantom inside-out, revealing the vessel

features. Four star-shaped fluorescent targets of 6 mm in outer diameter were made with

Fluoro-dye-in polymer (Fig. 2.3(c)) and were located over the vessel features to simulate

the biomarkers for guiding biopsy and therapy [166].

2.3.1 Setup

Fig. 2.4 shows the setup for the full scan experiments. The cystoscope prototype using

the proposed steering mechanism was installed vertically with the insertion tube pointing

downward. The bladder phantom was supported with its internal urethral orifice facing

upward so that the cystoscope can be inserted into the bladder with translational motions.

A rigid PDMS concave holder sharing the same shape as the bladder phantom was used to

support the lower half of the bladder phantom so that the natural shape of the phantom



15

Figure 2.3: The fabrication of bladder phantom with artificial vessels features and fluores-
cent markers. (a) Multiple thin layers of latex were brushed on a plaster bladder model to
form the bladder phantom. (b) Vessel features drawn with red and blue ink. (c) One of the
star-shaped fluorescent biomarkers.

can be preserved. The relative position and orientation between the cystoscope and the

bladder phantom were set according to simulation configurations.

A SFE passes through the central cavity of the steering mechanism, with its tip sticking

out (about 10 mm) and its optical axis aligned with the longitudinal axis of the mechanism.

The SFE system is a flexible miniature laser imaging probe with a outer diameter of φ1.2

mm [120, 70]. It has a forward-view with field-of-view larger than 50◦ and a depth-of-focus

of 2∼50 mm. The SFE video provides circular image frames containing an effective image

area of 600 pixels in diameter. The SFE is multimodal. Its video output can be full-color

images when using a scanning white optical beam with red, green, and blue laser light

sources, as shown in Fig. 2.5(a). By deactivating the green laser source, the standard green

channel only records the fluorescence emission signals. The red and blue channels were still

used for reflectance imaging [166], as shown in Fig. 2.5(b).

2.3.2 Trajectory and SFE Video

One of the fundamental requirements for the mechanism in steering its tip to follow a scan

trajectory is keeping a safe distance from the bladder’s inner surface. In addition, it is
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Figure 2.4: Experiment setup for automated full bladder scan.

Figure 2.5: Different modes of SFE video outputs. (a) Reflectance image (b) Fluorescent
image.
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preferred to have perpendicular views on the bladder surface for less image distortion and

easier visual diagnosis because the cystoscopic video is also used for direct visual inspections.

Therefore, surface normals at the imaging locations are used as the target vectors in inverse

kinematics.

Due to insufficient detailed features on the bladder surface, large image overlaps were

required to assure correct image stitching [130]. Therefore, the density of imaging locations

on the bladder surface needs to be sufficiently high in the direction in which the scan motion

occurs and in the corresponding lateral direction. In this study, all imaging locations are

located in one spiral trajectory. There are several types of trajectory, i.e, longitudinal,

latitudinal and spiral [171]. For the same number of imaging locations, the spiral trajectories

provide the shortest trajectory lengths. Fig. 2.6 shows the target trajectory for scanning

the whole bladder’s inner surface with a safety distance of 15 mm. The pitch of the spiral

trajectory is determined to ensure 50% overlap between the images in the lateral direction

of the trajectory. There are 529 imaging points on the trajectory. When the safety distance

is set at 30 mm, larger area can be covered in the image frame. Therefore larger pitch can

be used and the number of imaging points is reduced to 199.

With the specified target spiral trajectory, steering configurations for all imaging lo-

cations are calculated by the searching-based inverse kinematics solving method. Due

to the limited workspace of the mechanism, not every imaging location can be matched

to a configuration with zero position/orientation error. For example, the position (in

mm) and orientation (as a unit vector) of the camera for the first imaging location are

[0.0183, 0.0131, 70.0000]T and [0.0005, 0.0005, 1.0000]T , respectively. They are well matched

by the results of inverse kinematics, [0.0236, 0.0183, 70.0000]T and [0.0005, 0.0005, 1.0000]T ,

respectively. However, because the required steering configurations are out of the workspace

of the system, a configuration with minimum weighted error is used instead. When the ideal

steering configuration is out of the mechanism’s workspace, the resultant imaging locations

shift from the target ones, resulting in a feasible scan trajectory that is different from the

target one, as shown in Fig. 2.6.

The scan experiment was performed on the empty bladder phantom. The scan lasted

for about 10 minutes with the safety distances being set at 15 mm. The SFE video outputs
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Figure 2.6: Generation of a scan trajectory. The target trajectory (dot markers) is generated
to cover the whole bladder’s inner surface, with a safety distance of 15 mm and 50% of image
overlap. The feasible trajectory (circle markers) is actual scan trajectory based on inverse
kinematics solutions.

were recorded as AVI files at 30 fps by a VGA recorder (Epiphan System Inc., Ottawa,

Canada), generating 19,753 SFE video frames.

2.3.3 Image Stitching & 3D Reconstruction

Image stitching is widely used in medical imaging field to extend the field-of-view of the

camera with limited view angle [104, 80]. Image registration is an important step in 2D

image stitching, in which scale-invariant feature transform (SIFT) algorithm was applied to

find feature points from each SFE image frame. Random Sample Consensus (RANSAC) was

used to refine the homography matrix between images and also determine matching frames

which share image overlaps [163]. The homography matrix is a 3× 3 matrix describing the

mapping between two images. It can be determined by four pairs of corresponding points.

All the images sharing overlaps can be registered and stitched together to build a large 2D

panoramic image. The error of the homography estimation mainly came from the RANSAC

algorithm. In each iteration in RANSAC, four pairs of corresponding features were randomly
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chosen to solve the homography matrix, while other corresponding features were classified

as inliers or outliers based on the homography values. The homography of the iteration that

contains the largest number of inliers was selected. So the error of homography estimation

depends on how many iterations running in the RANSAC algorithm. In our study, the

iteration times was chosen high enough to ensure that the probability of accurate estimation

was at least 0.99 [181].

Based on the surface stitching algorithm developed in [130] that can stitch image frames

into a 2D mosaic and create a unified 3D model, major improvements in the algorithm had

been made as follows.

1. Different sets of parameters were applied for different input images. In this study, two

set of parameters in SIFT feature detection algorithm were used to process the videos

obtained at 15 mm and 30 mm safety distance, respectively.

2. In the previous algorithm, the matching frames were found by searching the neighbor

frames in the scanning direction as well as in the lateral direction. In this study, the

deviated trajectories reduce image overlaps, especially between images in the lateral

direction. Therefore, the bladder inner surface was reconstructed as numerous image

portions instead of a complete one. By combining the two sets of videos, there are

more images to provide the missing matching information of the gaps between these

image portions and a complete 3D reconstruction can be obtained.

3. Extra feature was added into the algorithm that the position of each frame was tracked

in the 2D panoramic image generation procedure. The centers of adjacent frames were

lined up to show the trajectory of SFE for better visualization.

4. The improved reconstruction algorithm can generate a model of physical size, instead

of relative size as in previous algorithm. This improvement provides the physical

location of lesions in 3D space and also enable the quantification analysis between

the 3D reconstruction and actual phantom in the future to develop a more reliable

reconstruction algorithm.
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Figure 2.7: The reconstruction of 2D panoramic view. (a) The result of 2D image stitching.
The scan trajectories sections are shown as colored solid lines with the image centers marked
as dots in the lines. (b) The improved 2D panoramic stitching result with two scans.
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The stitched 2D image from all SFE video frames obtained at 15 mm safety distance is

shown in Fig. 2.7(a). The scan trajectory was shown as dotted curves of colors that were

different from the red and blue vessel features. Every curve of the same color represents a

circular section of the spiral scan trajectories. Six trajectory sections can be identified in

the figure.

The blank areas at the upper part of the 2D image indicate the uncovered regions near

the internal urethral orifice due to the limited range of the bending angle (±45◦ for the

proposed mechanism). Several small blank areas exist within the stitched area due to errors

in control and in positioning the bladder phantom.

The areas near urethral orifice can be imaged with a greater extent of bending of the

steering section at increased bending angles. The missed portions of the stitched area

can be eliminated by (1) higher precision in positioning the bladder phantom with respect

to the mechanism as in simulation, and (2) trajectories planning with increased image

overlap. Combining the cystoscopic videos of multiple scans improves the robustness of

image mosaicing and 3D reconstruction. For example, in this case, the missing image

information can be provided by another scan with the same image overlap percentage but

an increased safety distance of 30 mm (i.e., further from the bladder surface). By re-running

the software over the combined two videos with two sets of parameters, a more complete

2D panoramic image was generated with 10% increase in coverage, as shown Fig. 2.7(b).

The improved algorithm reconstructed a 3D point cloud of all the feature points cap-

tured in the scan videos. Spline fitting was then applied to generate a mesh of the whole

surface [130]. More precise 3D surface can be generated from videos covering more surface

areas. To quantify the reconstruction result, Iterative Closest Points (ICP) was employed to

align the reconstructed bladder model to the CT-scanned model [11, 19]. Fig. 2.8(a) shows

the comparison between the CT-scanned model and the reconstructed model. The average

distance between the models is 5.5 mm (about 5% of the bladder outer diameter).

The physical-scale 3D panorama of the bladder’s inner surface was built by warping the

2D image on the reconstructed model of the bladder using the florescent stars as precise size

references, as shown in Fig. 2.8(b). The sizes of the features on the image will be precise

if the geometry model of the bladder is accurate, which can be achieved using computed
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Figure 2.8: The reconstruction of a physical-scale 3D bladder phantom.(a) The comparison
between the CT-scanned model (surface) and the model reconstructed by the improved
algorithm (point cloud). (b) The 3D panorama of bladder’s inner surface built by warping
the 2D image on the reconstructed model of the bladder.
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tomography technology.

2.4 Discussions

Cystoscope is an invaluable tool in common urology procedures. The automation of the

cystoscopy may eliminate the need for direct clinician oversight and reduce the duration of

the procedures. The results of cystoscopies in the form of digital 3D panoramic images can

be used as the medical record documentation of the patient. Automated cystoscope has

the potential for telemedicine based on the flexibility on the time and location to perform

the examinations. Future studies can focus on the economic evaluation model comparing

the costs and consequences of using conventional bladder cancer surveillance versus the

proposed automated cystoscopic system.

With the limitations of the current proposed design, there are several issues need to be

discussed and highlighted for future research.

2.4.1 Bending angle limitation

The main challenge in designing the steering mechanism is to reduce the overall outer

diameter. Compromises had been made in choosing the outer diameter with consideration of

the available machining technology, the size of the bladder, and the diameter of the urethra.

To achieve perpendicular views on the area of the bladder’s inner surface near the internal

urethral orifice, it requires the proposed steering mechanism to be capable of backward-

bending, which requires bending angles of at least ±60◦ per sub-segment. However, for the

proposed mechanism with a wire-driven hinged chain, the safety maximum bending angle

is about ±45◦ in bidirectional rotations. In case the bending angle is larger than 45◦, it is

likely that wire tensions cannot generate any restoring moment about the hinge joint axis.

It is possible to achieve bidirectional fully backward-bending, i.e. 180◦, in both x-

and y- directions by simply adding one more sub-segment for the bending in each direction.

However, without increasing the difficulties in mechanical manufacturing, the outer diameter

of the steering section needs to be increased by 1 mm to accommodate the additional 4

guiding holes for the wires that control the newly added sub-segments. The length of each

sub-segment also increases with the outer diameter to 10.5 mm, resulting in a total length
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of the steering section of 84 mm. It requires extra efforts to manipulate such a long steering

section inside the bladder while satisfying the requirement for a safety distance between

the tip and the bladder inner surface. For example, in the case of using the 180◦ bending

feature, the physician may need to steer the sub-segments that have been just inserted inside

the bladder so that the steering section takes the shape of a 3D curve rather than a straight

tube during insertion.

If there are less application restrictions, such as in the case of laparoscopy, it is very

promising to use the steering mechanism with more steering units. Given the safety re-

quirement and the spatial restriction from the urethra and the bladder, a better solution

could be to make the steering section as a continuum robot that is made of superelastic

material, where the hinge joints are replaced by flexure hinges to provide larger capacity of

bending motions.

2.4.2 Combining multiple scans

With the intrinsic ±45◦ bending angle limitation of the proposed mechanism (thus 125◦

bending backward), about 60% of the bladder’s inner surface can be covered and recon-

structed, as shown in Fig. 2.7. For those imaging points that are close to the boundary of

the configuration space, the safety distance requirement is ensured to be met at the cost of

increased orientation errors, which introduces reduced acute view angles and increased dis-

tances between the actual imaging locations and the target ones. With actual view angles,

the results are images with degenerated quality. In some cases, the obtained images are not

suitable for image matching and stitching due to 1) uneven illumination, i.e., those bladder

surface closer to the scope looks extremely bright in the image while those areas far away

is appeared to be very dark and noisy; and 2) image matching issue, i.e., the low-quality

images provide less or unreliable SIFT features.

The feature-based image stitching algorithm does not require every scan to follow the

same trajectory. Therefore, the information of missing areas in one scan can be supple-

mented from other follow-up scans. By combining the video frames of multiple scans and

re-computing over the combined image sets, a more complete 3D bladder model can be
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reconstructed.

2.4.3 Exploring the 3D Panorama

The reconstructed 3D panorama views can be saved for later examinations. Currently the

3D panorama is explored in a simple MATLAB graphic user interface in a similar way of

exploring a virtual globe. The panorama view is virtually grasped and manipulated via the

knob of a 3D mouse. A dedicated program can be developed for the ease of exploration.

The program can be equipped with additional functions, such as retrieving the original

cystoscopic video clips that cover the selected areas of interest.

2.5 Conclusions

Cystoscopy is the gold standard procedure in identifying pathology in the lower urinary tract

and is commonly used in postoperative bladder cancer surveillance. This study proposed

the design and development of a wire-driven multi-segment steering mechanism along with

customized 3D panorama software for automating the cystoscopic procedure in order to

achieve better image quality and novel user interface. The mechanism provided multiple

degrees-of-freedom to provide perpendicular views on most areas of the irregular-shaped

surface of the phantom bladder while satisfying the safety distance criteria. Spiral scan

trajectories were used for fast scan the whole bladder inner surface. The robust image

stitching algorithm could build the 3D panoramic view of the scanned areas based on the

recorded video(s). Multiple videos of different scans on the same bladder were able to

provide improved stitching results.
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Chapter 3

MAPPING SURGICAL FIELDS
BY USING A MULTIMODAL SCOPE OF KNOWN POSES

Endoscopic visualization in brain tumor removal is challenging because tumor tissue

is often visually indistinguishable from healthy tissue. Fluorescence imaging can improve

tumor delineation, though this impairs reflectance-based visualization of gross anatomical

features. In this study, the SFE is used to accurately navigate and resect tumors. By

affixing the SFE to a robotic arm providing programmable motion, a multimodal surface

map of the surgical field can be generated by 3D computer vision algorithm.

To test this system, synthetic phantoms of debulked tumor from brain are fabricated

having spots of fluorescence representing residual tumor. 3D surface maps of this surgical

field are produced by moving the SFE over the phantom during concurrent reflectance

and fluorescence imaging (30Hz video). SIFT-based feature matching between reflectance

images is implemented to select a subset of key frames, which are reconstructed in 3D by

bundle adjustment. The resultant reconstruction yields a multimodal 3D map of the tumor

region that can improve visualization and robotic path planning.

Efficiency of creating these maps is important as they are generated multiple times

during tumor margin clean-up. By using pre-programmed vector motions of the robot arm

holding the SFE, the computer vision algorithms are optimized for efficiency by reducing

search times. Preliminary results indicate that the time for creating these 3D multimodal

maps of the surgical field can be reduced to one third by using known trajectories of the

surgical robot moving the image-guided tool.

3.1 Background and object

Complete surgical resection of tumor tissue remains one of the most important factors for

survival in patients with cancer. Tumor resection in the brain is exceptionally difficult

because leaving residual tumor tissue leads to decreased survival and removing normal
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healthy brain tissue leads to life-long neurological deficits. Unfortunately, tumor margins are

often indistinct under direct (optical) visualization. To aid intraoperative tumor removal,

the brain tumor can be labeled with fluorescence contrast [131, 145]. Ideally, the surgeon is

provided with both reflectance (color) and fluorescence wide-field images. These qualities

are provided from a flexible miniature multimodal laser-scanning scope, SFE [70].

The SFE we used in this study is only 1.2mm in diameter with a 9mm rigid tip length,

while forward-view images at moderately wide field of view at 70 degrees, high resolution

(608 x 608 which is unprecedented in 1-mm scopes), and depth of focus of 4-40 mm that

matches conventional flexible cystoscopes. By deactivating the green laser source, the stan-

dard green channel only record the fluorescence emission signals. The red and blue channels

were still used for simultaneous reflectance imaging. Recently, multiple fluorescence targets

can be imaged quantitatively using a phantom of a human esophagus with known concen-

trations of fluorescence dye using the multimodal SFE [165, 166].

In this study, the miniature imaging system SFE was attached directly to one robotic

arm of RAVEN [79]. RAVEN is a surgical robot with two 7 degree-of-freedom (DOF)

manipulators, which provide a very high degree of dexterity, precise cutting, and accurate

navigation with surgeon-assisted visual feedback. It is an ideal candidate for robotically

assisted surgery. In this study, programmable motion of the robot arm was performed, and

simultaneous positions and orientations were provided through RAVEN system.

The goal of this collaborative research is to develop an image-guided surgical robotics

system by utilizing 3D surface mosaic software [130] with known SFE positions and orien-

tations provided by RAVEN. This improved software would generate a physical scale 3D

model of residual tumor that is fluorescently labeled after the majority of the tumor has

been removed (debulked), and would also accelerate the speed of 3D model reconstruction.

This study explores the robotic use of the SFE for 3D intraoperatively forming panoramic

maps of the surgical field that will be used by the surgeon to plan the final stages of residual

tumor removal.
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3.2 3D multimodal reconstruction algorithm

In our previous work, a surface mosaic software was utilized to produce 3D panoramic

surface and 2D map of bladder based on a bladder surveillance video by using computer

vision techniques [130]. The reconstruction software is written in MATLAB. The procedure

utilized scale-invariant feature transform (SIFT) to find out feature points, and random

sample consensus (RANSAC) to figure out best matching features, and bundle adjustment

to create a 3D panoramic surface by simultaneously refining the positions and orientations of

camera (SFE) and the 3D coordinates of features. Finally, a thin plate spline algorithm was

applied to generate a smooth 3D surface by fitting these feature points. This reconstruction

algorithm solely based on endoscope images can adequately build a 3D model, but it is

time-consuming.

Our hypothesis is that knowing camera position and orientation the 3D reconstruction

can be generated in less time and with more accurate results compared to our previous

approach [130] based solely based on features within the hollow organ. By attaching SFE

directly to micro-position stage, the positions and orientation of SFE can be retrieved. To

test the concept, we set the distances of each neighbor camera positions as equal and the

orientation as constant during the experiment. By applying these information of camera

into the previous 3D surface mosaic software, the reconstruction speed can be accelerated

and improved. Firstly, by knowing each position of cameras, the frame pairs with overlap

(matching frame) can be easily discovered. Thus, it costs less time than the conventional

method by searching through every frame for finding the matching frames. Secondly, in

the previous algorithm, bundle adjustment is a huge optimization problem of unknown

parameters: pose of cameras and the 3D coordinates of features. Since the motion of camera

is known in this study, bundle adjustment would be simplified as a smaller optimization of

only 3D coordinates of features. The a priori knowledge of matching frame pairs and

simplified optimization problem would reduce the computation time. Moreover, the known

camera information may result in a physical scale 3D model, instead of a relative shape

with the previous software approach [130].

To maximize the advantage of known camera position and orientation, a new feature
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was added to the previous software [130] to make the reconstruction more efficient and

more robust. By knowing the real movement of camera, the positions of feature points

in the neighbor frames can be predicted. Thus, for a specific feature point, we just need

to search a small region around its prediction position in the neighbor frame to find its

matching feature. This approach reduces the computation time in the step of finding the

best matching features, since we do not need to search throughout the whole image. And

this constrained searching region can reduce the interference of similar features that locate

in some other regions of image, which can discover more matching features pairs and at the

same time enhances their robustness and accuracy.

