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Bioengineering

Mobile health techniques aim to deliver healthcare remotely and wirelessly using surging
computing power and mobile connectivity. The commercial smartphone is naturally
becoming a popular partner device due to its computing/communication capacity and built-
in sensors, such as the camera, microphone and touch screen modules. Among these
sensing units, the camera is experiencing extensive technical iterations and nowadays
capable of delivering medical-grade imaging, which fashioned a foundation for an
important branch of mobile health techniques: the smartphone-enabled imaging from afar.
The main goal of this thesis is to develop augmented smartphone-enabled imaging
techniques and apply them in health evaluation. To achieve the augmentation, intrinsic
medical information will be mined from the regular vision data stream, including
smartphone photographs and videos. Firstly, smartphone-enabled multispectral imaging

will be developed based on the snapshot RGB-mode photography. Corresponding system



and method will be applied and tested in detecting chromophores in human tissue. Then,
this technique will be expanded to realize smartphone-enabled multispectral fluorescence
imaging to detect porphyrins to estimate the bacterial contamination within skin tissue and
oral cavity. Further, smartphone-enabled multispectral remote photoplethysmography will
be developed to spatially monitor the skin oxygenations and hemodynamics. Lastly, a
multifunctional platform will be developed to integrate these augmented smartphone
imaging functions into a mobile app and clinically validated in predicting the blood

bilirubin level of patients with liver diseases.
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Chapter 1. INTRODUCTION

1.1 SIGNIFICANCE AND RESEARCH MOTIVATION

Mobile health (mHealth) is an emerging term in medical practice and public healthcare that
uses mobile communication devices for medical data acquirements, diagnostic support,
information communication, and remote monitoring[1]. The first goal of the mHealth-
motivated technique revolution is to promote current heavy-laden and unbalanced
healthcare system[2]. The population in many countries, especially low-income countries,
always face varying shortages of medical resources. For example, the WHO notes a global
deficit of 2.4 million healthcare workforce[3]. Even worse, the existed medical resources
are far from evenly distributed. For example, the density of doctors, nurses and midwives
in the US is four times higher than the number in Africa[4]. Even in the region with less
resource constraints, the prospects can hardly be optimistic due to other factors like
population aging. By 2050, one in four people, which is 1.3 billion in total, in Asia and the
pacific will be over 60 years’ old[5]. The massive population aging will lead to a rapid
growth of medical service demand and reduced healthcare workforce. To address, or at
least alleviate, these problems, the mHealth concept has been proposed and developed to
improve various perspectives of medical service, including the affordability, accessibility

and shareability.

Smart devices like Apple Watch and Fitbit firstly arouses the interests of public to
mHealth devices. However, the developing of mHealth devices has experienced a long
journey and now is in a grooming age due to the progressively miniaturized and powerful

mobile computing and communication capacities (Figure 1.1). In general, current mHealth



techniques can be divided into three main categories: wearable sensors, lab on chip and
imaging from afar[6]. Wearable sensors work in varying forms, such as watches[7],
bracelets[8], earphones[9] and rings[10]. The unobtrusive existence of sensors in these
devices eases the passive and continuous measurements of biometric signals, which is
appropriate to be used in vital signs monitoring and chronic disease managements. Lab-
on-chip techniques were derived from the combination of microfluidics and
microelectronics, which mainly focus on developing sensors to detect molecules in body
liquid samples, such as sweat, blood, saliva, urine and tears[11]. The ubiquitous point of
care tests realized by these techniques are possible to predict or screen potential diseases
by sensing the biomarkers. While above two categories focus on global signals and features,
imaging from afar provides new possibilities for diagnosing specific lesions within organs
and tissues[12]. For example, digital dermoscope[13], otoscope[14], ophthalmoscope[15]
and endoscope[16] can deliver diagnosis to skin, ear, fundus and digestive system.
According to the study on the global mobile phone penetration rate, there are over 7 billion
mobile phone subscribers all over the world. The increased availability and performance

of smartphone is accelerating the implementation of imaging techniques in mHealth.