The other advantage of this reconstruction algorithm based on feature prediction is to im-

prove the efficiency of bundle adjustment. As mentioned previously, the bundle adjustment

would be simplified with known cameras poses. Furthermore, the more robust matching fea-

tures provide a more accurate initial estimate of the reconstructed shape, which can decrease

the number of iterations performed during bundle adjustment. Both of the advantages of

feature prediction reduce the computation time dramatically and make the algorithm more

efficient.

3.3 3D mosaicking on micro-positioning stage

Prior to experimentation with the RAVEN, the 3D surface mosaic software was tested

with accurate known camera position and orientation providing by a micro-positioning

stage. This experiment demonstrates the feasibility and reliability of the new reconstruction

algorithm. All the codes are Matlab implemented, and running on a workstation Dell

Precision M4700 with 2.7 GHz Intel i7-3740QM CPUs, 20.0 GB memory in a 64-bit Window

operating system.

To mimic the debulked tumor in brain, a cup-shaped latex phantom of 3cm x 4cm was

made, consisting of painted synthetic tissue and multiple small spots of fluorescence that

represent residual tumor at the margins, see Fig. 3.1(a). By illumination with a 444 nm

laser (blue), these fluorescence spots emit green light.

The phantom is imaged across the open cavity at known camera positions and orien-

tations that represent the programmed route that the robotic arm will traverse over the
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Figure 3.1: The experiment on micro-positioning stage. (a) A cup-shaped latex phantom
to represent brain tissue after tumor debulking. Multiple fluorescence spots were randomly
scattered on the surface to represent residual tumor. (b) The experiment setup on optics
table. The micro-positioning stage would hold SFE to scan the tumor phantom with known
camera poses and motions.

surgical field. These locations and orientations are chosen to provide at least 50% overlap

of the visual field so that all images can be stitched together to form a panoramic map.

Since the fluorescence signal in vivo is expected to be weak from the residual tumor tissue,

the SFE is expected to remain stationary at these preprogrammed locations of the robotic

arm to increase signal to noise. In the initial experiment, a micrometer micro-positioning

stage was used to provide accurate positions and orientations of cameras, Fig. 3.1(b). A

miniature SFE was attached to the micro-positioning stage with fixed orientation pointing

perpendicularly downwards. 30 camera positions were chosen, which evenly distributed in

a 5 × 6 grid. The distance among each neighbor camera positions is 5 mm.

The standard SFE RGB reflectance imaging was performed and recorded. White light

combining with red (635 nm), green (532 nm) and blue (444 nm), was projected onto the

surgical field, and the return RGB signals are then simultaneously captured and amplified by

three photomultiplier tubes (PMTs), Fig. 3.2(a). Since the fluorescence spots have emission

spectrum of green light under blue laser excitation, the standard green channel only records

the fluorescence emission signals after the green laser source was deactivated. In this study,
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Figure 3.2: Reflectance and multimodal (reflectance + fluorescence) imaging diagrams for
the SFE using a green fluorescence biomarker. (a) Standard SFE RGB imaging. Each
RGB laser source is filtered and amplified using a color-specific PMT channel; (b) SFE
fluorescence imaging, with green and red laser sources inactive. Reflectance images are
formed using blue laser illumination only, while fluorescence is detected within the green
color channel.

we turned off the red and green laser source, the captured fluorescence image on the green

channel and reflectance on the blue channel, Fig. 3.2(b).

There are many more features in the reflectance images versus the fluorescence images,

Fig. 3.3(a, b). The fluorescence emission signal could be all black when all tumor tissue is

removed, so reflectance images are relied upon for reconstructing the surgical field. Multi-

modal 3D image can be generated by merging reflectance with a green fluorescence overlay,

Fig. 3.3(c). By first removing field distortions and calibrating the SFE based on the mea-

sured field of view (70-degree cone angle), accurate mapping of the phantoms dimensions

are possible.

In the 3D reconstruction software, numerous features of each frame were detected and

characterized by SIFT. This is implemented by using the SIFT algorithm as part of the

VLFeat toolbox (www.vlfeat.org). In any pair of frames I and II, Fig. 3.4, the feature-space

distances were calculated for each feature in frame I to every single feature in frame II, and

found out the features in frame II with the nearest and the second nearest distances. To

keep good (real) matches, a further criterion are preserved that the ratio of nearest and

second nearest distances should be less than a threshold. We set 0.8 as the threshold in this

study.
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Figure 3.3: The reflectance and fluorescence SFE image of tumor phantom. (a) The standard
reflectance image of SFE; (b) the fluorescence imaging by deactivating red and green laser
source. The phantom segments with fluorol dye, which represent tumor residual, emit
fluorescence signals (green) under blue laser activation; (d) Multimodal 3D image that is
generated by merging color reflectance + fluorescence.

In the previous algorithm solely based on feature, we had to search throughout every

features in frame II to find matches. By providing accurate position and orientation of the

cameras, a reasonable estimate of the homography between image pairs can be made. Thus,

the positions of matching features in frame II can be roughly calculated. A search window

was set around the prediction position so that the real matching feature can be detected in

a more robust and more efficient way comparing with the previous algorithm.

In addition to the improvement of computation efficiency, our new algorithm can find

more matches than the previous one. This was advantageous to the robustness of the

reconstruction, especially for insufficient image overlap, less than 50%. A single image may

contains several similar features. In another word, they do not have much difference in

feature space. Thus the radio of the nearest and second nearest distance may not satisfy

the radio criterion. By search a small region around the features prediction position, we

can reduce the interference from similar features that locate in other parts of the image. In

this way, our new algorithm can keep more matches than the previous work, Fig. 3.4.

Given the known positions of the endoscope for each frame, the relatively large problem

of simultaneously resolving both scene and camera parameters, known generally as structure

from motion, simplifies greatly. Also narrowing down the search region provides larger
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Figure 3.4: Matching features in a pair of frames I and II were detected with/without
feature position prediction and lined up with colorful lines. (a) Less matching pairs were
found by the previous algorithm. (b) More matches were detected with the prediction of
feature points.

number of matches. This improvement provides a more accurate initial estimate of the

reconstructed shape, reducing the number of iterations performed during bundle adjustment.

The 3D panoramic mapping procedure of the debulked fluorescence tumor from brain

tissue is illustrated in Fig. 3.5(a)-(c). The first in the series represents the reconstructed 3D

map of the phantom with 30 positions 5x6 of the SFE camera above, and the features as

blue points used for mosaicking the video frames together into the panorama. The second

pair of images Fig. 3.5(b), shows a portion of the 3D panoramic image in reflectance color

contrast only, and the matching pseudo-color depth map at lower lateral spatial resolu-

tion, but absolute depth scale. The third image is 3D surface reconstruction of the entire

phantom with multimodal color contrast, having bright green representing the fluorescence

residual tumor. This 3D reconstruction process takes approximately two and half minutes

for processing all 30 SFE multimodal images. This computational time can be reduced to

around 50 seconds in our proposed method by reducing the searching range during the SIFT

and decreasing bundle adjustment iteration.

During the reconstruction process the matching fluorescence image is carried with the re-

flectance image to generate a multimodal 3D map of the surgical field, Fig. 3.5(c). However,

the expected time required for 3D reconstruction is considered long for regularly mapping of

the surgical field in an iterative fashion. The scenario envisioned is that a 3D map is created

before each attempt to remove all residual tumor tissue, which is repeated at increasingly
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fluorescence detector sensitivity until the final map displays no residual fluorescence from

the tumor paint.

Figure 3.5: The 3D reconstruction of debulked tumor phantom with fluorescence spots. (a)
Image sampling grid 5x6 of SFE above phantom with blue points as the features and small
triangles as camera locations. (b) Reconstructed a map from the SFE reflectance images
and the corresponding depth map with color scale. (c) Multimodal 3D reconstruction from
the 30 SFE locations above the phantom showing residual tumor.

3.4 3D mosaicking on robot RAVEN

The good reconstruction result shows the feasibility of our new algorithm with feature

position prediction on micro-positioning stage. Then similar experiment would performed

on RAVEN platform which also can provides position and orientation. RAVEN is a surgical

robot with two 7 degree-of-freedom (DOF) manipulators, providing a very high degree of

dexterity, which is a good candidate for robotically assisted surgery. Beside of remote control

by surgeons, RAVEN can operate with command code. In this study, programmable motion

of the RAVEN arm was performed.

In the experiment on RAVEN, a new phantom was made with industrial liquid latex (RL-

451-80, Silpak Inc., Pomona, California, USA), as the structural material of the phantom.

To provide high density and different contrast mechanisms, vessel features were drawn

inside of the phantom with red and blue dyes, Fig. 3.6(a). SFE was attached to RAVEN

arm and pointing downwards on the tumor phantom, Fig. 3.6(b). In RAVENs code, motion



35

was generated along a grid of 56 positions (7x8) with equal distance among the neighbor

positions. Since RAVENs long robot arm rotates around a fix original point, and the

designed motion of SFE has small horizontal translation, so we ignore the even smaller

change of orientation of camera.

Figure 3.6: The experiment with RAVEN system. (a) A cup-shaped latex phantom to
represent brain tissue after tumor debulking. (b) The experiment setup on optics table.
The RAVEN arm would hold SFE to scan the tumor phantom with known programmable
motion.

It is difficult for RAVEN to provide high accurate position and orientation, since the

system was designed for constant visual feedback control by the surgeon. Because each joint

in the RAVEN robot arm does not have encoders. The states of the RAVEN robot arm is

calculated from encoders mounted on the motors, but the joints [60]. Multiple joints are

coupled and connected to motors by a single, long cable. Thus, the measurements on motor

do not reflect the real joint angles due to mechanical slack or stretch in cable. As a result,

the real movement of RAVEN is different with the programmed motion that we designed

in the command code.

By applying the same software with the SFE image captured on the RAVEN system, we

have a very different result as shown in Fig. 3.7(a). The reconstructed geometry is clearly
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Figure 3.7: The 3D reconstruction of debulked tumor cavity phantom with dense vessel
features and no residual fluorescence tumor. (a) Reconstructed 3D surface and depth map
based on known camera positions and orientations; (b) Reconstructed 3D surface and depth
map solely based on features.

different from the phantom shape. In addition, the features on the 3D mosaic surface looks

very blurry. The reason is the algorithm based on known camera motion needs highly

accurate information. Slight change of orientation appears to result in totally different

reconstructed shape, and also the inaccuracy of camera position leads to fuzzy features in

the 3D reconstruction. By applying the previous software solely based on features, the

reconstructed model is very close to the phantom shape, and features are more clearly

resolved.

This 3D reconstruction process based on known camera takes about 230 seconds for

processing all the 56 images, while it takes around 800 seconds for the previous algorithm.
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The new approach is much faster method by reducing the searching range during the SIFT

and decreasing bundle adjustment iteration, but highly sensitive to the accuracy of camera

position and orientation. The previous algorithm does not rely on knowing camera position

and orientation, but is about 3.5 slower and requires a large amount of features.

3.5 Summary and discussion

Comparing with the previous 3D surface mosaic algorithm [130], this new reconstruction

algorithm proposed in this study is: 1) more efficient, since smaller search region is required

to find the matches and better initial shape estimation results in iteration reduced in bundle

adjustment; 2) more robust, due to smaller search region reduces the interference of similar

features. More matches can be found, which lead to a better initial estimation to bundle

adjustment; 3) doesnt require large amount of matching features; 4) yields a multimodal

3D map of the tumor region that can improve visualization and robotic path planning; and

5) physical scale achieved instead of only relative dimensions. This new addition to our

surface mosaic software is useful for locating the physical coordinates of the bladder lesion

in the surveillance procedure and to provide quantitative characteristics such as size and

morphology.

Importantly, the new algorithm requires highly accurate camera position and orientation.

In the experiment using a micro-positioning stage, we have good geometry reconstructed

at speed of 3 times faster than previous algorithm, Fig. 6. However, the 3D reconstruction

with inaccurate camera position and orientation values from the RAVEN data failed to

reproduce a representative panorama of the phantom, Fig. 3.7(a). The new algorithm is so

sensitive to the position and orientation of camera that variability and inaccuracy of this a

priori data creates unusable 3D reconstructions.

To better utilize the information of known camera, especially inaccurate information,

a combination algorithm is demanded. In that case, we still can narrow down the search

region and speed up the algorithm with good initial shape estimation. But instead of using

the known inaccurate camera position and orientation directly, bundle adjustment should

be an optimization problem of unknown scene and constrained camera parameters. This

a priori knowledge of constraint of camera can be determined by the accuracy of RAVEN
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system. Moreover, this future 3D reconstruction approach, which relies on both feature

and known but inaccurate camera poses, can correct the inaccurate camera position and

orientation by strong feature restraint.
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Chapter 4

3D RECONSTRUCTION OF SURGICAL FIELD
USING CALIBRATED MEDICAL ROBOT

Brain tumor margin removal is challenging because diseased tissue is often visually in-

distinguishable from healthy tissue. Leaving residual tumor leads to decreased survival,

and removing normal tissue causes life-long neurological deficits. Thus a surgical robotics

system of high degree of dexterity, accurate navigation and highly precise resection is an

ideal candidate for image-guided removal of fluorescently-labeled brain tumor cells. As the

following work of Chapter 3, SFE was also used in this study to collect multimodal im-

ages. This miniature flexible endoscope was affixed to the arm of RAVEN II surgical robot

providing programmable motion with feedback control using stereo-pair surveillance cam-

eras. To verify accuracy of the 3D reconstructed surgical field, a multimodal physical-sized

model of debulked brain tumor was used to obtain the 3D locations of residual tumor for

robotic path planning to remove fluorescent cells. Such reconstruction is repeated intra-

operatively during margin clean-up so that algorithm efficiency and accuracy is important

to the robotically-assisted surgery. Experimental results indicate that the time for creating

this 3D surface can be reduced to one third by using known trajectories of robot arm, and

the error from the reconstructed phantom is within 0.67 mm in average compared to the

model design.

4.1 Biomedical imaging for tumor

Complete surgical resection of tumor tissue remains one of the most important factors for

survival in patients with cancer [139]. Tumor resection in the brain is exceptionally difficult

because leaving residual tumor leads to recurrence and decreased survival, and removing

healthy brain tissue can impair patients memory, mobility and other vital functions. Unfor-

tunately, tumor margins are often indistinct under direct (optical) visualization. Although

MRI and CT imaging can locate tumors, their use intraoperatively during surgery is very
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difficult and costly [115, 97]. Ultrasound imaging has low resolution, requires tissue con-

tact, and lacks tissue-specific contrast [99, 25]. Optical imaging provides high-resolution

non-contact imaging that is familiar with the surgeon, but penetration depth is limited. To

enhance optical contrast during intraoperative tumor removal, fluorescence contrast is often

used to label brain tumor margins at high resolution and contrast [74, 93, 167]. This tech-

nique is especially useful when brain tumors and their margins are exposed to the surgeon so

the inherent shallow penetration depth (in white brain matter) of the visible (0.5-0.83 mm)

and NIR light (0.9-1.0 mm) [169] is not limiting. The mechanisms for providing fluores-

cence contrast can range from increased leakiness of capillaries feeding a tumor [105, 29] to

photodynamic therapy sensitizers accumulating in tumor tissue [72], to molecularly-specific

fluorescence probes [145, 132].

The devices used to image fluorescently-labeled brain tumors range from large surgical

microscopes [108], to LED flashing illumination with large camera detection [38], to hand-

held cameras systems [152], to goggles worn by the surgeon [75]. The main criteria is having

wide-field video imaging that can provide both reflectance and tumor-specific fluorescence

image contrast. Another key criterion is the ability to detect at very high sensitivity,

typically down to nanoMolar concentrations of fluorescence dye. One more key criterion is

the capability to use biocompatible dyes for the translation to human clinical procedures,

which limit the choice of visible-NIR dyes to fluorescein and simple derivatives, 5-ALA and

other chemical precursors to PpIX [141], methylene blue, and derivatives of ICG [93]. In the

future, a criterion will be flexibility and small size to enable brain surgeries through less-

invasive keyhole openings in the skull [139]. All of these criteria are met by our laser-based,

flexible endoscope, SFE [70].

4.2 Robotic Image Guided Interventions

With the characteristics of flexibility and ultra-thin size, the SFE is advantageous as a

guidance scope in robotic Image-Guided Interventions (IGI), which allows for less pain and

smaller incisions, quicker recovery and fewer side effects [157]. Since the SFE is so small,

lightweight, and flexible, the scope can be attached to a larger surgical tool which can

be used for delicate microsurgeries. Thus, the SFE affords a new concept in IGI which
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is placing a forward-viewing eye directly on a tool rather than the traditional method of

putting the tools through a much larger endoscope for surgical procedures such as NOTES

[50, 8] (Natural Orifice Transluminal Endoscopic Surgery). Flexible endoscopes can be

used to inspect the internal surgical surface through a keyhole [82] but the drawback of

conventional endoscopic surgery is lack of depth information [5], which becomes a highly

significant barrier to robotically-assisted brain surgery. This impaired depth perception

issue is overcome in the central field of view (FOV) by stereopsis, such as within daVinci R©

surgical robot series [89, 142, 143]. But the rigid laparoscopes on commercial daVinci R©

systems are restrictive to straight lines of sight and relatively large surgical fields. Another

disadvantage of endoscopic surgery is the inability of providing the surgeon an overview of

the entire surgical field in 3D due to limited FOV of the endoscope. Surgeons and their

assistants must redraw a mental 3D mosaic of the surgical field as they move the endoscope

within the larger surgical field [158]. Thus a 3D panorama reconstruction software of the

surgical field is demanded, which also can facilitate the autonomous surgery robot to better

control the process of image-guided tasks, such as tumor margin removal [156].

When applied to surgical robotics, the position of a robot tool can be tracked and

recorded within the robots motion control software [92, 65, 88]. By placing SFE on a surgical

tool directly, the poses of SFEs (camera) can be obtained from robot system. Unlike the

previous studies that solely based on images data, this 3D reconstruction can be generated

in a more efficient and accurate way by simplifying the procedure of bundle adjustment

[160, 43].

In this study, the SFE imaging system was attached directly to one robotic arm of

RAVE II [79] as an eye on the tool to guide the removal of residual tumor during simulated

robotically-assisted brain surgery. The RAVEN II surgical robot is an open source hardware

and software robotic system for research on Robotic Surgical Assistants (RSAs). RAVEN

was designed for use in either laparoscopy or open surgery. The robot consists of two arms,

which can be tele-operated separately by the user via a remote master. Each arm has 7

degrees of freedom (DOF) providing a very high degree of dexterity, precise cutting and

accurate navigation with surgeon-assisted visual feedback [51].

Creating this 3D reconstruction of the surgical field in real-time is advantageous to
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robotically-assisted brain surgery due to tissue deformation and shifting that occurs during

surgical resection [126] caused by gravity, cerebrospinal fluid, hyperosmotic drugs and etc.

[90, 91] and of course tissue removal.

4.3 Methodology

In the preliminary study [43], the experiment on micro-positioning stage provided the fea-

sibility of our proposed algorithm development for reconstructing the surgical field in 3D.

This work was extended onto the RAVEN II surgical robotic research platform to validate

the feasibility of our proposed image-guided surgical robot system that generates and later

relies upon the 3D surface reconstruction of the surgical field. The purpose of this work is

to validate the accuracy of this 3D reconstruction model using calibrated trajectories of the

robotically-moved endoscope to the original 3D phantom. Thus in this study, an accurate-

shape, near-realistic phantom was pre-designed and 3D printed to mimic the debulked brain

tumor without matching optical properties of the brain tissue other than surface color and

target fluorescence.

The RAVEN has been designed for only visual guidance control and not autonomous

computer control. The RAVEN uses a cable driven mechanism. Thus, programmable posi-

tioning errors are unpreventable and time-variant, so that the direct positioning control of

the robot under the autonomous motion mode is inherently imprecise [60]. This unreliability

of the camera pose information from the RAVEN system readings leads to the unsuccessful

3D reconstruction [43]. This study shows that an external optical tracking system for the

RAVEN provides the needed camera pose information so the two major goals of this project

can be attained. These two goals are demonstrating (1) accurate 3D virtual reconstruction

of the geometry of the surgical field phantom with fluorescence features, and (2) algorithmic

approach to providing these reconstructions at near-real time for repeated implementation

in a robotic-assisted surgical procedure.

4.3.1 3D Reconstruction Algorithm with Feature Position Prediction

In previous studies, a surface mosaic software was developed to produce 3D internal panoramic

surface solely based on a bladder surveillance video [130, 170]. By attaching SFE directly
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to an accurate RAVEN robot arm, the positions and orientation of SFE can be read out

from RAVEN system. The efficiency and accuracy of 3D reconstruction can be improved

by applying these values of SFE pose as pre-knowledge [160]. To take advantage of pro-

grammable surgical robot RAVEN, we set the distances of each neighboring SFE position

as equal in this study to boost the efficiency of reconstruction algorithm.

With equidistant SFE positions, the homography of one pair of neighbor SFE frames can

be estimated and then would be applied to other pairs of neighbor frames to approximately

predict the positions of feature points, we call it feature position prediction. Thus, instead of

searching whole image to find the matching feature, we reduce our search to a small region

around the prediction position, which makes the algorithm more efficient.

4.3.2 Stereo System on RAVEN II Platform

Numerous tests of RAVEN accuracy were carried out by sending commands of different pure

translations in x, y, z direction, and comparing the deviation between command and real

movement. The conclusion was drawn that the accuracy of RAVEN was changing based on

different cases, such as the operation time and initial location of RAVEN arm.

To address this inaccuracy issue, one possible solution includes adding external tracking

system to obtain the actual pose information of the robot end-effector. Previous tracking

systems are optical based systems, which are sensitive to the lightening condition. For

example, Kehoe et al. [60] used two high resolution industrial cameras for the construction of

the stereo tracking system in their autonomous multilateral debridement task on the RAVEN

surgical research platform. Mahler et al. [81] used PhaseSpace LED-based motion capture

that consists of 4 cameras to record the true pose of the robot end-effector. These trackers

can provide accurate pose information of the robot arm but nonetheless are expensive.

Alternative solution to improve the control precision of a cable-driven robot is to install

encoders to each joint directly in joint space. In this case, the encoders reflect the true joint

angles, but the robot could become very bulky due to installation limitations and it might

be difficult for sterilization due to electric cable wiring.

In our study, a custom optical tracking system was utilized to track color markers in a
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Figure 4.1: The stereo system. (a) The hardware of stereo system with two webcams
mounting on an aluminum bar. (b) The workflow of the stereo tracking algorithm, Kalman
filter was utilized for robust tracking.

pair of stereo images, which were provided by two low-cost Logitech QuickCam Commu-

nicate Delux webcams. Both webcams were snapped into a 3D-printed base that can be

mounted on an aluminum bar with adjustable base distance as shown in Fig. 4.1(a). The

optical axes of the two webcams were aligned approximately parallel in this setup to provide

a reasonable field of view based on the robot working area. The standard USB Video Class

(UVC) driver was used for image streaming. The synchronization of the two webcams was

implemented on the software level using the approximate time ROS message filter. The

openCV library was utilized for image processing to segment the markers from image. For

the purpose of robust tracking, a Kalman filter with four internal states was implemented

for de-noising in each image frame. The workflow of the stereo tracking system is illustrated

in Fig. 4.1(b). The average performance of the stereo tracking system using a 4mm x 4mm

color marker in a about 20mm x 15mm workspace is listed in Table 4.1. The accuracy of x

and y direction is 0.2 mm, which is higher than the accuracy in z direction.
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4.4 Experiment

In the preliminary study [43], the 3D reconstruction of debulked brain tumor phantom was

generated with known SFE (camera) position and orientation on micro-positioning stage.

The reconstruction algorithm with feature position prediction, took 1/3 computation time

comparing with conventional one. The general shape of the 3D virtual reconstruction ap-

pears similar to the phantom, demonstrating the feasibility and reliability of new algorithm,

but there was no dimensional comparative analysis between the real phantom and virtual

3D model. To accurately navigate robot and resect tumors, quantification was analyzed in

this study with ICP algorithm.

All the codes were MATLAB implemented, and running on a workstation Dell Precision

M4700 with 2.7 GHz Intel i7-3740 QM CPUs, 20.0 GB memory in a 64-bit Window 7

operating system.

4.4.1 Phantom Fabrication

A cup-shaped latex phantom (3cm x 4cm) was made manually to mimic the debulked tumor

cavity in preliminary study [43]. It is representative with irregular shape and multiple

scattered weak fluorescence spots to imitate the practical surgical field. Different with the

previous phantom, a new phantom was made to validate and quantify the reconstruction

result with CAD designed geometry and provide more realistic coloration.

In this study, a 3D model of spherical dome was designed using OpenSCAD with maxi-

mum radius of 15 mm and depth of 10 mm, Fig. 4.2(a). This designed model was saved as

a STereoLithography (.stl) file and read by the 3D printer MakerBot Replicator (MakerBot

Industries, Brooklyn, New York). The phantom Fig. 4.2(b) was printed using PLA (Poly-

Table 4.1: The performance evaluation of the custom optical tracking system

Camera Resolution 1280 pixels

Tracking Frequency 7 Hz

Accuracy x axis: ± 0.2mm; y axis: ± 0.2mm; z axis: ± 0.5mm
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Figure 4.2: Phantom fabrication. (a) The CAD-designed phantom model of a spherical
dome with radius 15mm and depth 10mm. (b) The 3D-printed model of debulked brain
tumor cavity with 4.0-cm square PLA material. (c) The phantom with near-realistic surgical
features and multiple scattered fluorescence targets representing the tumor residual tissue.

lactic Acid) material. In order to make a phantom for dimensional tests that also allowed

multiple image contrast enhancement on the surface of the 3D surface, a near-realistic phan-

tom was made without adding the complexity of light penetration deeply into the substrate.

Specifically, colored paper from a photograph of actual brain surgery1 (featured with cor-

tex, blood vessels, and even electrocorticography numbered electrodes) was glued over the

PLA substrate, Fig. 4.2(c). This limited the laser light penetration to approximately the

thickness of the colored paper, reducing uncertainty in our 3D measurement.

Also for quantification purposes, eight fluorescence targets of known shapes and sizes

were scattered on the surface of spherical dome phantom, representing the residual tumor

at the margins. These targets are fabricated and cropped from a dye-in-polymer mate-

rial that is formed by dissolving the Fluorol dye (Exciton Inc., Dayton, Ohio) powder into

polyurethane resin (AquaClear Resin, ArtMolds, Summit, New Jersey) [165]. By illumina-

tion with a 444 nm laser (blue), these fluorescence targets emit green light but are nearly

clear and colorless in RGB reflectance imaging.
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Figure 4.3: The 3D reconstruction experiment with SFE and RAVEN II system. (a) The
experiment setup. RAVEN arm would hold SFE to scan the tumor phantom along planned
trajectory with stereo system as close loop feedback. (b) Front and back view of the layout
among SFE, marker plate and spherical-dome-shaped phantom; the SFE was aligned with
the triangle height to simplify the transformation matrix between SFE frame and marker
frame.

4.4.2 Experiment setup and procedure

In the experiment, SFE was affixed onto one robotic arm and pointing downwards the tumor

phantom that placed on the horizontal workspace of RAVEN, as shown in Fig. 4.3(a). A

triangular marker plate with three distinguished color dots in each corner was attached to

SFE probe, Fig. 4.3(b). The triangular height of the marker plate was approximately aligned

with the optical axis of the SFE to simplify the transform estimation between the marker

and the SFE. The end-effector of the robot arm was programmed to automatically travel

along a 2D 5x6 grid map, paralleling to the workspace. All grid nodes were equally spaced

1See the website: http: /dxline.info/diseases/brain-surgery#prettyPhoto.
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in distance of 5mm. The SFE has depth of focus of 4-40mm that matches conventional

flexible cystoscopies [122]. Bright image with plenty fine details can be captured when SFE

is close to the object; relatively dark image with larger scene is obtained as SFE moves

further away from the object. In this experiment, the front end of SFE is located about

15mm away from the tumor phantom, where we can capture images with enough features

and also guarantee more than 50% image overlap among neighbor frames for reconstruction

algorithm.

With stereo system as close-loop feedback, RAVEN arm can move along the grid nodes

very accurately. At each grid node, a reflectance and fluorescence image was taken respec-

tively. Since the fluorescence signal in vivo is expected to be weak from the residual tumor

tissue, the SFE is expected to remain stationary at these preprogrammed locations of the

robotic arm to increase signal to noise by video-frame averaging. In the meantime, the

locations of the colorful markers were recorded for three seconds. Average value of each

location was calculated to minimize the noise issue of stereo tracking system, so that better

estimation of the SFE pose (position and orientation) can be achieved.

4.4.3 Multimodal Imaging

As florescence imaging can enhance tumor delineation, a flexible, wide-field calibrated mul-

timodal SFE of 1.6 mm outer diameter was utilized to capture both reflectance and fluo-

rescence images in real-time at high-resolution. Moreover, the reflectance contrast of the

vascularity can be increased with enhanced spectral imaging (ESI) mode of the SFE scope

by enhancing the blue channel over the red channel, which shares the same concept as nar-

row band imaging [96] that is widely used to improve the visibility of blood vessels. The

1.6-mm SFE has larger multimode optical fibers surrounding the fiber scanner to improve

fluorescence sensitivity compared to the 1.2-mm SFE. As shown in Fig. 4.4(a, b, c) there

are many more features in the reflectance and ESI images versus the fluorescence images.

A grayscale threshold was set to highlight the residual tumor based on pixel grayscale value

in the fluorescence image. The white points/regions represent tumor in Fig. 4.4(d), which

may look noisy due to high PMT gain to capture weak florescence signal. The tumor region
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was filtered and segmented by image morphology technique of image opening and closing,

shown in Fig. 4.4(e). Multimodal image can be generated by merging reflectance with a

green fluorescence overlay, Fig. 4.4(f).

Figure 4.4: The reflectance and fluorescence SFE image of tumor phantom. (a) The standard
reflectance imaging of SFE; (b) The enhanced spectral imaging of SFE; (c) The fluorescence
imaging by deactivating red and green laser source. The florescence targets represent tumor
residual, emitting fluorescence signals (green) under blue laser activation; (d) The white
points or regions represent tumor cells by filtering with a specific grayscale threshold; (e)
The segmentation of tumor regions with image morphology techniques; (f) Multimodal 2D
image that is generated by merging color reflectance and fluorescence. The blue curvatures
represent the outlines of tumors.

4.4.4 3D reconstruction

In the first step of 3D reconstruction, SIFT features were detected and characterized with

open source VLFeat toolbox2. In each pair of frames I and II, shown in Fig. 4.5, the feature-

space distances were calculated for each feature of frame I to every single feature of frame

2see the website of vlfeat at www.vlfeat.org
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II in conventional algorithm, and found out the features of frame II with the nearest and

the second nearest distances. To keep good (real) matches, the ratio of nearest and second

nearest distances was preserved to be less than a threshold [130]. We set 0.8 as the threshold

in this study to eliminate unreliable matching.

With accurate position and orientation of the SFE, the homography between image pairs

can be estimated. Thus, the positions of matching features can be roughly predicted. A

search window was set around the prediction position so that the real matching feature can

be detected in a more robust and more efficient way comparing with the previous algorithm.

A search window with radium of 100 pixels was applied in our study.

Figure 4.5: Matching features in a pair of frames I and II were detected with/without
feature position prediction and lined up with colorful lines. (a) Less matching pairs were
found by the conventional algorithm. (b) More matches were detected with the prediction
of feature points.

In addition to the improvement of computation efficiency, our new algorithm was ad-

vantageous to the robustness of the reconstruction, especially for insufficient image overlap

(<50%). Considering an image contains several similar features, the ratio of the nearest and

second nearest distance may not satisfy the ratio threshold. By searching a small region

around the feature prediction position, we can reduce the interference from similar features

that are located in other parts of the image. In this way, our new algorithm can keep

more matches than the previous work [130]. Figure 4.5 shows the matching feature pairs

with/without feature position prediction approach. Taking the two images in Figure 4.5 as

an example, 216 pairs of matching points were found by conventional method, Fig. 4.5(a),

while 278 pairs were detected with feature position prediction, Fig 7(b). One twentieth of
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the matching points were randomly picked and lined up for better illustration in Fig. 4.5.

Bundle adjustment was implemented after matching the feature points. By giving the

known positions and orientation of the endoscope for each frame, bundle adjustment simpli-

fies greatly by only solving the 3D coordinates of each feature. And more robust matching

features were provided by narrowing down the search region. These improvements make

the 3D reconstruction algorithm more efficient and robust.

4.5 Result

The 3D panoramic mapping procedure of the spherical-dome fluorescence tumor phantom

is illustrated in Fig. 4.6. Fig. 4.6(a) represents the reconstructed 3D map of the phantom

with 30 positions 5x6 of the SFE (camera) above, and the features as blue points used for

mosaicking the images together into the panorama. Fig. 4.6(b) shows the overview of 3D

panoramic image in reflectance color contrast only, in which the eight tumor targets are

difficult to see. Fig. 4.6(c) is the corresponding depth map of reconstruction in pseudo-

color. Fig. 4.6(d) is 3D surface reconstruction of the entire phantom with multimodal color

contrast, having bright green targets representing the fluorescence residual tumor. Image

morphology method was utilized to segment the tumors, which were encircled with blue

curves and marked with series number labels. Eight tumors were detected and labeled in

series, coincident with the total number of florescence targets used in phantom fabrication.

The shape and size of the tumor targets were also well recovered in 3D virtual reconstruc-

tion. Taking the star tumor (#4) as an example, the average length of the edges was 6.2 mm

in reconstruction. The error was 3.3% comparing with the actual fluorescent star (6 mm

edge) in the phantom. The 3D virtual overview with residual green tumor may be visualized

in both reflectance (showing complete vascularity) and multimodal view with pseudocolor

replacing reflectance contrast at tumor locations by slowly flashing between visualization

modes to maintain highest information content according to the surgeons requirements.

To quantify the reconstruction result, ICP [11] was employed to align and compare

the reconstructed virtual model to the CAD designed model (ground truth model) [19],

Fig. 4.6(e). The CAD model is illustrated by the blue dots as a reference point cloud, while

the reconstructed one was translated and rotated to best match the CAD design by mini-
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Figure 4.6: The 3D reconstruction of spherical-dome tumor cavity phantom with surgical
image and residual fluorescence tumor targets. (a) Image sampling grid 5x6 of SFE above
phantom with blue points as the features and small pyramids as SFE locations. (b) A
reconstructed map from the SFE reflectance images. (c) The corresponding depth map
with pseudo-color scale. (d) Overview of multimodal 3D reconstruction showing residual
tumor with outlines and labels (#13 is circled with arrow). All of eight tumor targets
were detected. (e) The comparison of reconstructed 3D model to the CAD designed model,
shown as blue point cloud.

mizing the mean squared error (MSE) cost function of the distance from each reconstructed

feature point to the closest point in reference point cloud. To demonstrate that the ICP

result provides a reliable alignment, eight different positions and orientations around the

CAD model were chosen as the initial poses of the reconstructed model [103]. The deviation

between 3D virtual reconstruction and CAD model was calculated after alignment. The ob-

tained ICP error values were in the range of 0.6736-0.6762 mm with average of 0.6742 mm

and standard deviation of 0.874 µm, which indicated the fine alignment does not rely on

the initial poses. The mosaic image was a little blurred comparing with the original SFE

image, as shown in Fig. 4.6(d). But the numbered electrode patches are still readable in
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the 3D mosaicked image, such as #13 patch with yellow arrow in Fig. 4.6(d).

To better quantify the error of reconstructed and CAD model, one alignment was chosen

for further error analysis. The error distribution map is shown in Fig. 4.7(a). Most of the

error values were between [0 − 1] mm and located in the central region. Most of the

high-value error (>1.0 mm) located along the phantom flat periphery due to insufficient

density of features. These features of large error can be easily eliminated based on their

spatial locations. Fig. 4.7(b) showed the histogram of error distribution which indicated the

average error is about 0.6mm. The error values in the range of 0-1mm occupied 96.3% of

all the data.

Figure 4.7: Error distribution between reconstructed and CAD model. (a) The error dis-
tribution map overview with main low-value error points locate in the spherical dome area.
(b) The error histogram showing the average error is about 0.6 mm.

This new 3D reconstruction process based on known SFE (camera) poses takes about

280 seconds for processing all the 30 reflectance images, while it takes around 980 seconds

for the conventional algorithm. The new approach is 3.5 times faster by reducing the

searching range during the SIFT and decreasing bundle adjustment iteration. However, the

drawback is that this new algorithm is highly sensitive to the accuracy of camera position

and orientation. The conventional algorithm does not rely on knowing camera position and

orientation [130], but is much slower (> 3×) and requires a large amount of features in all
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the images [43].

4.6 Discussion

Comparing with the previous 3D surface mosaic algorithm, this new reconstruction algo-

rithm proposed in this study: 1) is more efficient, as >3× efficiency was achieved since

the matching features can be found more quickly within a smaller search region and the

iteration can be reduced in bundle adjustment because of better initial shape estimation;

2) is more robust, due to smaller search region reduces the interference of similar features

in the same image. More matches can be found, which lead to a better initial estimation to

bundle adjustment; 3) yields a multimodal 3D map of the tumor region that can improve

visualization and robotic path planning; and 4) generates physical-scale 3D model instead of

a relative dimensions, with tumor targets of actual shape and size recovered. This real size

reconstruction is useful to locate the physical coordinates of the brain tumor residual in the

removal procedure and to provide quantitative characteristics such as size and morphology.

But the reconstruction algorithm is very sensitive to the input of SFE pose data. Inaccu-

rate SFE position and orientation may cause a clearly different geometry away from the

phantom [130]. To clearly demonstrate this dimensional error when the stereo surveillance

system is not providing accurate camera pose additional tests with flat square paper with

our surgery scene was performed, as shown in Fig. 4.8. The reconstruction with and with-

out accurate data varies dramatically as the square planar paper scene is highly distorted

in Figure 4.8(a). The motion control of the robot arm with stereo vision augmentation

facilitates the reconstruction process significantly, Fig. 4.8(b).

Precise control of the cable-driven surgical robot under the autonomous mode is challeng-

ing due to the nonlinear factors such as mechanism backlash, cable stretch under tension,

and the imperfection of the available kinematic model. One possible solution includes the

application of an external tracking system to get accurate pose data of robot arm as demon-

strated in this work. Another approach is to mount encoders to each joint directly to mea-

sure the real joint angles, but the robot could become very costly and bulky. In our study,

an economical and effective stereo tracking system was built to improve the positioning pre-

cision of the SFE and provide high accurate pose data to the 3D reconstruction algorithm.
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Figure 4.8: The 3D reconstruction of a flat printed paper of a surgical scene at low reso-
lution. (a) The 3D reconstruction with the data from RAVEN autonomous mode, showing
unreasonable shape 40x10x3 mm and no recognizable features in a highly distorted mosaic
image. (b) The 3D reconstruction with the data from stereo surveillance system, exhibiting
as a square planar surface and recognizable features such as vessels.

The accuracy of stereo system depends on the webcam image resolution, distance between

stereo to markers and lightening condition. A homogeneous light environment decreases the

tracking noise greatly which stabilizes the robot control quickly.

Experiments showed the environmental lighting plays a more significant role than the

camera resolution in marker tracking, which will be an issue for practical surgery since light-

ing is not homogeneous. However we can take advantage of other information to enhance

the robustness, such as the shape and size of the markers. Moreover, another drawback of

this external stereo tracking system is that it may not be feasible within an enclosed surgical

space, such as minimally invasive surgery (MIS) with flexible tool shafts.

Florescence imaging is also influenced by the environment lighting since the emission

signal is very weak. We darkened the environment and raised the PMT detection sensitivity

to capture the florescence signals in this study. However, in the future the SFE may be

used in an enclosed keyhole surgical field (MIS) which can be sheltered from interference of

environmental lighting, like daVinci SiTM robot with FireFlyTM florescence imaging system.