This thesis will proceed from the regular smartphone-enabled imaging to explore its
augmented functions. Several techniques, including smartphone-enabled multispectral
imaging, fluorescence imaging and remote photoplethysmography, will be specifically
developed. Multiple subjects like blood perfusion, blood pulsation, pigmentation and
bacterial contamination will be investigated using these techniques. In the following
sections, | will briefly introduce these imaging techniques and their applications in

healthcare.
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Figure 1. 1. Applications in mHealth
1.2 TECHNICAL BACKGROUND

1.2.1 SMARTPHONE-ENABLED IMAGING IN MHEALTH

Smartphones are the most commonly used tools in the mHealth-motivated imaging from
afar techniques due to the low cost and high penetration rate in population[17](Figure 1.2).
Smartphone-enabled imaging is capable of acquiring users’ medical images not only in
laboratories and clinics, but also in their daily lives to facilitate diagnosis and aid clinical
management. The most straightforward and prolific usage of smartphone-enabled imaging
is in digital dermoscope. For example, in a study to assess the benign and malignant

pigmented and unpigmented skin lesions, the smartphone dermoscope delivered diagnosis



with a strong correlation with conventional clinical examination[18]. Moreover, in another
study of wound management, researchers demonstrated the smartphone-enabled wound
imaging can largely shorten the response time when there is a wound deterioration[19].
Fundus photography usually requires specialized cameras. However, being used with an
ophthalmic lens, the smartphone can be easily transformed into a smartphone fundus
camera, which can improve the accessibility of fundus examination in low-resource
settings[20]. Except for above usages, other typical applications of smartphone-enabled
imaging include cardiology, dental/oral healthcare and endoscopy. In these applications,
the smartphone benefits the public healthcare mostly in the connectivity and usability.
More discrete subjects, such as the patients in rural areas, can be linked to the central
repositories like clinics or available clinicians. Some current existed connections can be
strengthened. For example, the inspection frequency can be increased by replacing onsite
follow-up visiting with continuous and real-time imaging. The low cost, high subscriber
quantity and packaged apps significantly lower the threshold for smartphone users to

access their own medical services.
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Figure 1. 2. Applications of smartphone-enabled imaging in mHealth

1.2.2 IMAGING AUGMENTATION

Although showing significant benefits and potential, current smartphone-enabled imaging
mainly works in a somewhat simple mode to deliver ‘vision field’ and ‘vision-based
diagnosis’. Most data streams were acquired and transmitted in RGB-mode to maximally
simulate human naked-eye vision. In this case, the features that can be provided for
diagnosis would be mainly limited to colors, shapes and textures. To augment the
smartphone-enabled imaging and promote the diagnosis, one solution is to adopt diverse
imaging modalities to expose the information of subjects in more dimensions. In this thesis,

three different imaging modalities, including multispectral imaging, fluorescence imaging



and remote photoplethysmography, will be adopted in smartphone-enabled imaging and
discussed.

1.2.2.1 MULTISPECTRAL IMAGING

Multispectral imaging technique is developed to capture image data of subjects at specific
wavelengths across the electromagnetic spectrum[21]. The target can be differentiated
from the multispectral data cube when it performs unique spectral properties, like
absorbance, reflectance and scattering. Multispectral imaging has been used in a broad
range of applications since chromophores widely exist in the universe and environment we
lived. For example, in aerospace photogrammetry, the light collected by the detector will
be separated into different wavebands to identify the feature type of the cosmic
emission[22]. In remote sensing imaging, the multispectral channels are capable of

recognizing plants, mines and buildings without silhouette details[23].