The combination of multimodal SFE, stereo assisted RAVEN robot, 3D reconstruction

with feature position prediction and a spherical-dome shape phantom containing florescence

targets, an accurate 3D virtual model representing debulked brain tumor cavity can be

generated with> 3x efficiency with all the tumor targets outlined and labeled. For the future
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work, a more advanced reconstruction algorithm is required to eliminate the feature blurring

in the stitched image, which is caused by imprecise calibration of SFE internal parameters,

such as focal length, field of view and distortion. As we know, any measurement system has

its own accuracy, which is typically a range, such as 0.2 mm for our stereo system. Instead

of using the known SFE position and orientation as fixed values directly, bundle adjustment

needs to be improved to optimize the problem of box-constrained parameters (3D scene,

SFE pose, focal length, field of view, distortion and etc.). In this way, we still can narrow

down the search region and speed up the algorithm with good initial shape estimation, from

which a more accurate and precise 3D reconstruction model with less blurred features can

be generated.

Future work will also require a more realistic phantom that can mimic the optical prop-

erties and even allow for material resection to mimic image-guided surgery. This initial

phantom was simplified with the main property of dimensional accuracy of the 3D-printed

PLA model and glued photographic paper and fluorescence surface targets for multimodal

contrast enhancement because this work focused on validating the dimensional accuracy

of our 3D reconstruction algorithm to the surface of this phantom. Future phantoms will

require more translucent materials that provide multimodal contrast such as dyed gels con-

taining scattering particles [49] The versatile SFE can support multiple modes of imaging,

such as reflectance using enhanced spectral imaging which enhances contrast of the blood

vessels and vascularized tissues [70], and wide-field fluorescence imaging of near-infrared dye

molecules that are conjugated to molecular specific probes that bind to brain tumor cells

[167]. Additional SFE imaging modes that are molecular-specific can also be included in a

future phantom or ex vivo tissue model, such as autofluorescence imaging [176] and time-

resolved fluorescence lifetime imaging and spectroscopy [119] and coherent Raman imaging

and spectroscopy [109].

Finally, a systematic analysis of error between reconstructed and CAD-designed models

needs to be performed in the future, such as geometry, size and location of each tumor target.

Moreover, the computation procedure of new algorithm was not fast enough (> 200 sec for

30 frames although the efficiency rose to > 3×), since tissue deformation and shift occurs

during surgical resection. Also the 3D reconstruction of surgical field needs to perform
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in an iterative fashion to remove all clearly visualized residual tumor tissue. Thus, faster

computation can reduce the surgery time and result in a more precise virtual model. In the

future, the algorithm can be boosted by written into C++ and partially implementing with

parallel computing platform CUDA.
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Chapter 5

TOWARD REAL-TIME 3D IMAGE-GUIDED SURGERY

The challenge is to accurately guide the surgical tool within the 3D surgical field for

robotically-assisted operations such as tumor margin removal from a debulked brain tumor

cavity. The proposed technique is 3D image-guided surgical navigation based on matching

intraoperative video frames to a 3D virtual model of the surgical field. A small (1.6-mm

diameter) laser-scanning endoscopic camera was attached to a mock minimally-invasive

surgical tool that was manipulated toward a region of interest (residual tumor) within a

phantom of a debulked brain tumor. Video frames from the endoscope provided features

that were matched to the 3D virtual model, which were recorded earlier by raster scanning

over the surgical field. Camera pose (position and orientation) is recovered by implement-

ing a constrained bundle adjustment algorithm. Navigational error during the approach

to fluorescence target (residual tumor) is determined by comparing the calculated camera

pose to the measured camera pose using a micro-positioning stage. From these preliminary

results, computation efficiency of the algorithm in Matlab code is near real-time (2.5 sec for

each estimation of pose). The computation efficiency can be improved by implementation

in C++. Error analysis produced 3 mm distance error and 2.5 degree of orientation error

on average. The sources of these errors come from 1) inaccuracy of the 3D virtual model,

generated on a calibrated RAVEN robotic platform with stereo tracking; 2) inaccuracy of

endoscope intrinsic parameters, such as focal length; and 3) any endoscopic image distor-

tion from scanning irregularities. This work demonstrates feasibility of micro-camera 3D

guidance of a robotic surgical tool.

5.1 3D image-guided surgery

In the previous study (Chapter 3 and Chapter 4), the SFE is attached to a calibrated

robotic arm and scanning across a phantom of a cavity from debulked brain tumor with
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fluorescence targets representing residual tumor tissue, accurate 3D virtual reconstructions

of the surgical field can be generated [42].

Once the fluorescence target is located, the SFE-guided surgical tool tip needs to be

safely navigated against the target for the residual tumor clean-up operation. The challenges

are providing accurate and efficient (time and space) 3D-image guidance that can run in

tandem with a surgeons visual feedback control. The tedious process of cleaning up residual

tumor cells by their fluorescence glow may be automated in the future, such as the repeated

suturing tasks than have been automated in robotic-assisted surgeries. Figure 5.1 shows the

scheme of 3D image-guided surgery. The 3D virtual model of the debulked tumor cavity

was generated earlier (Chapter 4). As the surgical tool approaching to the region of interest,

the pose of the scope can be recovered by registering the 2D live endoscopic image to the

pre-known 3D virtual model. So the pose of the tool can be also recovered since the spatial

relation of tool and scope is fixed. Thus, an optimal surgical path of the tool can be designed

to better accomplish specific surgical tasks. And also the path can be re-adjusted along the

way towards to the residual tumor, which is shown with series numbers 1-3 in Figure 5.1.

Advantages of providing a 3D image-guided approach to navigate a surgical tool in a

delicate minimally-invasive surgery like residual brain tumor clean-up are listed: 1) Optimize

the surgery: Comparing to conventional 2D endoscopic-guided surgery, a 3D virtual model of

surgical field provides depth information, which can be used to assist the surgeon to plan the

surgical procedure, or an autonomous medical robot to generate an optimal surgical/therapy

path. 2) Secure the surgery: Depth information in the 3D image-guided surgery can define

a safe working space, so that the damage of the tissue or the endoscope can be avoided as

the surgical tool is moving around in the surgical field. 3) Assist the key-hole surgery: An

external stereo optical system [42] can be utilized to track the pose of surgical tool and/or

endoscope in open surgery, but this is not feasible within enclosed surgical fields, such as

key-hole surgeries. The proposed 3D image-guided technique in this study can recover the

position and orientation information of the endoscope (eye on robot arm) in near real-time.

4) Refine the 3D virtual model of surgical field by adding more and updated endoscopic

images: the initial 3D model was generated by raster scanning over the surgical field. New

higher-resolution detail can be added to refine the 3D model as the tool is moving towards
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Figure 5.1: The scheme of image-guided surgery based on a 3D virtual model. The pose of
scope/tool can be recovered in near real-time by registering 2D endoscopic video frame to
the 3D virtual surgical field model. The optimal path of surgical tool can be designed and
re-adjusted towards the residual tumor, showing with series numbers 1 to 3.

to the tumor. 5) Adjust the motion of surgical tool: As the pose of the tool in 3D virtual

model frame is known more rapidly in the future, the precise control of the surgical tool

can be achieved by taking the recovered pose information as a close-loop feedback.

The estimation of the pose of SFE by registering a 2D image to a 3D virtual model can be

achieved in two stages. The first stage is to find the matching features between them. SIFT

(scale-invariant feature transform) and RANSAC (random sample consensus) algorithm was

utilized to find the matching points from a video frame from the live endoscopic video, and

the stitched image of 3D model. The second stage is to refine the pose parameters by these

matching points with an optimization approach. Instead of solving 3D scene and camera

parameters simultaneously, a constrained bundle adjustment was used to solely recover pose

information in our study since the 3D scene and its 2D projection were known.
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Figure 5.2: The experiment setup. (a) A multimodal SFE of 1.6mm outer diameter was
affixed along a surgical tool. (b) The tool with SFE was attached on a micro-positioning
stage. Tool tip shown in video. (c) The tool with SFE was attached on RAVEN II surgical
robot to create 3D model.

5.2 Experiment and result

In this proof-of-concept study, a 1.6mm multimodal SFE was affixed along with the mock

surgical tool (Figure 5.2a) that was attached on a micro-positioning stage, see Figure 5.2b,

which can provide accurate position and orientation information as the ground truth to

analyze the feasibility of the algorithm. The same 3D printed phantom in previous study

[42] was used to mimic the surgical field with realistic surgical features and multiple scat-

tered fluorescence targets. This concept will be extended to surgical robot RAVEN II for

more application-specific development, such as testing autonomous surgical procedures, see

Figure 5.2c. Accurate multimodal 3D model of surgical field was previously generated on

RAVEN surgical robot platform [42] that is used directly in this study as prior knowledge.

The 3D model shows that fluorescence markers were detected and highlighted in the real-

size 3D phantom, representing the residual tumor after the debulking procedure, see the

green targets in Figure 5.3a, from which an optimal path of autonomous surgery can be

designed.

In this study, the proof-of-concept experiment was setup on a micro-positioning stage as
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Figure 5.3: The feature matching of 2D endoscopic image with 3D virtual model. (a) The
3D virtual model of surgical field with matching features to SFE video frame labeled in
blue. (b) Matching features between 3D reconstructed virtual model of phantom (left) and
a single SFE video frame (right), with feature alignment shown by the multiple colored
lines.

shown in Figure 5.2B to analyze the feasibility of our proposed method. Since the tool was

extended along the optical axis of the SFE, some field of view of SFE was blocked by the

tool, see Figures 5.2B and Figure 5.3B. Five arbitrary poses of the tool/SFE were selected

and read from the micro-positioning stage as ground truth. Five reflectance images were

captured to register with the pre-reconstructed 3D virtual model. SIFT and RANSAC was

utilized to find the matching points. Taking the image in Figure 5.3 as an example, 92

pairs of matching points were found even with some field of view being blocked by the tool;

shown as a blue dots in Figure 5.3A, and 1/10th of matching points randomly selected for

visualization check in Figure 5.3B.

The estimation of the five poses was achieved successfully with our constrained bundle

adjustment algorithm. All software was implemented in Matlab, running on a workstation

Dell Precision M4700 with 2.7 GHz Intel i7-3740QM CPUs, 20.0 GB memory in a 64-bit

Window operating system. The difference of pose resulted in various computation details,

such as number of matching points, computation time, and distance and orientation error

to the ground truth, see Table 5.1.

The difference of number of matching points is caused by the difference of perspective

and also the blocked field of view in the endoscopic images. The computation time was
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Table 5.1: The experiments results of five different poses of SFE

No. of matching points Computation time Distance Error Orientation Error

Pose 1 54 2.31 sec 3.12 mm 1.47◦

Pose 2 48 2.45 sec 3.08 mm 1.52◦

Pose 3 92 2.67 sec 3.11 mm 2.64◦

Pose 4 68 2.66 sec 3.06 mm 4.47◦

Pose 5 84 2.27 sec 3.00 mm 2.10◦

Avg. (NA) (NA) 3.12 mm 2.44◦

Std. (NA) (NA) 3.12 mm 1.23◦

relatively stable, and majority of computation time was devoted to finding the matching

points between captured video frame and reconstructed 3D model. Experiments showed

the constrained bundle adjustment took only 0.3 sec on average. The distance between

the estimated position and measured one was 3.09 mm on average with 0.043 mm as the

standard deviation based these five trials. The orientation error was 2.44 degrees on average

with standard deviation of 1.23 degrees. These errors are also consistent with approaching

a target in three steps as illustrated in Figure 1, while more work is required to determine if

higher resolution images from a closer endoscope can reduce approach errors while updating

the 3D model in near real-time.

5.3 Discussion and conclusion

Recent work in accurately aligning the neurosurgical 3D space interoperatively after the

brain shifts during skull opening comes from the laboratory of Dr. Michael Miga (Simpson et

al., 2014). Using a phantom of brain surgery, the 3D positional target registration error was

recorded for 5 repeated measures using laser range scanning and conoscopic holography. The

results of 2.1 mm +/- 0.2 mm error for laser range scanning and 1.9 mm +/- 0.4 mm error for

the conoscopic holography compare favorably with our preliminary results. Although both
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3D measurement systems are laser-based and provide greater accuracy than our approach,

their large size restricts their use to open surgery. In our case, the laser-based micro-camera

is even smaller in size than most surgical tools, which allows introduction through less

invasive keyholes and registration from within these semi-enclosed cavities. A future goal of

surgical robotics is the reduction of size and advancement of keyhole applications (Marcus

et al., 2013), which is the desired application of this new approach.

Recovered the position and orientation in near real-time using a single, ultrathin, flexible,

and multimodal endoscope (attached to a surgical tool that blocks a portion of the visual

field) in the 3D virtual model space of simulated surgical field. Future work is improving the

speed and accuracy of the real-time SFE video registration to the 3D virtual model using

phantoms that allow resection and the RAVEN surgical robot. This work builds toward

automating residual tumor cleanup in robotically-assisted keyhole surgeries.
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Chapter 6

BOUND CONSTRAINED BUNDLE ADJUSTMENT
FOR RELIABLE 3D RECONSTRUCTION

Bundle adjustment (BA) is a common estimation algorithm that is widely used in ma-

chine vision as the last step in a feature-based 3D reconstruction algorithm. BA is essentially

a non-convex non-linear least-square problem that can simultaneously solve the 3D coor-

dinates of all the feature points describing the scene geometry, as well as the parameters

of the camera. The conventional BA takes a parameter either as a fixed-value or as an

unconstrained variable based on whether the parameter is known or not. In cases where

the known parameters are inaccurate but constrained in a range, conventional BA produces

in an incorrect 3D reconstruction by using these parameters as fixed values. Alternately,

these inaccurate parameters can be treated as unknown variables, but this does not take

advantage of the information in a constrained variable, and the resulting reconstruction can

be erroneous since the BA optimization halts at a dramatically incorrect local minimum

due to its non-convexity. In many practical applications that require 3D reconstruction,

there are inaccurate parameters available before BA, such as a measurement with a range

of uncertainty or a bounded estimate. Thus to better utilize these pre-known, constrained,

but inaccurate parameters, a bound constrained bundle adjustment (BCBA) algorithm is

proposed, developed and tested in this study. The experimental results demonstrate BCBA

can achieve a more reliable, rapid, and accurate 3D reconstruction than conventional bundle

adjustment.

6.1 Bundle adjustment and bound constraints

3D reconstruction is a process to retrieve the geometry and appearance of real objects or

scene, which can be achieved by two main categories: active and passive methods [12]. A

common way in active methods is to use artificial light source, such as projecting structured-

light of a known pattern onto an object and then recovering the depth map from the
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reflectance image [36, 47, 180]. Passive methods require multiple overlapped images of

normally illuminated object without interfering any artificial light, such as stereo vision

[123, 44] and structure-from-motion [1, 162, 27]. Typically in structure-from-motion, the

multiple camera images from relative motion of camera and object are used for feature-based

3D reconstruction of the object or scene.

Bundle Adjustment (BA) is an optimization technique, simultaneously refining the cam-

era parameters (focal length, center pixel, distortion, position or/and orientation), as well

as the 3D coordinates of all the feature points describing the object [140]. The feature point

is a specific structure in the image data, such as a corner. BA is often used as the last

step in feature-based 3D reconstruction, following the prior steps of feature detection and

feature matching. The cost function of BA is to minimize the norm of reprojection error

of each feature point in every image. Reprojection error is the pixel distance between real

position of each observed 2D feature and the calculated reprojection of its reconstructed

3D corresponding point, based on the current estimation of camera and object parameters

[140]. This optimization can be expressed as a large-scale, non-convex, non-linear and real-

valued least square problem [86]. The non-convexity of BA causes the existence of multiple

minima so that it is difficult to find the global minimum.

Constraints are logical conditions that bound the estimation with allowable error, re-

flecting the real-world restriction of tolerancing. This bound constraint could be used as

direct prior knowledge in the 3D reconstruction algorithm. In the most practical cases,

the general constraints of the camera and object parameters are retrievable. Such as, the

camera should be in the hollow body of the reconstructed model for the case of defect detec-

tion for the pipeline internal surface (location constraints); the shape of football is oval-like

but planar (shape constraints); the size of a cell should be in ∼ µm, instead of ∼cm (size

constraints) and other constraints that are obvious in real world applicaiton. Even those

3D reconstruction without any case-based information, there are also some constraints that

can be utilized which have been ignored: such as the focal length of a camera is positive;

all the object points should be in front of camera instead of the backside; the field of view

(FOV) angle is positive but less than 180 degree. Moreover for the cases that use a well-

calibrated camera, the camera parameters are treated as known values without variation.
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Actually these calibrated parameters are not exact but within a range of uncertainty [110].

Taking these parameters as fixed-value may cause inaccurate 3D reconstruction. Consider

the uncertainty can be restrained by lower and upper values, called bound constraint, these

constraints can be utilized as prior knowledge to improve the 3D reconstruction algorithm

and generate more reliable and accurate model.

Previous work on constraining BA to achieve a more robust and realistic solution has

been limited, and did not include the more general approach of having a bound constraint

condition. Wong et al. constrained the distance between camera and object for all the frames

as the same value, which was fixed to a single parameter to reduce the number of unknown

variables in the BA algorithm [160]. With the similar concept, Albl et al. constrained the

camera position on a circular trajectory for the cases with a revolving camera [2]. These two

constrained BA approaches can both achieve more accurate 3D reconstructed with higher

efficiency. However they require that either object or camera rotates around a fixed axis

while the other one is stationary, which limits the generalizability of application for these two

constrained BA algorithms [160, 2]. For the 3D reconstruction of planar structures such as

floors and walls, planarity constraints were applied to produce an accurate model [179, 135].

But again these two applications are limited to the particular constraint of planarity. For

the case of 3D reconstruction of internal surface of organ from medical images containing

insufficient features, Soper et al. constrained the geometric model of bladder as a spherical

shape in the initial step and then released this shape constraints for subsequent model

refining [130]. This proper initialization reduces the influence of non-convexity to find the

correct minimum and generates an accurate 3D reconstruction. It is essentially an approach

to achieve the global minimum by choosing a good initial guess that is closer to the global

minimum. However it does not guarantee that this initial guess is good enough to eliminate

the deleterious effects of a local minima nearby.

All the constrained BA algorithms mentioned above are not generally applicable to

beyond the strict requirements imposed by the specific applications. They achieved higher

accuracy and efficiency by essentially reducing the number of variables for each of their

specific cases.

Conventional BA algorithm either takes a parameter as known (fixed-value), or as an
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Figure 6.1: The feature-based 3D reconstruction with inaccurate camera parameters.

unknown variable (unconstrained). The former case may result in an incorrect 3D recon-

struction with known but inaccurate parameters [43]. The latter case may cause erroneous

estimation of camera and object parameters since the optimization falls down to a dramati-

cally wrong local minimum. In this study, a brand new approach is proposed to solve this 3D

reconstruction problem with bound constrained parameters. We call it Bound Constrained

Bundle Adjustment (BCBA) algorithm. The biggest significance of this new algorithm is to

achieve a reliable and accurate 3D reconstruction efficiently by taking advantage of known

but inaccurate parameters, such as the intrinsic or extrinsic parameters of camera, or the

general shape of object. Fig. 6.1 shows the schematic diagram of an applicable case of

BCBA. A sequence of images were captured by inaccurate cameras around a static object.

The term “inaccurate” represents those cameras that the intrinsic parameters, positions
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or/and orientations are not exact known but in a range.

The motivation of solving this problem is to reconstruct an accurate 3D model of surgical

field for autonomous image-guided surgery robotic system [43]. In our case, an endoscope

(camera) was moved around by an ill-calibrated robot arm to capture images of surgical field.

The camera position and orientation could be obtained approximately from robotic system,

which was not accurate, but in a measurement range. Using the inaccurate information

directly with conventional BA would result in an erroneous 3D model, which can be solved

by utilizing the suitable bounds with BCBA.

In this study, each step of the conventional BA algorithm is presented, and the modifica-

tions made for the use of bound constrained parameters are listed and discussed. Following

the proposed constrained algorithm, an experiment is presented by applying the the con-

ventional BA algorithm that is compared to the proposed BCBA algorithm.

6.2 Bound constrained bundle adjustment algorithm (BCBA)

Our BCBA algorithm proposed in this letter is an extension of the traditional BA, which is

essentially a non-linear real-valued least square problem. Levenberg-Marquardt (LM) algo-

rithm is widely used as standard tool to solve BA due to its efficient damping strategy and

ease implementation [77]. Instead of directly tracking nonlinear problems, LM algorithm

iteratively solves a sequence of linear least square problems. From the optimization per-

spective, it can be viewed as a combination of Gauss-Newton method and steepest descent

method : the closer the current iteration point approaches the local minimum, the more

like the Gauss-Newton method the LM algorithm behaves. This adjusting strategy allows

LM to achieve a better tradeoff between stability of the steepest descent method and faster

convergence of the Gauss-Newton method. Our BCBA algorithm inherits this advantage

from LM algorithm.

Given an object with a set of n 3D feature points Q3xn = {Q1, Q2, ..., Qn} in world

coordinate, a sequence of m images {I1, I2, ..., Im} were captured by a camera at different

locations and orientations. Let Rj represent the rotation matrix and tj denote the transla-

tion vector of the camera at Ij . Then the 3D position Pij = [Xij , Yij , Zij ]
T of a feature point

Qi with respect to Ij camera coordinate is given as Pij = RjQi + tj . The calculated pixel
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location of its projection on Ij is pij = [xij , yij ]
T , see Fig. 6.1, which can be calculated by

ω

pij
1

 = K

[
Rj tj

]Qij

1

 . (6.1)

where ω = Zij , and K is the camera calibration matrix constaining the parameters of focal

lengths (fx, fy), center pixel (cx, cy) and first- and second- order radial distortion coefficients

(k1, k2). Since we were using a single camera in this study, all the calibration matrices K’s

are the same.

Let the position of the observed feature be p̂ij = [x̂ij , ŷij ]
T , then the reprojection error

r = p− p̂ was calculated and rearranged as a column vector of size M. The projection error

r is essentially a function of N = 3n+ 6m+ 6 variables: the 3D coordinate of each feature

point (3n), the camera position and orientation (6m), and the identical camera intrinsic

parameters (6). Denote all N variables as s. As mentioned before, information of the lower

bound and upper bound on s is often available. We would like to exploit this additional

bound information to better minimize the total reprojection error.

Given the bound constraints of parameters, the BCBA optimization problem can be

written as

Objective min f(s) =
1

2
r(s)T r(s)

Subject to l ≤ s ≤ u; s ∈ <N
(6.2)

In most cases of feature-based 3D reconstruction, N is potentially equal to several thousands

or larger. l and u are the same size of s, and represents the lower and upper bound vectors

for the constraint of s. For those variables with no bound defined, we set −∞ and +∞ as

its lower and upper bound, respectively.

6.2.1 Bundle adjustment

The optimization problem Eq. (6.2) without the constraints is the conventional BA prob-

lem. Its objective function f(s) is non-linear, which can be approximated by a local linear



71

model[140], such as a quadratic Taylor series expansion of f(s) below for a small step δ,

f(s+ δ) ≈ f(s) + g(s)T δ +
1

2
δTH(s)δ

with g(s) ≡ df

ds
(s) H(s) ≡ d2f

ds2
(s)

(6.3)

where g(s) and H(s) is the gradient vector and Hessian matrix of f(s), respectively. This

approximation model of Eq. (6.3) is a simple quadratic with a unique global minimum that

can be calculated explicitly using linear algebra.

The Gauss-Newton method is built to solve the step δ in the following linear system

repeatedly

H̄(s)δ = −g(s) (6.4)

where the N × N matrix H̄(s) is the Gauss-Newton approximation of the Hessian matrix

H(s) of f(s). s is updated at each iteration as s← s+δ, if the cost f(s+δ) < f(s). Let J(s)

denote the M ×N Jacobian matrix of r(s), given by Jij = ∂ri/∂sj . Then the gradient g(s)

can be computed by g(s) = J(s)T r(s). The H̄(s) can be calculated by H̄(s) = J(s)TJ(s)

by ignoring the second derivative terms. It is easy to see H̄(s) is symmetric matrix. For

now, assume that H̄(s) is positive definite.

To solve step δ in Gauss-Newton method of Eq. (6.4), the inverse matrix of H̄(s) needs

to be calculated. Since N could be very large, computing the inverse matrix of H̄(s) is often

prohibitively expensive. Therefore, it is desired to reduce the size of the linear system first.

Among all potential methods, Schur complement method is typical used in BA algorithm to

split the original linear equation into two smaller linear systems by Gaussian elimination.

Denote the parameter column vector s = [sc, sp] where sc and sp are the camera and

point parameters, respectively. Similarly, the subscripts “c” and “p” are used to denote

camera and point part for other notations: J(s), g(s) and δ. So H̄(s) can be expressed as

a block matrix as follows:

H̄(s) =

H̄cc H̄cp

H̄pc H̄pp

 =

JT
c Jc JT

c Jp

JT
p Jc JT

p Jp

 . (6.5)

Since H̄(s) is positive definite, H̄cc and H̄pp are then positive definite. Eq. (6.4) also can be
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rewritten as: H̄cc H̄cp

H̄pc H̄pp


δc
δp

 = −

gc
gp

 . (6.6)

By separating the camera and point parameters using Schur complement, the solution δ =

[δc, δp] of Eq. (6.4) can be calculated in the form of reduced camera system:

(H̄cc − H̄cpH̄
−1
pp H̄pc)δc = (H̄cpH̄

−1
pp )gp − gc

δp = H̄−1pp (−gp − H̄pcδc)
(6.7)

Note that the reason why δc is chosen to be computed first is that the number of camera

parameters is usually smaller than the number of points. Once δ = [δc, δp] is solved, the

parameter vector will be updated if it leads to a smaller cost f(s).

The LM algorithm can be considered as the interpolation between Gauss-Newton method

and steepest descent method. The steepest descent method is given by D′δ = −g(s), D′ is

a diagonal matrix of positive constant value, size of N ×N . Thus, LM can be written as

Bδ = −g(s), with B = H̄(s) + λD (6.8)

D is the diagonal matrix of H̄. The damping factor λ is a non-negative value, adjusted at

each iteration. Bigger λ brings the algorithm closer to steepest descent method, while the

algorithm behaves more like a Gauss-Newton method as λ becomes smaller.

Similarly, to calculate the step at each iteration of LM algorithm, Schur complement is

applied on Eq. (6.8) by splitting B as four sub-matrices corresponding to camera and point

parameters. δ can be calculated by Eq. (6.7). Without considering the bound constraints

in the optimization problem of Eq. (6.2), s← s+ δ will be accepted if the updated s vector

leads to a smaller f(s) value.

The non-negative damping factor λ is adjusted in each iteration. The initial value of

λ in the first iteration is pre-defined as λ0. If the current updated s leads cost reduction,

a smaller λ can be used to bring the algorithm closer to Gauss-Newton method exhibiting

faster convergence. Whereas if an iteration could not provide reduction in the residual,

larger λ is chosen, giving a step closer to the gradient descent direction that is slow but

guaranteed to converge [77]. Once the λ exceeds the pre-defined threshold λmax, which is
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usually very large, that means the local minimum is found. Conventional bundle adjustment

is achieved by repeating the update of s and λ of Eq. (6.8) until reaching the local minimum.

6.2.2 Bound constrained bundle adjustment

BA can refine the camera and 3D structure parameters simultaneously in an efficient and

stable way by utilizing LM algorithm. However, it considers parameters either as known

data (fixed-value), or unknown variable (unconstrained). The conventional BA could not

take advantage of the known but inaccurate information, which leads to bound constraints

and is commonly available in practical applications. We now address this problem by

modifying the BA algorithm mentioned above. Before the discussion, some preliminary

tools are needed.

Firstly, we define the projection of the parameter vector s onto the feasible set with [l, u]

bound as a function:

proj(s) = min{max{ l, s}, u}. (6.9)

max{a, b} is a vector whose ith entry as max{ai, bi}; and min{a, b} is a vector whose ith

entry as min{ai, bi}.

Secondly, an active set A(s) for s ∈ [l, u] is defined. A(s) is a set that contains parameters

at which either upper or lower bound is tight and the update direction drives the parameter

outward away the bounds. Consider the following cases:

• Case 1: si ∈ (li, ui)

The computation of gi is not constrained by the bounds, the same for J(si). The

calculation of δ can be treated as an unconstrained problem.

• Case 2: si < li or si > ui

The si value will be projected onto the bounds of the feasible set by Eq. (6.9).

• Case 3: si = li
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If gi > 0, that means the updated si is supposed to be smaller than li, which will be

constrained by the bounds; if gi ≤ 0, that means the updated si will be larger than

li, falling in the feasible set. Thus it is not affected by the constraints.

• Case 4: si = ui

We have the opposite observation as case 3, the constraints are active if gi < 0, but

inactive if gi ≥ 0.

Finally the active set for the bound constrained problem s ∈ [l, u] can be given below. The

complementary set of A(s) is called inactive set and denoted by I(s).

A(s) =

 i

∣∣∣∣∣∣∣∣∣∣
si = li and gi > 0

or

si = ui and gi < 0

 (6.10)

Gradient projection method [17] is then applied in this algorithm, which is a common

method for solving constrained optimization problems. The projected gradient of f(s) in

the feasible set is a vector of size N , denoted by ĝ(s):

ĝi =

 gi, i ∈ I(s)

0, otherwise
(6.11)

The projected gradient is the same as the unconstrained gradient for those parameters

that constraints are inactive. For the parameters that constraints are active, the projected

gradient will be enforced to be zero to keep the parameters staying at the bounds.

One more component that we need to modify in Eq. (6.8) for the BCBA algorithm is

the approximation of Hessian matrix H̄(s), which we define as reduced Hessian matrix. The

reduced Hessian is designed as follows: since the parameters in the active set A(s) are fixed

then ∂f/∂si = 0; and the projected gradient of active parameters are set to zero, we zero

out all rows and columns of the Hessian matrix H̄ that are corresponding to the active

parameters, that is, to set H̄ij = 0 if either i or j is in A(s). However, we will add the

diagonal entries H̄ii, i ∈ A(s) back so that all diagonal entries of H̄ are retained in the
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reduced Hessian. It can be easily verified that this not change the gradient update but

will later make it easier to control the positive definiteness of the reduced Hessian matrix.

Finally, we define reduced Hessian matrix Ĥ to be

Ĥij =


H̄ij if i ∈ I(s) and j ∈ I(s)

H̄ii if i ∈ A(s)

0, otherwise

(6.12)

Once we have the reduced Hessian matrix and projected gradient vector, Eq. (6.8) in LM

algorithm is modified as below for the bound constraints.

B̂δ = −ĝ(s), with B̂ = Ĥ(s) + λD̂ (6.13)

D̂ is the diagonal matrix of Ĥ(s), which is also equal to the diagonal matrix D. Similar to

the process of Eq. (6.4), Schur complement is also used to calculate the step δ in Eq. (6.13).

The update of s← proj(s+ δ) is accepted once it leads to a reduction in the cost function

f(s).

The same as BA algorithm, the non-negative damping factor λ in BCBA is also adjusted

in each iteration. Smaller λ value is chosen if current iteration leads less cost residual; larger

λ value can be used to guarantee the convergence to local minimum under bound constraints.

6.2.3 Convergence of BCBA

Because we have assumed that H̄(s) = J(s)TJ(s) is positive definite, it is easy to obtain

that Ĥ(s) is also a positive-definite matrix based on the modification in Eq. (6.12). D̂ is

the diagonal matrix of Ĥ(s) , it is also positive definite. Thus B̂ is positive-definite in

Eq. (6.13), regardless how the damping factor λ changes. Notice the right side of Eq. (6.13)

is actually the steepest descent direction. Hence, our proposed algorithm can generate a

sequence of parameter vectors (s) in each iteration that converges to a local minimum.

6.3 3D reconstruction test of BCBA

To demonstrate the feasibility of this constrained algorithm, an experiment was performed

to compare the 3D reconstruction results of conventional BA and BCBA. In this study, a
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SFE image 

SFE 

Micro-positioning stage 

Object 

(a) 

(b) 

(c) (d) 

Figure 6.2: The experiment setup. (a) the SFE of 1.6 mm outer diameter with camera frame
rate at 30 Hz; (b) the CAD design of the object. It is a spherical dome with maximum
radius of 17.5 mm and depth of 10 mm; (c) the 3D printed phantom with near-realistic
surgical features; (d) the experiment setup on a micro-positioning stage, which can provide
high accurate data of the camera positions with accuracy of 0.01 mm.

SFE [70] was used to capture a sequence of images above a surgery phantom (the object) of

known geometry. The SFE is a tiny flexible endoscope of only 1.6 mm outer diameter, see

Fig. 6.2(a), which is feasible to Minimal Invasive Surgery (MIS). It can achieve high resoltion,

high speed full color image with wide FOV. To validate and compare two 3D reconstruction

algorithms, an object with pre-known geometry was required. In this study, a 3D model

was designed and 3D-printed out to mimic the surgical field [42], see Fig. 6.2(b,c). This

reconstruction of surgical field aims to guide the autonomous surgical robot by obtaining

the accurate 3D coordinate of residual tumor within the surgical field [41].

In this experiment, the SFE was attached on a micro-positioning stage, where the po-

sition of the camera was obtained. The orientation of the camera was set perpendicularly

downwards and kept the same in the entire experiment. Fig. 6.2 shows the SFE, CAD



77

Figure 6.3: Matching features in a pair of frames with image overlap were lined up in color.
One tenth of the matching features were randomly chosen for better visualization.

design, printed phantom and also the experiment setup. The distance between the SFE and

the top surface of phantom is about 15 mm. Note, the BCBA algorithm is independent of

the choice of camera and object. It can be applied as long as the the bound constraints

exist.

In the experiment, 16 images (size of 608 x 608 pixels) were captured above the phantom

using SFE. The position of SFE was read from micro-positioning stage with high accuracy,

which can be considered as ground truth. To simulate known but inaccurate information, a

set of noise of uniformed distribution on the interval [-0.25, 0.25] mm was added to X, Y, Z

coordinate of the camera position, which can be treated as the pre-known bound constraints

when using the BCBA alogrithm. Other constraints were also pre-known: a rough camera

calibration obtained the FOV was in the range of [50, 56] degrees; the surface geometry of

the object is about 10 mm in depth; and the distance of the object to camera is 15 mm.

Thus, the depth of object points should be in the range of [15, 25] mm. However, for this

experiment, we only use the constraints of camera position for BCBA. Other pre-known

parameters were used to evaluate accuracy and reliability of the 3D reconstruction result.

All the codes were MATLAB implemented, and running on a workstation Dell Precision

M4700 with 2.7 GHz Intel i7-3740QM CPUs, 20.0 GB memory in a 64-bit Window operating

system.

In the same manner as conventional BA, features were detected in each image and

matched with its correspondences in other images. In this study, scale-invariant feature
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Figure 6.4: The procedures of BA and BCBA, respectively. (a-d) shows the reconstructed
3D point cloud by BA was shrinking to a flat one. (e-h) shows minor adjustment of the 3D
points happened in the BCBA optimization process due to the bound constraints.

transform (SIFT) algorithm [78] was applied to find feature points from each SFE image.

Fig. 6.3 shows the two endoscopic frames with image overlap, the matching features were

lined up with color lines. This experiment generated 2,250 feature points and 5,689 point-

to-image reprojection in total from 16 frames.

After adding the same amount of random uniformed noise (∈ [−0.25, 0.25] mm) to the

accurate camera position, both BA and BCBA algorithms were performed. The process of

BA showed the reconstructed 3D model shrinking from an initial spherical-like shape to a

flat surface in the final optimization iteration, see Fig. 6.4(a-d). While the process of BCBA

showed the reconstructed points bounded in a range and quickly stablized to a spherical

shape, Fig. 6.4(e-h). We can notice that the reconstructed point clouds at the first iterations

of BA and BCBA are the same, Fig. 6.4(a,e), since the initial guess of parameter vector was

identical for both algorithms. Fig. 6.4(d,h) is the final reconstructed 3D points of BA and

BCBA, respectively.

Fig. 6.5(a) show the BA resulted in a flat surface that is very different to our real object

of a spherical concave surface. In addition, the reconstructed 3D points locate around depth

of 10 mm, which is dramatically deviated from the experiment setup of 15 mm distance.

Whereas the BCBA algorithm achieves a much better 3D reconstruction with most points
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(d) (f)

(b)

(e)

Figure 6.5: The comparison of 3D reconstruction results between BA and BCBA. (a-c) and
(d-f) shows the reconstructed 3D point clouds, 3D surface and the depth map of BA and
BCBA, respectively.

distributing as a spherical concave dome shape, see Fig. 6.5(d). Furthermore, 98.85% of the

reconstructed object points are located in the range of [14, 24] mm, which is overall 1 mm

shift away from the experimentally measured value. Once the 3D point cloud was obtained,

a thin spline algorithm was applied to generate a smooth 3D surface by fitting these feature

points [130]. Fig. 6.5(b,e) and (c,f) show the reconstructed surface and also the depth map

of BA and BCBA results, respectively.

To quantify the reconstruction result, ICP algorithm [11] was employed to align and

compare the reconstructed virtual models to the CAD designed model (ground truth, see

Fig. 6.2(b)). Fig. 6.6 gives the comparison of ICP error analysis of BA and BCBA. The

alignment of two point clouds were shown in Fig. 6.6(a,d), the blue point cloud represent

the CAD designed model. Qualitatively, the BA algorithm produces a radically different

3D surface that does not match the CAD model; while the BCBA result matches the CAD

model very well. The distance maps between the aligned models were shown in Fig. 6.6(b,e),

and also the histgrams of the distance in Fig. 6.6(c,f). The quantitative error of BA’s result

was very large, which was diminished greatly by using bound constrained algorithm.
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Figure 6.6: The comparison of ICP error analysis between BA and BCBA. (a, d) the 3D
alignment of CAD point cloud and reconstructed surface for BA and BCBA, respectively;
(b, e) the error map of BA and BCBA, respectively; (c, f) the histogram of ICP error
distribution of BA and BCBA, respectively.

To further understand the significance of our proposed BCBA alogrithm, a table was

generated with other comparison details of BA and BCBA. Table 6.1 shows the number

of iteration, time spent, the minimum error achieved, the estimated parameters of camera

(FOV), the estimated depth of 3D points Qz and also the ICP error. With the bound

constraints of camera position, the BCBA optimization can achieve to the local minimum

faster than BA. Also the accurate 3D reconstruction result of BCBA has much smaller ICP

error. Moveover, only the pre-known constraints of camera position were used in this study,

the estimated FOV and Qz can be compared with the pre-known values to demonstrate

the reliabilty of our constrained algorithm. For example, the estimated FOV using BA was

165.39◦, which is far away from the calibration value ∈ [50◦, 56◦]. In stark contrast, the

BCBA algorithm estimates a FOV of 50.14◦ which is within our experimentally determined

range (Table 6.1).

Table 6.1 shows BA can result in smaller cost value of the objective function Eq. (6.2).

The reason is that the corresponding local minimum locates out of the bounds. BA can
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Table 6.1: The experiment result comparison of BA and BCBA algorithm.

BA BCBA

Bounds used (no constraints) camera position

No. of iteration 125 10

Computation time 56.96 sec 8.85 sec

ICP error 1.8482 mm 0.5031 mm

Final Cost value 1.948 2.293

Estimated FOV 165.39◦ 50.14◦

Estimated Qz ∈ [8.0 mm, 12.1 mm] ∈ [12.6 mm, 27.0 mm]

achieve the local minimum while BCBA was restrained by the bound constraints, which

results in larger cost value. Note that all the value in Table 6.2 might change based on

different random noise added to the accurate camera position data.

In order to validate the reliability of BCBA algorithm, the same comparison shown

above was performed for an additional ten times with different sets of uniformed noise

(∈ [−0.25, 0.25] mm). Since the accuracy and efficiency are the most important criterias

for the potential applications of this proposed algorithm, we listed the comparison of ICP

error between BA and BCBA in Table 6.2, as well as the computation time. The obtained

ICP error values of BA were in the range of [1.8776, 1.9072] mm with an average of 1.8903

mm and a standard deviation of 0.011 mm; while for BCBA results, ICP error values were

within [0.4521, 0.5343] mm with an average of 0.4955 mm and a standard deviation of 0.0306

mm. These data show that BCBA can generate more reliable and accurate 3D models than

BA with very small deviation for the ten data sets simulating the real-world measurements.