Due to the spectral characteristics of various chromophores within human tissue, such
as hemoglobin, melanin and bilirubin, the imaging at different wavelengths can be
combined to contrast them from the surrounding tissue[24]. Conventional systems in these
applications rely on the wavelength-selection units to physically separate the collected light,
which can be roughly classified into time and space-varied methods. In time-varied
methods, the wavelength selection is realized by sequentially switching spectral filters or
light sources. For example, Diebele et al used solid-state liquid crystal to realize spectral
imaging in the clinical evaluation of melanomas and common nevi[25]. Spigulis et al
applied color LED to provide illuminations for smartphone-based skin assessment[26]. In
space-varied method, the multiple optical paths working at different wavelengths are

coexisted so the multispectral data cube can be captured with a snapshot. Diverse spatial



configurations and structures can be designed under this concept, such as multi-aperture
filtered camera[27], coded aperture snapshot imager[28] and image mapping
spectrometry[29]. For example, multi-aperture filtered camera utilizes the combination of
lens array and filter array to realize multispectral imaging on a single sensor. The IMEC in
Belgium optimized this strategy and developed snapshot multispectral imager based on the
on-chip Fabry-Perot filter array. This system shares similar optic path with regular imaging
system but the pixel matrix on the CMOS sensor was covered by a multispectral filter array
so the snapshot image includes multispectral data cube arranged in a specific matrix
structure.

1.2.2.2 FLUORESCENCE IMAGING

Fluorescence imaging is a molecular imaging technique which detects the emission from
molecules after absorbing electromagnetic radiation[30]. From the image data, the spatial
distribution, abundance, and activity of the target molecules, also termed fluorophores, can
be investigated. Fluorescence imaging has a wide application in molecular biology.
Fluorescent dye is usually used as the label of DNA and protein probes in PCR, Blotting
and DNA sequencing[31]. The most common in vivo applications of fluorescence imaging
including calcium imaging. and fluorescein angiography. The calcium ion in the neural
activity can bound to injected calcium indicators and change their fluorescence signals, so
this mechanism can be used to estimate the condition of nervous system[32]. Fluorescein
angiography is a technique used in the evaluation of retinal disease by injecting fluorescein

dye and capturing its emission with fundus camera[33].

Except above ex vivo or agent-based methods, in vivo autofluorescence imaging is

another technique which has not been fully explored but shows great potentials as well[34].



Human tissue contains bunch of fluorophores, such as NADPH, flavin, collagen, elastin
and porphyrin, which can be imaged without agent injections[35]. From the
autofluorescence signal of these components, different conditions can be estimated, such
as bacterial contamination, tissue generation and aging. For example, some research has
introduced autofluorescence imaging to detect advanced glycation end product to evaluate
aging and degenerative diseases[36]. Further, some devices have been already designed
and commercialized to estimate the autofluorescence within human tissue. One typical
example is Moleculight i:X, which was developed and fabricated to monitor the bacterial
contamination by imaging porphyrin fluorescence in wound managements[37].

1.2.2.3 REMOTE PHOTOPLETHYSMOGRAPHY

Photoplethysmography (PPG) is becoming one of the most popular techniques to access
the hemodynamic information inside the human body[38]. Nowadays, it has been widely
used for in-hospital monitoring and even in wearable devices nowadays. Due to the strong
absorption of blood to the light, PPG works by recording time-elapsed optical reflectance
modulated by the effective blood volume within light interrogated tissue volume to indicate
the dynamic pulsatile behavior of the blood flow (volume) caused by cardiac heartbeat[39].
Remote photoplethysmography (rPPG) works in a similar mechanism with PPG but it is
typically implemented by a camera-based system[40]. The video of tissue would be
acquired to record the temporal variation of tissue reflection. Using dedicated signal
processing algorithms, subtle momentary changes in the tissue reflection in the video can
be extracted. With this dynamic and pulsatile blood flow behavior directly obtained from
the human tissue, rPPG can be used to monitor the heart rate[41], respiration[42] and blood
oxygenation[43]. Except for these global vital signs, some newly developed methods has

been using the spatial resolution of rPPG to investigate localized features like blood



pulsations[44] and pulse wave transitions [45], which can be used as biomarkers for
localized organ lesions and vascular abnormalities.