While the computation time of either BA or BCBA varied a lot for these ten cases. BA

spent [67.34, 49.27] sec, with average of 60.61 sec and deviation of 6.88 sec; whereas BCBA

spent much less time for the computation, which was in the range of [3.56, 30.61] sec, with

average of 14.40 sec and deviatin of 9.56 sec.

From the comparison results of these ten tests in Table 6.2, we see the ICP error was
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Table 6.2: The comparisons of ICP error and computation time of the BA and BCBA
algorithms with different noise.

ICP error Computation time

BA (mm) BCBA (mm) BA (sec) BCBA (sec)

case 1 1.9072 0.5070 63.86 6.52

case 2 1.8787 0.4915 50.65 21.95

case 3 1.8998 0.5283 63.46 3.63

case 4 1.8830 0.4663 67.34 19.56

case 5 1.8890 0.4725 65.35 7.80

case 6 1.8776 0.5343 49.27 10.34

case 7 1.8931 0.5148 63.91 14.54

case 8 1.8801 0.4623 64.58 30.61

case 9 1.8888 0.4521 52.57 3.56

case 10 1.9060 0.5264 65.15 25.44

avg. 1.8903 0.4955 60.61 14.40

std. 0.0110 0.0306 6.88 9.56
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very stable with a small deviation. Overall, the accuracy of BCBA was around 3.8× higher

than the conventional BA algorithm. The time spend for both BA and BCBA was less

stable, being highly dependent on the noise added. On average, the BCBA’efficiency was

roughly 4× higher than BA’s for these ten tests.

6.4 Discussion and Conclusion

This study proposed a bound constrained BA algorithm to take advantage of the known

but inaccurate information of the parameters of camera and object points. The theoretical

development wass provided with emphasis on the convergence property of the proposed

BCBA algorithm. Moreover, the experimental result demonstrated its feasibility and reli-

ability for a practical problem. Comparing with conventional BA algorithm that considers

a parameter either as known fixed-value or an unconstrained variable, BCBA achieves less

optimization iterations, less computation time, smaller ICP error and more reliable param-

eter estimation. For the specific tests in this study, the accuracy and efficiency of BCBA

was 3.8× and about 4× higher than the conventional BA algorithm, respectively. Besides

this, BCBA also achieved a good estimation of other parameters that have no constraints,

such as the estimation of camera FOV in Table 6.1.

As the extension work of our previous research [43, 42], these advantages of BCBA can

be utilized for intraoperatively reconstructing accurate 3D virtual models of the surgical

field to extract the tumor coordinates, which requires highly efficient processing. These

advantages also can be utilized to provide reliable estimation of camera poses for 3D image-

guided surgery [41] and MIS. Not limited in biomedical research, the BCBA algorithm also

may be utilized in other fields, such as a common application of the 3D reconstruction of

Google street view [62]. The position of street-view-car is provided by GPS; it is inaccurate

but the error range is pre-known. Such bound constraints can be ultilized to improve the

accuracy and efficiency of the 3D reconstruction of the street scene, similar to the experiment

performed in this study with bound constrained camera positions.

Previous approaches to constraining the BA algorithm cannot be generalized to the

examples of cameras involved in robotic MIS and 3D street-view reconstruction. Several

constrained BA algorithms could improve the reconstruction accuracy and efficiency [160,
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2, 179, 135], but their applications were limited in only specific cases, such as planery

object reconstruction or self-rotating object or camera. Soper et al.’s method achieved

reliable 3D reconstruciton, but limited to the spherical-like internal surface for a specific

medical application [130]. In contrast to these constained algorithms, our proposed BCBA

is applicable to these specific cases as well as more general cases as long as the bound

constraints of parameters are known.

However, notice that the constrained algorithms [160, 2, 179, 135, 130] may work better

than BCBA for their particular cases since they used constraints among different parameters,

such as the X, Y, Z parameters of object are subject to specific mathematics equations of

plane, circle or sphere. But they assumed the objects are perfect without tolerance, which

cannot be true for real world applications. To improve the 3D reconstruction for such cases,

the furture work is to improve BCBA with geometric constraints. For example, for the 3D

reconstruction of bladder phantoms [130], we can replace the sphericity constraint to BA

with a spherical-like shape constraint that contains lower/upper bounds once the mimimum

and maximum radius of the bladder is known based on human anatomical data.

The same as conventional bundle adjustment, BCBA is also subject to halting at a local

minimum. Even within the bounds, different initial guesses of parameter vector s produce

different optimization results, as shown in Table 6.2. Nonetheless in BCBA, the pre-known

bounds can prevent the reconstucted model running out to an unreasonable shape. Future

work will be finding the global minimum in the feasible set, from which the computation

could be dramatically reduced, compared with the unconstrained cases.
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Chapter 7

AXIAL-STEREO 3D OPTICAL METROLOGY OF INTERNAL
SURFACE

As the rapid progress in the development of optoelectronic components and computa-

tional power, 3D optical metrology becomes more and more popular in manufacturing and

quality control due to its flexibility and high speed. However, most of the optical metrology

methods are limited to external surface. This chapter proposed a new approach to measure

tiny internal 3D surfaces with a small camera and axial-stereo vision algorithm. A dense,

accurate point cloud of internally machined threads was generated to compare with its cor-

responding X-ray 3D data as ground truth, and the quantification was analyzed by ICP

algorithm.

7.1 3D optical metrology

Due to the rapid development of photonic sources, sensors, optomechatronics, and computer

processing, the application of 3D optical metrology has been growing for inspection of ma-

chined external surfaces in manufacturing [117]. With automation, 3D optical metrology is

increasingly replacing the traditionally used metrology techniques in industry, which include

mechanical gauging techniques such as the Coordinate Measurement Machine (CMM) [55],

due to its characteristics of non-contact, non-destruction, high efficiency and high accuracy

[175].The generated 3D point cloud can be used in quality control, inspection, virtual de-

sign, reverse engineering, simulation and planning. Optical metrology techniques can be

generally categorized as active and passive [32]. The active approach is to obtain the 3D

coordinate data by interfering with the object using light, such as Time-of-Flight (TOF)

measurement [3, 116], optical holography [23], optical to X-ray computed tomography (CT)

scanning [95], structured-light reconstruction [180, 47, 36, 48]. In contrast, passive 3D sys-

tems require only a sensor, such as a camera, to collect digital images of the light scattering

from the surface of an object. Typical techniques of passive vision contains stereo, structure
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from motion [162] and shape from shading [177].

Installed 3D optical metrology systems are not adequate to provide high-quality metrol-

ogy of small internal surface, except X-ray CT that allows for the measurement of internal

structures with sufficient atomic number difference. For larger structures, the optical metrol-

ogy equipment can fit inside and is becoming more and more important in industry. An

important application is crack inspection, quality control, installation, and even revamping

of an existing pipeline in the oil/gas industry [71]. In this case, the pipe can fit the compli-

cated components of the active optical metrology instruments inside. For smaller structures,

there is a need to rapidly and carefully inspect machined holes in engine manufacturing,

but lack optical 3D inspection technologies that can physically fit inside the structures. An

emerging application is highly accurate and reproducible 3D inspection of tiny threaded

holes [56]. The main function of the threads is to hold different machined parts together,

such as joining the engine block to the head in the automotive industry. Thus, the quality of

the threads and their measured inner profiles are crucial for the engine safety, performance,

efficiency and longevity [45, 56]. There are various sizes of internally threaded holes in the

automotive engine block, most of them are smaller than 1 cm diameter.

State-of-the-art techniques of optically measuring the small inner profile of internal struc-

tures have been developed more for inspection of internal human organs than for internal

machined or fabricated structures. These endoscopic techniques range from conventional

stereo [21], photometric stereo [100, 24], structured light scope [114, 22], time of flight [101],

to 3D shape from motion [130]. In all cases, either the scopes are larger than 6-mm in di-

ameter, or the 3D surface reconstruction is incomplete or at low resolution. Smaller optical

scanning scopes based on low-coherence interferometry and called optical coherence tomog-

raphy (OCT) were also developed for medical imaging [59]. To form 3D surface profiles in

tubes as small as 2-10 mm, a focused laser beam is scanned radially using a spinning mirror

or prism [68]. Although OCT was developed to image below the surface of translucent

biological tissue, the technique can be applied to measuring opaque surface structures with

lateral resolutions in the 10-30 micron range, but with limited depth of focus [128]. With

higher-speed 3D imaging using Fourier domain OCT, new inline inspection applications are

being developed for industry [168], although no 3D surface reconstruction of threaded holes
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in shiny metal has been reported for these OCT techniques. Strong specular reflection of the

shiny metal surface does lead to large artifacts in 3D reconstructions [147]. Moreover, OCT

systems involve a complex (expensive) design of rapid probe rotation has been a barrier of

entry into the high demands (e.g. robustness) for inline manufacturing systems.

Specifically for 3D metrology of small pipes, Yoshizawa and Wakayama [174] developed

a 5-mm diameter laser-scanning probe that strikes a cone mirror to generate a disk-like

beam on the inner wall of the pipe. The reflected light is then captured by camera and

processed with triangulation principle to generate the 3D profile. However, this device is

still large in relation to the internally threaded blind hole in the engine block that could

not accommodate the working range of 15 mm to 40 mm from the probe tip [174].

7.2 Axial-stereo vision

A 3D reconstruction algorithm with a SFE video of internal surface has been developed in

our previous study in medical field based on SIFT features (scale-invariant feature trans-

form) [43, 42]. It does not meet the requirement of high-quality dense reconstruction for

industry application since there are much fewer features in the internally machined metal

parts. In this study, a stereo vision technique was applied to generate the dense 3D model.

Instead of using lateral-stereo (conventional stereopsis), axial-stereo vision [113] was estab-

lished with two SFE images by moving SFE along with the axis of thread hole.

7.2.1 Mathematics model

Stereo vision is an approach to extract 3D information of scene from two digital images that

captured by two cameras with known spatial positions and orientations. Conventional stereo

vision system contains two side-by-side cameras, in a manner similar to human binocular

vision. To satisfy the goals of reducing space, cost, and complexity of examining small

restricted spaces such as a threaded hole, a single SFE (monocular vision) was utilized to

establish an axial-stereo vision by moving SFE along the axis of hole to generate the 3D

model, which had been barely studied [113, 37].

Figure 7.1 shows the schematics of axial-stereo vision. Two cameras are set up as their

optical axis coincided, shown as Z direction in the schematics. And also the X and Y axis
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of these two image plane should be kept paralleled. For a point P(x,y,z) in 3D space, its

projections in two images locate at p1 and p2, respectively. p2’ is the orthogonal projection

of p2 on the image 1. (O1 − C1) and (O2 − C2) is the focal length of SFE fSFE , which

was known from calibration. By knowing the distance of (O1 − C1), the depth information

of P can be calculated in the form of disparity (P2′ − P1), which was obtained by image

processing.

Figure 7.1: The scheme of axial-stereo vision.

From the triangular relationship shown in Fig. 7.1, some equations were satisfied as:

(p2−O2)

(P − Pz)
=

(C2 −O2)

(C2 − Pz)
. (7.1)

(p1−O1)

(P − Pz)
=

(C1 −O1)

(C1 − Pz)
=

(C1 −O1)

(C1 − Pz) + (C1 − C2)
. (7.2)

From equations (1) and (2), the equation of depth of P(z)=(C2 − Pz) was obtained, which

only contain unknown variable of disparity:

Pz = (C2 − Pz) =
(p1−O1)

(p2′ − p1)
× (O1 −O2). (7.3)

The X and Y coordinate of P, represented as P(x), P(y), can be calculated with known focal
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length fSFE :

Px,y =
p2(x, y)

(C2 −O2)
× P (z) =

p2(x, y)

fSFE
× P (z). (7.4)

7.2.2 Disparity Computation

To compute the disparity of the projection of each point in the 3D scene, we have to find

out the corresponding points in the two axial images. In previous studies [42, 43], SIFT

algorithm was used to detect and match the corresponding features. But in the metrology of

internally machined metal hole, there are very limited features available for dense matching.

In this study, we employed block matching algorithm to find the corresponding [164]. For

every pixel in image 2 (see Fig. 7.1), we extracted an n-by-n-pixel block round it and search

around the same location in image 1 over both X and Y directions. The sum of absolute

difference (SAD) was calculated in each block comparison. The block with the minimum

SAD value is the matching one. Once we have the corresponding points, the 3D information

of the scene can be reconstructed by the equations (7.3) and (7.4).

7.3 Dense reconstruction test of axial-stereo

To demonstrate the feasibility of our proposed axial-stereo vision system, the 1.2 mm OD

SFE was attached to a micro-positioning stage, representing a manufacture instrument

that can provide accurate position and orientation of SFE, shown in Fig. 7.2(a). The micro-

positioning stage we used in this study was ULTRAlignTM precision integrated crossed-roller

bearing linear stage, model 462-xyz-m. The position and orientation of SFE was adjusted

so that the optical axis of SFE is perpendicular downwards and coincides with the axis of

thread hole of 8 mm major diameter and 7 mm minor diameter.

The SFE was moving downwards with 0.25mm interval, two images were captured with

size of 608 x 608 pixels, shown in Fig. 7.3. Only the front flank of the threads was captured,

with almost identical thread pattern and limited features in the images. The SFE position of

the right image (Fig. 7.3(b)) was 0.25mm deeper than the one of the left image (Fig. 7.3(a)).
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Figure 7.2: The experiment setup of axial-stereo vision system for internal 3D metrology of
thread block. (a) The SFE was attached to a micro-positioning stage, aligned with the axis
of thread hole. (b) the photographs of SFE (up) and thread block (bottom).

7.4 Result and Discussion

In this study, a block size of 7x7 pixels was chosen to search the corresponding points from

Fig. 7.3(b) to Fig. 7.3(a). The returned disparities of the corresponding points were all

integer-valued and noisy, shown in Fig. 7.4(a). A sub-pixel correction was incorporated

to eliminate the integer-valued discontinuity issue [136], dynamic programming [146] was

applied to eliminate the noise and imaging pyramid [137] was utilized to guide the block

matching, making the algorithm running fast, shown in Fig. 7.4(b). By knowing the dis-

parity of each pixel in the SFE images, the 3D scene would be reconstructed by equations

(7.3) and (7.4). In our study, a total of 164,579 3D points were generated (Fig. 7.4(c)), and

a zoom-in view is shown in Fig. 7.4(d). The triangular mesh could be generated by finding

the neighbor points along the X and Y directions.

All the codes are Matlab implemented, and running on a workstation Dell Precision



91

Figure 7.3: The two SFE video frames were captured with different axial depth (0.25mm)
along the axis of a thread hole of 8mm as major diameter and 7mm as minor diameter.

M4700 with 2.7 GHz Intel i7-3740QM CPUs, 20.0 GB memory. It took 250 sec to generate

the dense 3D model.

The 3D reconstruction result shows very clear threads with texture information since

it is image-based measurement. This is a unique advantage comparing with X-ray 3D

metrology, which only generates geometry information. And also the obtained point cloud

can provide more quantitative quality control and monitoring of tool wear comparing with

current common method of go/no-go contact gauges, which causes heavier workload, lower

efficiency and higher levels of uncertainty depending on the operators skill [56].

The 3D optical metrology result contains a very noisy rim (Fig. 7.4(c)) since the outer

scans of original SFE image were dark, which introduced much noise. Also this axial-stereo

vision system is sensitive to specular reflection, since the block matching is based on pixel

grayscale values. Moreover, only the front flank of threads were captured and reconstructed

in this study, an internal mirror could be placed in front of SFE to see the backside of

threads in the future study.

To quantify the reconstruction result, ICP [11] was employed to align and compare the

reconstructed dense point cloud to the X-ray point cloud (ground truth model) of the same

thread block. The obtained ICP error value was 0.4333mm, which was relatively large. This

error may come from the inaccurate experiment setup and SFE calibration, distortion of
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SFE images, the specular reflection of metal surface, and also the round error of disparity

computation.

Figure 7.4: The 3D reconstruction of two SFE images that captured along the axis of an
automotive thread hole. (a) The disparity map of basic block matching. (b) The disparity
map of block matching with imaging pyramid, sub-pixel correction and dynamic program-
ming. (c) The 3D dense reconstruction of internal threads. (d) The zoom-in view of the 3D
reconstruction showing four clear threads.

By utilizing the axial-stereo vision algorithm, the SFE motion along the axis of a small

internal thread hole (7mm as minor diameter) can generate a high-resolution 3D model,

which demonstrated the feasibility of our proposed axial-stereo metrology method.
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Chapter 8

3D IMAGING OF INNER SURFACE USING FEATURE-BASED 3D
PANORAMIC REGISTRATION

In our previous study [45], an approach was proposed to measure the internal 3D surfaces

with axial-stereo vision algorithm and a SFE of 1.2 mm outer diameter [70]. A dense point

cloud was generated for a few threads from only two forward-view images along the hole

axis. However, the inaccuracy was relatively large compared with the X-ray CT data used

as the gold standard. In addition, the 80-degree field of view (FOV) of SFE could not be

easily expanded to capture the thread profile from peak to valley in order to measure the

inner (minor) and outer (major) diameters. In this chapter, we present a new 3D optical

metrology approach based on machine vision from a small caliper endoscope to measure

small complex internal surface profiles. This approach is formed by utilizing multiview

stereo vision and a new proposed feature-based 3D panoramic registration algorithm. The

3D model of the entire internal surface (360◦) is generated by registering a series of 3D point

clouds, which are reconstructed separately from side-view images of different perspectives

with a multiview stereo algorithm, based on the robust two-dimensional (2D) features and

their 3D correspondences.

8.1 Data collection and categorization

To capture the high topographic relief of internal surface profile, such as the peaks and

valleys of the internal threads, a side-view camera is used in our approach. The side-view

camera provides direct vision of the inner surface of the hole, see Fig. 8.1, which ensures good

and consistent image quality. However, the drawback is that we have to either rotate the

camera or the object to guarantee that all the profiles of the internal surface are captured.

The procedure of scanning the entire hole containing complex internal surface can be

divided into four steps, see Fig 8.1(a): step 1) placing the camera (center) along the axis

of the threaded hole, facing to the side wall; step 2) with the same camera orientation,
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taking a series of images as the camera moves inwards from the opening to the bottom

with constant step distance. We call such sequential images as a “quadrant”; step 3)

repositioning the camera at the hole opening and rotating it along the hole axis at a proper

rotation degree to ensure image overlapped with the previously captured quadrant; step 4)

repeating the steps 2) and 3) until finishing the entire scanning (360◦) of the hole. The

constant step distance and rotation angle are realized by micro-positioning and rotation

stages in the experiment. In this study, the neighbor images that are collected with pure

camera linear motion called an “axial neighbor”, and the ones that are captured with pure

camera rotation are called an “angular neighbor”. During inline manufacturing, the angular

and axial information (camera position and orientation) can be retrieved from industrial

robotic positioning systems. By taking advantage of the known camera pose information,

the 3D reconstruction of the threads is more accurate and efficient since it only needs to

triangulate the 3D point cloud representing the internal surface. There are two ways to

achieve the relative rotational motion between the camera and the straight hole to complete

360◦ scanning. Either rotate the camera within the fixed threaded hole, or to rotate the

hole about the fixed camera. The choice depends on the particular objects to be measured,

work space limitation and implementation convenience.

Due to the use of micro-positioning and rotation stages, the camera position and ori-

entation data can be collected accurately and slowly. By taking advantage of the known

camera pose information, the 3D reconstruction of the threads is accurate and efficient since

it only needs to triangulate the 3D point cloud representing the internal surface, called mul-

tiview stereo [134]. However, processing all the images at once with state-of-art software

VisualSfM [162], OpenMVG or even the customized MATLAB code [42] does not result in

a satisfying 3D reconstruction. The reason is that these quadrants are captured with pure

camera rotation (the baseline is zero) if the camera center is aligned with the rotation axis,

Fig. 8.1(a). For this scenario, the complete 3D model can be reconstructed by stacking all

the quadrants together with known rotation angles. However, we have to consider the real

cases of axes misalignment in the practical applications, see Fig. 8.1(b).

There are three axes in the procedure: hole axis, camera center axis and rotation axis.

The misalignment of hole axis with the other two does not affect the reconstruction result.
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Figure 8.1: Diagram of a full axial scan of an internally threaded blind hole with 90◦ side-
view camera.

However, the misalignment of camera center line and rotation axis could generate geomet-

rical discontinuity once stacking quadrants together directly. In the practical cases, such

misalignment is small and also unknown. Both scenarios of well-alignment and misalign-

ment would generate significant error when triangulating the depth [35], resulting gross

reconstruction error. To avoid this, we propose to use axial sequence images to reconstruct

the 3D point cloud of each quadrant with a multiview stereo algorithm, and the angular

neighboring frames for the 3D registration of neighbor quadrant point clouds. This is one

significance of this proposed feature-based 3D registration algorithm that it can solve high

depth uncertainty problem caused by little camera baseline in vision-based 3D reconstruc-

tion.

To demonstrate the feasibility of our proposed new approach to the 3D optical metrology

of a machined internal structure with small internal surface, an experiment was performed

to generate the 3D point cloud from within a shiny metal object and compare with current

metrology techniques. In this study, an internally threaded blind hole with <7 mm minor
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diameter (M8) was chosen as the test piece (object), Fig. 8.2(a). A relatively large rigid

scope of 5.5 mm OD (Stryker
TM

scope model #502–503–045) was chosen for the ease of a

stable set-up with high-resolution side-viewing capability, Fig. 8.2(b)–8.2(d). Due to the

limitation of this commercial scope and external camera system, it only can achieve 45◦

side-view angle with 60◦ FOV, 1280 x 1024 pixels resolution, and 40 cm working length.

Although smaller rigid and flexible scopes with forward viewing were available, there was

insufficient time to create fixtures using a mirror at the distal tip that fit within the small

size of this M8 hole while preserving FOV of 60◦.

positioning stage test piece

borescoperotation stage

(a) (b) (c)

(d)

illumination 

cable

Figure 8.2: The experiment setup of 3D optical metrology of M8 threaded blind hole with
commercial borescope. (a) The test piece with recessed coarse M8 threads machined in shiny
aluminum metal; (b) a commercial borescope of 45◦ side-view angle and with resolution of
1280 x 1024 pixels; (c) the camera and illumination source of the commercial borescope;
and (d) the experiment setup mounted on an optical breadboard with components of micro-
positioning linear and rotation stages, test piece, borescope and customized scope holders.
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To ensure stability, precision and accuracy, an optical rail was fixed on an optical bread-

board, on which three identical kits of optomechanical components (rail carrier, post and

holder) were set up to hold the rigid scope horizontally, see Fig. 8.2(d). Instead of rotating

and translating the scope that connected to a bulky illumination system, it remained sta-

tionary during the entire experimental procedure. To achieve relative linear translation and

rotation for the full axial and 360◦scanning, the test piece was attached on a high-quality

rotation platform, which was mounted on a micro-positioning stage (ULTRAlign
TM

preci-

sion integrated crossed-roller bearing linear stage, model 462-xyz-m), see Fig. 8.2(d). The

reason for using micro-positioning linear and rotation stages is to get the accurate relative

position and angle data between the test piece and scope, which can be retrieved from

modern industrial robotic systems in future industrial applications.

peak

valley

opening the last thread

(a) (c)(b)

C1 C2 C3

scoring

(d)

the first 
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g

Figure 8.3: Three endoscopic image examples of the internally threaded blind M8 hole from
a rigid medical scope with a 45◦ side-viewing angle. (a) The first frame in a quadrant with
opening of the hole and the first thread labeled; (b) the thread peak and valley, shown as
bright belt and dark area, respectively; (c) the last frame of a quadrant containing the last
thread and the bottom of the blind hole; (d) the diagram showing the camera positions
where (a)-(c) were captured, listed as C1, C2 and C3, respectively.

The image collection starts with placing the scope at the center of the opening of the
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threaded hole and pointing inwards to the hole bottom, after camera calibration with open

toolbox in OpenCV. To guarantee 50% image overlap among the sequential images, the test

piece was moved forwards by micro-positioning stage with known step distance of 0.1 mm in

this experiment. One image was collected by the Stryker
TM

system at each step, Fig. 8.2(c).

A sequence of axial images were recorded, which covers about 60◦ of the threaded hole from

hole opening to the bottom. Figure 8.3 shows endoscopic images of the internal threads, with

clear vision of the peak (curved bright belt) and the valley (dark area just axially beyond the

peak). The similar peak-valley pattern is repeated in the sequence from Fig. 8.3(a)–8.3(c)

as shown in Fig. 8.3(d). The effect of specular reflections is insignificant due to light source

design of the scope and lack of consistency in the sequence of images.

After scanning one quadrant, the test piece was re-positioned so that the scope was at

the center of the opening. For ≥ 50% image overlap between neighbor quadrants, the test

piece was rotated 30◦ using the rotation stage on which the scope was mounted. The same

procedure above was then performed to collect a set of axial images for the second quadrant.

By repeating this, 12 sets of sequence images were recorded for the 360◦ scanning of the

entire hole.

8.2 Feature-based 3D registration for two point clouds

8.2.1 Iterative Closest Point (ICP)

3D surface reconstruction has been widely used in fields of industrial design, reverse en-

gineering, surface defect inspection, manufacturing, virtual reality and even homeland se-

curity. Various optical 3D surface reconstruction methods have been developed, such as

time-of-flight [3], structured-light [47], laser scanning [7], structure-from-motion [87], multi-

view stereo vision [54] and etc. These 3D reconstruction methods create different 3D point

clouds of various density, efficiency and accuracy. A common attribute is the generation

of partial surface of the scanned object or scene in general cases due to the limited field

of view of the camera/sensor. To build a complete surface, the 3D surface acquisition sys-

tem needs to be moved around to capture all the parts of the object/scene from different

perspectives. 3D geometrical registration of all of these point clouds, that are created from
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different perspectives, into the same coordinate system is one of the most important and

critical steps in 3D reconstruction. The most widely used method for registering 3D point

clouds is called ICP [11].

With a proper initial rough alignment and sufficient overlapping 3D points, ICP algo-

rithm obtains an optimal registration solution by minimizing the distance between point-to-

point correspondences, known as closest point, in an iterative way [11]. The output of ICP

algorithm is a 3D rigid transformation matrix (combination of rotation and translation)

from source point cloud to reference cloud such that the root mean square (RMS) between

correspondences is minimal. Many improved ICP algorithms have been proposed and stud-

ied since introduction of ICP [111]. Different with point-to-point approach, point-to-plane

ICP minimizes the sum of the squared distance between a point in the source data and

the tangent plane at its correspondence point [20]. Both of the point-to-point and point-

to-plane ICP approaches require a good initial coarse alignment, which may be performed

manually. Mian et al. developed an automatic pairwise registration of 3D point clouds by a

novel tensor representation, which represents semi-local geometric structure patches of the

point clouds [84]. Although ICP has become the most popular method for 3D registration,

there remains a fundamental problem of ICP-based methods. They do not work well for the

3D registration of plane, cylinder and other objects with repetitive geometric structures.

One solution to this problem is by attaching reference marks (RM) on the object [33]. How-

ever, the RM methods require preparation work before 3D scanning, and also they are very

limited to complex and rough surfaces.

To solve this repetitive geometry issue, a feature-based 3D registration algorithm is

proposed in this study to align two point clouds that are generated by vision-based 3D

reconstruction, such as SfM, multiview stereo and structured-light scanning. To take ad-

vantage of the 2D texture image of the object, features are detected from the texture images

and matched to find the 3D correspondences between the two point clouds, with what 3D

registration is much simplified. In this study, a test is performed with multiview stereo

vision data. Performance evaluation of our proposed method and ICP-based ones (point-to-

point, point-to-plane and Mian’s) is performed. The comparison result demonstrates that

the proposed method works for the alignment of repetitive geometries and performs more
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accurate, efficient and robust than ICP-based methods for this example case.

8.2.2 Feature-based 3D registration algorithm

Input: 3D point cloud data P1, P2

and their texture images I1, I2

SIFT feature detection and matching on I1

and I2 to find 2D correspondences (f1 & f2)

Based on (f1 & f2) pair, finding the 

3D correspondences (Q1 & Q2) from 

point cloud P1, P2

Calculation of the transformation 

matrix M with the known 3D 

correspondence (Q1, Q2)

Applying rigid transformation M on 

the entire source point cloud

Figure 8.4: The flow chart of the proposed feature-based 3D registration algorithm

Fig. (8.4) shows the flow chart of the proposed feature-based 3D registration algorithm,

which follows a similar principle as the RM method, but with the ability to automate and

generalize using computer vision. Instead of manually attaching physical reference markers

on the object surface in RM, our approach detects the unique “markers” (features) from

the 2D texture images. By using advanced computer vision algorithms of feature detection

and matching, pairs of corresponding feature points are collected. In this study, SIFT [78]

detection algorithm was applied to find the unique “markers” from each texture image;

RANSAC was used to select the robust matching feature pairs by calculating the Euclidean

distance in SIFT descriptor space. The 3D coordinates of these correspondences can be

easily retrieved from the 3D point clouds. 3D registration problem is then much simplified
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by only calculating the rigid-body transformation matrix between these 3D correspondences.

Unlike the RM method, our approach does not require any preparation work before scanning

and is not limited to complex surface or working space.

Given a set of N axial images for the ith quadrant Ii = {Ii1, Ii2, ..., IiN} that are captured

by linear motion of camera in one quadrant, feature detection and matching algorithms are

applied to find the corresponding points in the image set. Let Fi represent all the features

that are detected from Ii, and Gi for the features used in the 3D reconstruction. Gi is a

subset of Fi, Gi ∈ Fi, since not every feature in an image has correspondences in its axial

neighbors. With a priori knowledge of camera extrinsic parameters, two 3D point clouds

representing these two quadrants can be generated independently by the multiview stereo

vision technique, see the details in [134].

In this experiment, 155 axial images were captured for each quadrant covering the range

from the opening through the bottom. Here, we utilized state-of-art software VisualSfM

[162] for the processing and visualization for each quadrant, shown in Fig. 8.5, with label

of the opening of threaded hole, and the start and end of the threads. The colorful straight

line in Fig. 8.5 is the series of camera positions of the line of these axial images as the

micro-positioning stage moved inwards.

the first thread

cameras

the last threadthe opening of hole scoring 
(no threads)

Figure 8.5: The 3D reconstruction of one quadrant of the recessed internally threaded hole
from a sequence of axial images with known camera position and orientation.
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To register two neighbor (ith and jth) quadrants together, we apply the same feature

detection and matching algorithm on the angular neighbor pairs to find the corresponding

features between these two quadrants. These correspondences are used for our proposed

feature-based 3D registration that labeled as Hi,j and Hj,i, respectively. Hi,j represents all

the features in Fi that have correspondences in Fj , so Hi,j ∈ Fi. Here, for the common

features that are used in both 3D reconstruction and registration between ith and jth

quadrants, let Pi,j represent their 3D coordinates in the ith quadrant coordinate system.

The sizes of Pi,j and Pj,i are the same as 3 × m, where m is the total number of 3D

correspondences in ith and jth quadrants. To register the ith quadrant data (source) to

the jth one (reference), we have

RP k
i,j − t = P k

j,i, (8.1)

for kth pair of 3D correspondence, k = 1, 2, ...,m. In Eq. (8.3), Pi,j and Pj,i are known; R

is a 3×3 rotation matrix from the coordinate system of the source data to the reference.

Strictly speaking, det (R) = 1. t = [tx, ty, tz]
T is the translation vector. By subtracting off

the respective mean Pi,j from data Pi,j , the effect of the translation vector t is eliminated.

Considering this is an over-determined problem, rotation R can be solved by:

min ‖RY1 − Y2‖2 (8.2)

where Yi = Pi,j −Pi,j . R can be obtained by taking the singular value decomposition of the

covariance matrix Y2Y
T
1 , and t can be calculated by t = RPi,j−Pj,i. So far, the registration

of these two point clouds is achieved by applying rotation R and translation t on the entire

source point cloud.

8.2.3 Comparison of feature-based registration with ICP methods

To evaluate our proposed feature-based 3D registration algorithm, performances of our

method and standard ICP-based (point-to-point, point-to-plane and Mian’s) methods are

compared. The visualization of the registration results are shown in Fig. 8.6. The initial

alignment is shown in Fig. 8.6(a) by stacking two quadrants together directly. The obvious

“discontinuity” of the two point clouds is caused by mis-alignment between camera center
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and hole axis in the practical setup. Since these two point clouds were nearly identical and

repetitive in geometry, all the ICP-based methods result in a complete overlapping model,

see Fig. 8.6(c–e). These ICP results are completely wrong even with root mean square

(RMS) error of only about 0.088 mm, see Table 8.1. In contrast, the proposed feature-

based 3D registration algorithm produced a qualitatively better result, see Fig. 8.6(b), with

a rough 30◦ rotation angle and geometrical continuity.

(a) (b)

(c) (d) (e)

Initial alignment

Mian’s methodPoint-to-planePoint-to-point

Our method

Figure 8.6: The comparison of 3D registration results by our proposed feature-based method
and popular ICP approaches, showing with top and side views.

To better understand the significance of the proposed feature-based 3D registration

algorithm, two tables were created with more details of the performance comparison of
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Table 8.1: The comparison of our method and ICP approaches

error of rota-

tion angle (◦)

computation

time (sec)

RMS of regis-

tration (mm)

our method 2.4 0.001 0.138

point-to-point

ICP

26.7 1574 0.088

point-to-plane

ICP

26.0 1186 0.088

Mian’s method 22.2 78 0.087

our method and ICP-based approaches. Table 8.1 shows that our method generated 2.4◦

error (8%) for the estimation of rotation angle (we consider 30◦ is the ground truth). All

three ICP-based methods generated more than 22◦ error ( 74%) for the rotation angle

estimation. Among ICP-based methods, Mian’s performs slightly better than the other

two. The performance of point-to-point and point-to-plane methods are very close, except

computation time. Moreover, our method is much faster than ICPs, allowing over 50,000×
improvement by only calculating a rigid transformation with known 3D correspondences.

Table 8.2.3 shows the comparison of the robustness of our method and standard ICP-

based methods. Five independent tests were performed, following by the same flow chart

but with different quadrants data of the internal threads. The comparison result shows that

our method keeps a very low estimation error of the rotation angle within a threaded hole.

All the algorithms were implemented in MATLAB, running on a Dell Precision 5510 with

2.8 GHz Intel E3-1505M CPUs, 32.0 GB memory in a 64-bit Window operating system.

This proposed feature-based 3D registration method can be used for the registration

of point clouds that are not just generated by multiview stereo 3D reconstruction, but

also for other vision-based 3D reconstruction techniques, such as structured-light scanning.

The texture images of the object or scene from different perspectives can be generated

by three-step phase-shifting algorithm [48]. The same as our proposed approach, feature
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Table 8.2: The rotation angle evaluation of our method and ICP-based approaches with
multiple tests (◦)

our method point-to-point ICP point-to-plane ICP Mian’s method

test 1 5.51 28.69 27.98 22.46

test 2 2.44 26.70 26.02 22.16

test 3 4.05 30.27 30.53 18.71

test 4 3.24 27.45 27.45 24.09

test 5 3.10 26.18 26.39 23.29

avg. 3.67 27.86 27.86 22.14

std. 1.18 1.64 1.78 2.06

detection and matching are performed to find the 2D matching features, based on which

3D correspondences are retrieved from individual 3D model at each view. Moreover, this

proposed method can be also used to improve the SfM 3D reconstruction. Different with

multiview stereo, SfM doesn’t require camera information. It estimates all the camera

parameters and 3D scene simultaneously by solving a non-linear, non-convex optimization

problem [46]. With little camera baseline and therefore high depth uncertainty, the non-

convexity of SfM may generate a completely unacceptable 3D model. The strategy proposed

here of classifying images as two categories, one for 3D reconstruction and the other for 3D

registration, can be used to eliminate the effect of little camera baseline issue.

8.3 Feature-based 3D panoramic registration algorithm

In the above work, a feature-based 3D registration algorithm is proposed to solve the repeti-

tive geometry issue for the point clouds that are generated by vision-based 3D reconstruction

techniques. To register all the quadrants together, a panoramic registration algorithm is

proposed based on Section 8.2 to achieve the registration of these highly similar quadrants

from 360◦ scanning into an accurate 3D surface reconstruction by taking advantage of the

robustness of image features and their 3D correspondences.

With the same notation in Section 8.2, we have the transformation between two neighbor
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(ith and jth) quadrants as:

Ri,j(Pi,j − Ci,j) = Pj,i, (8.3)

for each corresponding 3D point, where Pi,j and Pj,i are known, Ri,j is a 3×3 rotation matrix,

and Ci,j = [Cx
i,j , C

y
i,j , C

z
i,j ]

T is the linear offset of the two coordinate systems of different

quadrants. It is an over-determined problem for the three variables Ci,j in Eq. (8.3), since

there are more than 3 correspondences between two neighbor quadrants with ≥ 50% image

overlap. Considering that the rotation angles among neighbor quadrants are identical, R

was used to replace Ri,j in Eq. (8.3) for simplification. So the 3D registration for each

correspondence pair is:

RP 1
i,j − P 1

j,i = RCi,j

RP 2
i,j − P 2

j,i = RCi,j

...

RP
mi,j

i,j − Pmi,j

j,i = RCi,j

(8.4)

where mi,j is the total number of the correspondence pair in ith and jth quadrants. By

putting the left side of Eq. (8.4) into a column vector b with 3×mi,j entries, and concate-

nating multiple R’s vertically into R̄, then we have R̄i,jCi,j = bi,j . Solving C for each pair of

neighbor quadrants initially appears independent from other quadrants from this equation.

However, we have to consider the scenario in this study of 360◦ scanning, which means the

last quadrant shares image overlap with the first one. Suppose there are k quadrants in the

scanning, we obtain,

R̄1,2C1,2 = b1,2

R̄2,3C2,3 = b2,3

...

R̄k−1,kCk−1,k = bk−1,k

R̄k,1Ck,1 = bk,1 .

(8.5)

Notice that Ck,1 = −C1,k = −(C1,2 + C2,3 + ... + Ck−1,k), Eq. (8.5) can be written into
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matrix form, we have:

R̄1,2

R̄2,3

. . .

R̄k−1,k

R̄k,1 R̄k,1 R̄k,1 . . . R̄k,1




C1,2

C2,3

...

Ck−1,k


=



b1,2

b2,3
...

bk−1,k

−bk,1


. (8.6)

Let R̂ represent the coefficient matrix in Eq. (8.6) and b̂ for the vector of constant terms,

resulting in 
C1,2

C2,3

...

Ck−1,k


= (R̂T R̂)−1R̂T b̂. (8.7)

Since R is a full rank rotation matrix, the concatenating matrix R̄ is full rank too. Thus,

R̂ has full rank, then (R̂T R̂)−1 exists. By solving C1,2, C2,3, ..., Ck−1,k from Eq. (8.7),

all the quadrants can be registered together to generate the entire hole inner surface after

transforming to the same coordinate system.

8.3.1 3D reconstruction result

Repeating the reconstruction of each quadrant, see Fig. 8.5, the point clouds of 12 quadrants

were generated separately, which contain different total numbers of 3D points. In our

experiment, there were about 12,000 points generated to represent each quadrant. In the

case that the rotation axis aligned with camera centers perfectly, all the quadrants can be

directly stacked together after pure rotation. However, maintaining this accurate alignment

is impractical for in-line manufacturing. Trying to achieve accurate alignment manually

in our setup results in the direct stack of multiple quadrants labeled in different colors in

Fig. 8.7(a) and 8.7(b). To register all quadrants together, the standard approach using ICP

didn’t work well for this case, due to the repetitive geometries issue, see Section 8.2. Our

proposed feature-based 3D panoramic registration was applied to take advantage of the high

accuracy, robustness and distinguishability of SIFT features. With known rotation angle,
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the calculation was simplified as illustrated in Eq. 8.7 to solve the mis-alignment problem

between the rotation axis and camera centers. The final registration is an improvement over

the direct stacking method, as shown in Fig. 8.7(c) and 8.7(d) with the top and front views.