1.3 SCOPE OF THE THESIS

The objective of this thesis is to propose augmented smartphone-enabled imaging
techniques and explore their applications in mobile health. To achieve so, firstly, a novel
smartphone-enabled multispectral imaging method will be developed in Chapter 2 to
provide a strategy for identifying chromophores in human tissue. In Chapter 3, a new
smartphone-enabled multispectral fluorescence imaging system will be developed to
estimate bacterial contamination following the strategy used in Chapter 2. Chapter 4 will
combine the smartphone-enabled multispectral imaging technique and rPPG together to
realize spatiotemporal monitoring of skin blood pulsation and oxygenation variation.
Chapter 5 will adopt this strategy to develop a mobile app as the multifunctional augmented
smartphone imaging platform and use it to predict patients’ bilirubin levels in clinics. The
last chapter of this thesis will summarize and conclude the research, and discuss the future

plan of this topic.



10

Chapter 2. DEVELOPMENT OF SMARTPHONE-ENABLED MULTISPECTRAL

IMAGING METHOD FOR ANALYZING TISSUE CHROMOPHORES

2.1 BACKGROUND AND MOTIVATION

The application of multispectral imaging in cosmetology and dermatology is becoming
increasingly popular and appealing to academic researchers and industrial
entrepreneurs[46]. Based on specific spectral characteristics of chromophores with skin
tissue, for example hemoglobin and melanin, multispectral imaging can be used to separate
and contrast the target chromophores from others, upon which to analyze and monitor skin

features[47].

A number of multispectral imaging systems have been recently developed for the
analysis of skin features. One of such uses monochromatic lasers or optical filters (either
filter wheels or tunable filters) to provide specific spectral illumination and uses a single
array detector to sequentially capture the tissue reflection images[48]. For example, Mo et
al used LED to provide illumination in multispectral imaging[49]. Diebele et al tuned
illumination wavelengths with liquid crystal filters for the clinical evaluation of melanomas
and common nevi [25]. In these devices, wavelength-selection procedure requires at least
tens of milliseconds to complete, leading to asynchronous data acquisitions for different
wavelengths. Consequently, both tissue motion and device movements would inevitably
cause motion artifacts, affecting our ability to interpret the final results. In addition, the
need to select the wavelengths complicates the system setup, not a cost-effective solution

for daily-use purposes.

Recent development of multispectral cameras surges new interests and new

opportunities for multispectral imaging[29]. This type of camera is manufactured by
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assembling optical-filter array on the sensor, so that the pixels on the sensor can be
separated into various wavebands, enabling spectral images across a wide spectrum to be
captured at once[50]. Such capability of snapshot-capturing multispectral images
eliminates motion artifacts during data acquisition and improves device compactness[51].
However, due to complicated design and enabling fabrication, the cost is currently at least
prohibitive for routine and cost-effective applications. And also, the number of pixels
available in the spectral array is limited, which directly translates to the limited imaging
resolution that can be achieved. As a result, a high demand remains for a multispectral
system that is capable of high-resolution imaging, and at the same time, is immune to
motion artifacts, compact and cost effective so that it can be deployed to a wider user

community for daily assessment of the skin features.

In the past decade, the developments in smartphone have changed the daily life of
human beings. Both the technical development and the consumer group have experienced
explosive improvements. Nowadays, a typical camera in a smartphone has 8 to 12 million
pixels and is capable of high-speed imaging, ideal as a low-cost and handy imaging device
for skin assessments[52]. There have seen some developments of smartphone-based skin
analysis[53], however, these developments simply take a straightforward approach to

enhance the images captured by the camera.

In this paper, we propose a novel concept and method that utilizes an unmodified
smartphone to enable multispectral imaging, where RGB images captured by the built-in
camera is used to reconstruct “pseudo”-multispectral images through a transformation
using Wiener estimation. The reconstruction process is calibrated with a snapshot

multispectral camera with 16 spectral channels. After the reconstruction of multispectral
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images from RGB images, we use a weighted subtraction strategy to demonstrate the
extraction of the chromophore information, e.g. blood, melanin absorption, oxygenation
etc. within the skin from the RGB images captured by the smartphone, which are then
compared with the results directly obtained from snapshot multispectral camera. Finally,
we show the usefulness of the proposed approach in the analysis of skin morphological
features. Meanwhile, in the application of monitoring the hemodynamic activities, we

successfully detect the heartbeat and map the vascular occlusion effect on the skin.