(a) (b) (c) (d)

Figure 8.7: The 3D reconstruction result of entire scored (upper) and threaded portion of a
blind hole with and without feature-based 3D panoramic registration algorithm. (a) and (b)
show the top and front views of the reconstructed model by direct stacking without registra-
tion, respectively; (c) and (d) show the top and front views of improved 3D reconstruction
with feature-based registration, respectively.

Figure 8.7(c) shows that there were a few outliers existing in the final registered 3D

model, which might be caused by incorrect matching feature pairs. In this study, a statistical

filter [85], which is based on the spatial distribution of each point, was applied to improve

the quality of reconstructed model by identifying and trimming these outliers. Specifically,

a mean distance for each point to its 30 nearest neighbors was computed in our study. With

the assumption that the mean distances for all the points exhibit a Gaussian distribution

with a mean and standard deviation. The points whose mean distances are 3× standard

deviation larger than average were considered as outliers and removed from the final model,

shown in Fig. 8.8(a) and 8.8(b).

All the software were run on a notebook Dell Precision M4700 with 20.0 GB memory

and 2.7 GHz Intel i7-3740QM CPUs in a 64-bit Window operating system. The 3D recon-

struction of each quadrant took about half an hour in C++; the 3D registration required
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about 24 minutes to generate the entire hole; and noise reduction by statistical filter took

1.4 seconds to clean the outliers with an open source of Point Cloud Library.

8.3.2 Data comparison with X-ray CT

With 45◦ side-view camera, the back flank of each thread was not fully visible and not

recorded. Therefore, the reconstruction of the entire hole only showed a representative

model of the front flank of the threads, see Fig. 8.8(a). This lack of data may not be

critical. To validate the feasibility of our approach to be a potential in-line measurement

tool, several important thread parameters (minor diameter, major diameter and pitch) must

be measured in the virtual 3D space and then compared with non-contact X-ray CT data.

Minor diameter is defined as the minimum diameter of the threads and major diameter

is the largest one; pitch is the axial distance between two neighbor threads. In this data

analysis, the M8 coarse hole parameters were listed in Table 8.3 as a reference.

(b) (c) (d)(a)

Figure 8.8: The comparison of X-ray CT and our metrology method on minor and major
diameters based on 3D point clouds of internal threads. (a) our generated 3D point cloud
after statistical filter; (b) the measurement of minor (red) and major (yellow) diameters by
calculating the smallest and largest distances from the projected 2D points to the center; (c)
the X-ray data of the same internal threads with front and back flanks; (d) the measurement
of minor (red) and major (yellow) diameters by calculating the smallest and largest distances
from the projected X-ray data to the center.

To measure the minor and major diameters from the 3D point cloud, only the internal

threads beyond the scored bore opening is utilized for the following data analysis and

comparison. Our reconstructed threads are projected to polar plane that is perpendicular
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to the axis of the hole, see Fig. 8.8. The center of this projected 2D point set is calculated

by fitting a circle on it. The minor radius of the hole was the smallest distance of the center

to each projected point, labeled in orange; and the major radius corresponds to the largest

distance, labeled in yellow, see Fig. 8.8(b). The same analysis was performed on the X-ray

CT data with the result shown in Fig. 8.8(d). In the data acquisition procedure with X-ray

CT, the test piece is positioned on a precision rotational stage. The X-ray light source

generates a conic beam of electron that penetrates the test piece and is collected by a 2D

detector as a Digital Radiograph image. During the rotation of the test piece at a constant

step, a sequence of radiograph images is collected. In our study, the X-ray data collection is

performed by X5000 CT scanning system (North Star Imaging Inc.). The 3D point cloud is

generated by a commercial software efX-ct with its default iso value. Iso value is a number

between 0 and 1, representing the intersection point where the surface will be generated

based on density values within the volume. A surface is defined as a transition between two

densities of materials.

Table 8.3: The measurements of minor diameter, major diameter and pitch of the threaded
M8 hole with X-ray CT and our method compared to the thread specification.

minor diameter major diameter pitch

X-ray CT with default iso 6.866 mm 8.145 mm 1.249 mm

our method 6.667 mm 8.539 mm 1.255 mm

M8 coarse specification 6.647 - 6.912 mm 8.000 - 8.340 mm 1.250 mm

Table 8.3 lists the measurement results of minor diameter, major diameter and pitch with

X-ray CT and our method compared to the M8 specifications. All measurements of minor

diameter were within the M8 specified range. Our method generated a -2.9% difference

against the X-ray CT. For major diameter, the measurement result of our method generates

+4.8% against with X-ray data. The measurement results of pitch of X-ray CT and our

method are consistent with the manufacture standard of 1.25 mm for a M8 threaded hole,

with error of -0.001 mm (-0.08%) and +0.005 mm (+0.4%), respectively.

As mentioned above, iso value is the threshold to distinguish material and non-material
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within the volume. In our case, lower iso value may capture surrounding air as the metal

threads; higher iso excludes materials within the threads. Therefore, different iso values

generate various measurement results of minor and major diameters. Table 8.4 lists the

comparison of the measurement results with different iso values. We can see that lower iso

creates smaller minor and major diameters; while larger iso value “erodes” the material and

generate larger diameters.

Table 8.4: The comparison of the measurement results with different iso values.

iso value minor diameter major diameter

2 6.467 mm 8.036 mm

4.83 (default) 6.866 mm 8.145 mm

4 6.850 mm 8.128 mm

8 6.933 mm 8.207 mm

Further analysis was performed between our method and X-ray CT for the similarity

comparison of two point clouds. X-ray CT generated a dense 3D point cloud of the whole

test piece including the external surface, since radiation X-ray can penetrate the entire

object. The 3D point density of our reconstruction result varies across regions of thread

peak, flank and valley, see Fig. 8.8(a). Because our optical reconstruction is based on 2D

feature points, which distribute unevenly on the endoscopic images. More specifically, there

is higher density of SIFT features on the peaks than valleys with a lack of features on the

visible flanks observed at 45◦ side-viewing perspective. In contrast, the obtained X-ray

point cloud had a more uniform 3D distribution of points on the threads surfaces of peak,

valley and flank, see Fig. 8.8(c).

8.4 Discussion and conclusion

This study proposed a new approach for the 3D optical metrology of small holes with com-

plex and repeating side-wall geometries using machine vision technique and feature-based

3D panoramic registration. Due to the size limitation of the small object, the traditional
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metrology methods do not work well [55, 150, 174, 56], except X-ray CT. However, X-ray

CT approach is infeasible to in-line measurement of small threaded holes in thick metal

blocks. As mentioned above, rotation and linear motions are performed on the test piece,

the scanning process takes about one hour for a complete and fine scan of our small test

piece. It will take much more time for thick engine blocks, so that it is not feasible for prac-

tical applications. In our approach, a side-view medical scope was utilized to capture the

high topographic relief of the internal surface profiles of the machined spiral thread. How-

ever, this required a complete rotation of the camera view within the blind hole. The point

cloud of entire threaded hole can be generated by stacking all the reconstructed quadrants

together directly with the assumption that the rotation axis passed through camera center.

The existing outliers in the stacked model were then trimmed by statistical filter based on

their spatial distribution. The comparison among the final reconstructed point cloud and

X-ray CT data validated the feasibility of the proposed approach to be a potential method

for the 3D optical in-line metrology for these small internal surface profiles in metal.

Although, a 45◦ side-view scope was used in the case study experiment, any wide-angle

side-viewing scope could be used as long as the valley was clearly resolved with image based

features to measure major diameter. By analyzing images acquired with a right-angled

mirror at the distal end of a forward viewing scope, such as a rigid commercial scope or

the smaller flexible SFE, this 90◦ side-view appears to generate a more unbiased (centered)

distribution of image features at the bottom of the valleys, where both flanks are visible, see

Fig. 8.9. A commercial scope of 2.9 mm OD and a 45◦ tilting mirror were used to capture

the internal threads with 90◦side-viewing angle, see Fig. 8.9(a). However, part of the scope

itself was shown in the image due to the large size and small FOV. With SFE of 1.2 mm OD,

internal threads were clearly shown without obstruction in Fig. 8.9(b). Both images show

a more unbiased axial distribution of features with camera orientation like Fig. 8.1 versus

Fig. 8.3(d) that are used in this study. In the experiment, 0.1 mm step distance was chosen

as the camera moves inwards to maintain ≥ 50% image overlap. Different size of the step

can be utilized depending on camera orientation, FOV, and the size of hole. With larger

camera FOV or larger hole, larger step distance can satisfy the image overlap requirement,

resulting in fewer images that need to be collected and processed. This refinement would
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dramatically decrease the computation time in both reconstruction and registration.

(a) (b)

Figure 8.9: The 90◦ side-view images of internal threads with commercial scope and SFE, the
red dots represent the detected SIFT features, which show unbiased feature distribution.
(a) Endoscopic image with forward view 2.9 mm OD rigid scope and 45◦ tilting mirror.
Part of the scope with ring illumination is shown on the left, and (b) endoscopic image with
flexible 1.2 mm OD SFE. For image clarity, red-dot feature density has been reduced by
10× in (a) and 2× in (b).

In the practical application of quality control of the internal threads, Go/no-Go gauges

are used as the gold standard to judge “Yes/No” for each dimensional parameter of the

threaded hole. This binary decision can be automated to perform rapidly but with a major

flaw from a data perspective: each parameter can only be defined to be within lower and

upper bounds (Go and no-Go), instead of a specific value. The definition of the bounds

highly depends on the interval of the gauge size. With the 3D point cloud that is generated

by our approach (or X-ray CT), future work is to measure these parameters in the virtual

space by a virtual gauge. The generated 3D point cloud can provide graded parameter values

instead of a range. Moreover, point defects like pores, chips, and cracks on the internal

thread surface can be detected from the dense point cloud, which cannot be achieved by

Go/no-Go gauging. The advantages of using our approach to currently used metrology:

1) ability of non-contact inspection; 2) accessibility of variable data; 3) independence to

operators’ skills; 4) high automatability; 5) low labor and maintenance cost; 6) potential
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high efficiency with high-power computer; 7) feasibility of in-line metrology; and 8) vision

of the threaded surface for point, line (scratch) and spectroscopic (color) inspection. Direct

vision is a big advantage of our method comparing with other technologies that are currently

feasible for the 3D metrology of small internal surface: X-ray CT [95], OCT [128, 168] and

laser ring beam scanning [174]. Duplicating human vision has a long term major advantage

because that this can harness the incredible capabilities being generated in computer vision

and machine learning using deep neural networks for Artificial Intelligence (AI) analyses

[66]. Moreover, vision provides an efficient and robust feature-based tool for registration

and comparison among multiple 3D reconstructions.

Future work on advancing our approach will solve several limitations listed below. 1)

During the image collection, accurate camera position and rotation are demanded for the

3D reconstruction of each quadrant. By applying bound constrained bundle adjustment

(BCBA) algorithm [46] with prior knowledge of the accuracy and precision of industrial

robot behavior using a pre-calibrated inspection scope, our approach can be improved to

handle the real-world scenario of inaccurate camera poses. BCBA can also be used to

solve the registration problem if the relative rotation angles among different quadrants

are inaccurate or even unknown. 2) The image collection of multiple quadrants requires

multiple times for the camera to move inwards and outwards, which increases the time

and complexity in practical applications. This may be solved by utilizing a cone mirror [18]

placing in front of a forward-view camera. At each axial position, one frame is captured with

side-view on the 360◦ wall of the hole. Another advantage of this design is that it avoids the

3D registration of multiple quadrants, which may result in more accurate and efficient 3D

surface model formation. The drawback is that a new feature detection algorithm is required

for axial images, and also a more complex calibration method is needed for camera/mirror

setup. 3) Higher density point clouds are needed, especially at the surface extremes (peaks

and valleys) used for dimensional metrology in this application. The state-of-the-art dense

multiview stereo technique may dramatically increase the density of the final point cloud

with s-t cut optimization and visibility and photo-consistency constraints [149].
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Chapter 9

CONCLUSIONS AND FUTURE WORK

The focus of this dissertation research is 3D computer vision algorithm development for

specific applications in biomedical and industrial area.

9.1 Summary of dissertation work

All the three projects in this dissertation research have some commonalities. First, all of

them require 3D reconstruction based on endoscopic images; the accuracy requirements

of the reconstruction results are different. The automated bladder surveillance system

only needs a 3D panoramic view to assist the urologist achieve a complete scan. The 3D

reconstruction of surgical field of brain tumor cavity has higher requirement of the accuracy,

since the reconstructed 3D coordinates of the tumor cells are passed to the automated

surgical robot (RAVEN) for the following tumor ablation path generation and etc; 3D

metrology of internal threads require the most accurate 3D point cloud (tens of microns)

for the quality control of internal threads hole in engine blocks.

The second common thing is that all 3D reconstruction approaches take advantage of

the “known” camera extrinsic parameters that the robotic system provides. The multi-

segmented flexible robot in the automated bladder surveillance system couldn’t provide

the poses of the cameras, but it performed as a spiral pattern. This information could

be utilized to simplify the procedure of finding the lateral matching frames [130, 170].

RAVEN II surgical robot provides very high degree of dexterity, precise cutting, and accurate

navigation with surgeon-assisted visual feedback, but the pose information of cameras that

RAVEN system obtains was inaccurate due to the mechanical slack or stretch in cable. By

utilizing the external stereo vision track system, an accurate 3D model was generated. The

accurate 3D model also can be achieved by using the bound constrained 3D reconstruction

algorithm, BCBA, as long as we known the error range of the RAVEN robot arm.
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One different thing among these three applications is the 3D reconstruction algorithms.

The biomedical applications (bladder and brain) found the SIFT features from multiple en-

doscopic images, and refine their 3D coordinated by using an optimization algorithm, bundle

adjustment. This kind of reconstruction resulted sparse point cloud from these biomedical

images. Whereas the 3D metrology for the surface of small internal threads hole requires

not only high accuracy but also dense mapping. The endoscopic image of the threads sur-

face contains very limited features. Block matching finds the dense correspondences by

calculating minimum value of mean square error.

9.2 Future work in 3D Optical Metrology

The other future work of this dissertation research is to generate dense 3D point cloud and

meshes for 3D optical metrology of small internal surface, such as <7 mm minor diameter

threads hole. Nowadays, there are two main approaches for small hole metrology in industry.

The most common one is to inspect the holes with mechanical contact gauges. It is simple

but with many disadvantages, such as cost, mechanical wear and etc. The other common

way is to use X-ray CT, but it is not feasible for in-line quality control due to its time

expense.

In Chapter 7 and Chapter 8, two 3D optical metrology algorithms were developed, one

is based on forward-view axial-stereo vision for dense reconstruction of a single thread; the

other one is based on side-view sparse 3D reconstruction for entire hole.

To achieve complete and dense 3D scan of a hole, one approach is to process multiple

axial-stereo images. Instead of using two frame, multiple images are collected as the scope

moving towards to hole bottom along the hole axis, see Fig. 9.1. A single 3D point on the

threads has multiple projections on these axial-stereo images. Same to conventional multi-

view stereo, the surface can be retrieved by computing a cost function on a 3D voxel [123].

To generate the 3D dense reconstruction of entire threaded hole, there are several factors

need to be considered:

• The experiment setup

How to align the optical axis, axis of motion and the threads hole axis? From the
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Figure 9.1: As the SFE moves along the axis of hole that is aligned with the optical axis,
multiple images are captured with their pose information recorded by industry robot. Noise
and mismatching problematic issue could be reduced by this multi-view stereo approach.

mathematics model that introduced in [44], it is not necessary to have these three

axis aligned, but good alignment can simplify the algorithm and also improve the

robustness. The reason is that with good alignment, the corresponding points in

different images can be easily located. This can narrow down the search window,

reduce noise and prevent the effect of similar points in other regions. This alignment

issue can be solved by using three linear motion stages and two tilt adjustment stages

[56].

• Image acquisition

By continuing using the SFE, the distortion of SFE image should be corrected before

3D reconstruction. This distortion can be dramatically reduced by non-parametric

distortion correction algorithm [9]. Fig. 9.2 shows an example1 of the application of

non-parametric distortion correction on the SFE image.

• Motion error

As the SFE moves along the axis of threads hole, the motion may affect the recorded

images. There are two reasons causing motion blur. One is because of the imaging

frequency of the SFE (30fps), this is conventional motion blur which also happens on

1cite from Dr. Tim Soper’s Ph.D dissertation [129]
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Figure 9.2: Example SFE images before and after nonparametric distortion correction.
Images are paired column-wise. The first pair (a&d) are from an SFE probe that exhibits
only a modest level of distortion. The remaining image pairs (b&e and c&f) are from an
SFE probe with a more appreciable level of central scan distortion.

other imaging system. Many algorithms have been developed to solve this issue, such

as Richardson-Lucy algorithm. The other one unique for the SFE. It is the dynamics

effect of motion on the scanning fiber in the SFE. To solve the unique motion blur,

we may calibrate the “the scope with motion” with the non-parametric distortion

correction algorithm. The dynamic of industrial robotics system is known, based on

which an experiment can be set up to simulate the motion in the real manufacturing

environment with a translation motor.

• Back flank

There is only the front flank of threads being captured by axial-stereo in the study

[44]. To imaging the back flank, a small mirror can be placed at the bottom of the

threads hole Fig. 9.3. The SFE image may capture the front flank only, the back flank
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Figure 9.3: The scheme of SFE imaging of front and back flank by placing a mirror at the
bottom of the threaded hole. The SFE is moved along the axis of threads hole by robot to
image front and back flanks evenly. The orange represent the reflectance of front flank, as
well as the purple stands for the back flank reflectance. The change of the SFE location
causes the amount change of front and back flanks captured. As SFE move downwards,
more back flank is captured.

only or both, depends on the location of the SFE and the FOV angle. Fig. 9.3 shows

the case that the SFE captures both front and back flanks. The orange represent

the light reflected by the front flank is captured, as well as the purple represents the

reflectance of the back flank. Note that the alignment of optical axis, motion axis

and hole axis affects the image acquisition of front and back flanks. With the mirror

approach and large FOV, the entire surface of the threads can be captured as the

endoscope move in and out of the threads hole.

• Computation time

The computation time is critical to industry applications. Besides improving the

algorithm itself, using different programming language can achieve much higher com-
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Figure 9.4: Examples of the SFE images of back flank of the threads. The left image only
shows the back flank, the right one shows the back flank and also the front one.

putation efficiency. Instead of using MATLAB for the previous three projects, C/C++

software will be developed in the future work, partially implemented with CUDA for

the parallel programming. CUDA has great advantage for such pixel-by-pixel compu-

tation.

9.3 Future work in 3D Image-guided Surgery

9.3.1 Dense 3D Mapping

The current 3D reconstruction of the surgical field for brain tumor removal is based on sparse

features (SIFT) that were detected from endoscopic images. The 3D surface is generated by

fitting spline through these generated sparse 3D points [41, 42, 58, 57]. Surface fitting may

cause the reduction of geometrical details, which effects the accuracy of 3D reconstruction.

To deal with this problem, a dense 3D point cloud representing the surgical field is required.

The same as the future work in 3D metrology, image distortion correction is the preparation

work, which can be achieved by non-parametric distortion correction algorithm.

3D dense point cloud of surgical field can be generated by multiview-stereo algorithm

that can be classified as four categories [123]: 1) a cost function on a 3D volume is computed,

from where a surface can be extract; 2) Evolving a surface iteratively to minimize a cost
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function, such as space carving [67]; 3) 3D scene is reconstructed by consistency constraints

among a set of depth maps; 4) fitting surface through sparse 3D point cloud, the one we

used in the current reconstruction.

9.3.2 SLAM of the surgical robot

SLAM (simultaneous localization and mapping) is a computational problem in robotics to

recover the 3D structure of the environment and also the 3D coordinate of sensor. By using

Kalman Filter, the camera pose and the 3D structure can be well estimated iteratively as the

robot moving around. The current camera pose can be measured by RAVEN system. The

estimation of the camera pose can be converged well by Kalman filter even this measurement

is inaccurate.

The advantage of implement SLAM is to improve the efficiency of the 3D reconstruction.

With a good estimation of newly added camera pose, the 3D structure can be generated

more efficiently than the conventional way since we have a good initial guess of the camera

pose. The refined camera pose that calculated by bundle adjustment can be used to refine

the Kalman filter in the next iteration.
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