2.2 MATERIAL AND METHODS

2.2.1 RECONSTRUCTION PRINCIPLE FROM RGB IMAGES TO

MULTISPECTRAL IMAGES

The accuracy of extracting information from the measurements related to a specific
chromophore (e.g. hemoglobin) relies on how the measurements represent accurately its
characteristic absorption features across the wavelengths. However, the sensor in the
smartphone has only three sensitive channels (red, green and blue), and each channel
detects the lights that are integrated over its spectral sensitive bandwidth (that typically
ranges as wide as >50 nm, though its peak wavelength is at R, G or B). Such integration
reduces the sensitivity of the measurement to chromophore features that makes the accurate
extraction of the chromophore information difficult. Multispectral reconstruction to refine
the measurement signal before processing could be a useful solution to mitigate this
problem. To recover high-dimensional information from low-dimensional data, several
reconstruction techniques have been investigated, such as finite-dimensional modeling[54],
pseudo-inverse[55] and Wiener estimation[56]. Among these, Wiener estimation proves

superior in terms of reconstruction accuracy and computational efficiency[57]. Therefore,
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we elected the Wiener estimation algorithm to perform multispectral reconstruction from
RGB images captured by a smartphone camera. In smartphone camera, the response of

RGB channels can be depicted as:
Ve = [1(A)7(A) fc (A)s(A)d A = [ e (A)y(A)d A (2.1)

where 4 is the wavelength, V. is the response of subchannel ¢ in the smartphone camera
(c=R,G,B), I(A4) is the spectral power distribution of illumination, f.(1) is the spectral
transmittance of the filter in subchannel ¢, s(4) is the spectral sensitivity of camera sensor.
m.(A) is the product of [(1), f.(4) and s(4), which is the spectral responsivity of each
subchannel. y (1) is the spectral reflection of the sample. The matrix form of equation (1)

can be represented as:
V =My (2.2)

where V is the vector of smartphone camera response, M is the matrix of spectral

responsivity in smartphone camera, y is the vector of sample reflection.

In the Wiener estimation, the core step is to find a reconstruction matrix, which is used
to transform RGB images to multispectral images. This step necessitates training multiple
samples with known colors for calculation and error correction. In our study, we used 100
color blocks with different reflectance in visible wavelength bands as the training set
samples. Traditionally, the spectral reflection from the color blocks can be calibrated with
a well-characterized spectrometer. In doing so, the sampling areas in the smartphone
camera imaging and spectral reflection measurements need to match with each other, which

is termed the co-registration step. This would increase the workload and introduce
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additional instabilities in the calibration. Furthermore, the reflection measurement and co-
registration steps are supposed to be repeatedly conducted for 100 samples, which may

cause even heavier workloads and more instabilities.

To mitigate the tedious procedures when using spectrometer for calibration, we instead
used a snapshot multispectral camera (MQ022HG-IM-SM4X4-VIS, XIMEA, Germany)
with 16 spectral channels to provide spectral reflection calibrations. With this multispectral
camera, all training steps were replaced by taking one RGB image and one multispectral
image of the color chart with100 color samples. The illumination light sources in the
training should be the same to the light sources used in the later imaging process to the
skin, which includes the smartphone flashlight and fluorescent lamp in our study. The
measurements of these 100 samples and co-registration of each sampling area can be
achieved by selecting and calculating the subchannel values of corresponding target area
from color chart images. When the sample is captured by the snapshot multispectral camera,

the response of each subchannels is depicted as:
Ve = [I)7(A) fe.(A)s'(A)d A = [m'e.(A)y(A)d A (2.3)

where V', is the response of ¢ 'th subchannel (c=1,2,3, ---, 16), f.,(4) is the spectral
transmittance of the filter in ¢’th subchannel, s’(1) is the spectral sensitivity. m’./(1) is
the product of [(1), f,(4) and s(4), which is the spectral responsivity of each subchannel

in the multispectral camera. The matrix form of equation (3) is then expressed as:

V'=MYy (2.4)
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where V' is the vector of multispectral camera response, M’ is the matrix of spectral
responsivity in multispectral camera. To reconstruct multispectral images from RGB

images, we assume the reconstruction matrix is W. The process is expressed as:
vV =wv (2.5)

where V' is the reconstructed multispectral image. To ensure the accuracy of
reconstruction, the minimum square error between the reconstructed multispectral image
and the original multispectral image should be minimized. The minimum square error is

calculated as:
e= (V' -V)W' V") (2.6)
=(V''v'"y — Ww{y''v) — wH{Vtv'y + Wrw{y'tv')

When the partial derivative of e with respect to W is zero, the minimum square error

is minimized, expressed as:

de _ 2.7)
o = V) W) =0

The reconstruction matrix is derived as:

W = (V'VE YVt (2.8)

where ( ) is an ensemble-averaging operator. (V'V') is the correlation matrix
between the multispectral response and smartphone camera response. (VV®) is the

autocorrelation matrix of the smartphone camera response. The reconstruction matrix was
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calculated from the calibration of a color chart which contains 100 color blocks. With this
reconstruction matrix, skin images captured by a smartphone camera can be reconstructed
into multispectral images.

2.2.2 WIENER ESTIMATION MATRIX CALCULATION

A schematic setup of the multispectral reconstruction calibration is shown in Figure 2.1(a).
We used a color chart with 100 randomly selected known-color blocks. The color chart
was illuminated by the flashlight from a smartphone (Mate SE, HUAWEI, China). Both
the smartphone camera (Sensor model: Sony IMX371) and the snapshot multispectral
camera were used to acquire images of the color chart. The smartphone camera has a sensor
with 3264>2448 pixels and works in the RGB mode. The snapshot multispectral camera
(MQO22HG-IM-SM4X4-VIS, XIMEA, Germany) houses a CMOS sensor with
20481088 pixels, where a filter array separates the sensor array into 512>272 super-pixels.
Each super-pixel contains a 4>4 spectral sensitive pixel-matrix that are sensitive to 16
wavebands, termed as 16 subchannels. Figure 2.1(b) shows the spectral sensitivity curves
of 16 subchannels in the snapshot multispectral camera. The specific values of spectral
characterization of the snapshot multispectral camera is shown in Table 2. 1. The RGB
mode image of the color chart from smartphone camera is shown in Figure 2.1(c). From
the raw multispectral data, we extracted a representative image from the sub-channel of
band 9 (615 nm) as an example, shown in Figure 2.1(d). The spectral power distribution of
the smartphone flashlight is shown in Figure 2.1(e). Meanwhile, the multispectral data of
light source was measured from the polymer white diffuser standard (SphereOptics GmbH,
95% Reflectance) under the smartphone flashlight illumination. Therefore, the reflectance
of the color chart in 16 subchannels can be calculated. Based on equation (8), we calculated

the correlation matrix between multispectral response and the smartphone camera response,
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and the autocorrelation matrix of the smartphone camera to obtain the Wiener estimation
matrix. To minimize the estimation error, we used the averaged values of pixel responses
in the central area, which is one fourth of the total area, of every color block in the

calibration.

a Snapshot hyperspectral
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structure

Smartphone

CMOS sensor

Sensitivity (a.u.)

T T T
450 500 550 600 650
color chart Wavelength (nm)

c d

—h

2

°.

2

R

RGB image of color chart Raw image of color chart fromband 9 400 450 500 550 600 650 700
from smartphone camera  of snapshot hyperspectral camera Wavelength (nm)

400 500 600 700
Wavelength (nm)

Extinction Coefficient (cm™'/M)

Figure 2. 1. Schematic of the smartphone-enabled multispectral reconstruction.

(a) The multispectral reconstruction calibration system that consists of a smartphone, color
chart and 16-channel multispectral camera, with sensor structure and sensitive wavebands
at each subchannel shown in the top left. (b) The manufacturer’s data of wavelength-
dependent sensitivity for 16 bands in the snapshot multispectral camera. (¢) The RGB
image of color chart from the smartphone camera. (d) The raw image of color chart directly
exported from the band 9 in the snapshot multispectral camera. (e) Spectral power
distribution of the smartphone flashlight that is used in this study. (f) Absorption spectra
of oxyhemoglobin (oxyHb), deoxyhemoglobin (deoxyHb) and melanin.

Table 2. 1. The spectral characterization of snapshot multispectral camera.
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Band

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16
number

Center
wavelength 482 494 472 465 570 581 556 544 615 625 603 595 529 543 515 506
(nm)

Spectral
bandwidth 10 8 13 18 10 10 10 10 15 13 10 10 9 10 10 10
(nm)

2.2.3 MULTISPECTRAL RECONSTRUCTION AND POST-PROCESSING

Chromophores, such as hemoglobin and melanin, are the key factors for the skin
assessments. By extracting their absorption information from the skin, these chromophore
features can be contrasted from surrounding tissues, realizing specific assessment. We
recruited two volunteers and used the smartphone to capture RGB images from their faces,
where there appears redness and moles (i.e., nevi) on the skin. This study adhered to the
tenets of the Declaration of Helsinki and was performed in accordance with the Health
Insurance Portability and Accountability Act. Ethical approval was obtained from the
Institutional Review Board of the University of Washington. All enrolled participants

provided written informed consent.

With our method, we extracted the hemoglobin-related redness and melanin-related
moles from the facial skin and separated them from each other. The distribution of
chromophores provides the basis for assessing morphological features. The time-resolved
variation of hemoglobin absorption may be used as an index of hemodynamic monitoring,
which may be useful to infer pathological information. With the calculated Wiener

estimation matrix, we transformed RGB images of the skin acquired by the smartphone
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camera into the multispectral images, simulating the images as if they were captured by
the 16-spectral channel multispectral camera. From the reconstructed multispectral images,
we extracted spatial absorption information of skin chromophores, e.g. melanin and
hemoglobin, through a series of processing steps on images representing different
wavebands. Figure 2.1(e) shows plots of absorption efficiencies of melanin and
hemoglobin, respectively. For example, in this scheme in order to extract the absorption
information caused by hemoglobin in blood, we selected several red light wavebands,
including bands 8 (615 nm), 9 (625 nm), 10 (603 nm), 11 (595 nm), and subtracted one by
one from green light wavebands, including bands 6 (556 nm), 7 (544 nm), 12 (529 nm), 13
(543 nm). From ‘Green bands’ to ‘Red bands’, the absorption of the chromophores of
interest decreases, but the rate of decrease is slow for melanin, and rapid for hemoglobin.
By subtracting the measurement at ‘Red bands’ from that at ‘Green bands’, the contribution
of melanin absorption to the extraction of hemoglobin absorption can be suppressed. Thus,
we used the weighted subtraction to emphasize the hemoglobin absorption measurement,

indicating blood perfusions in skin samples. The weighted subtraction is expressed as:

C, =C,—KC, = mx1|1 + nylll - K(mlez + nyzlz) = m(X1I1 - szlz) + n(y1|1 - Kyzlz) (29

)

where C, is the estimated reflection of skins that is assumed to be influenced by the
absorption of melanin and hemoglobin. C; and C, are the detected reflections at two
selected wavebands. K represents the ratio of weighted subtraction. m and n are the
concentrations of the hemoglobin and melanin in the skin sample. [; and [, are the
illumination intensities at two selected wavebands. x; and x, are the reflectance of

hemoglobin at two selected wavebands. y; and y, are the reflectance of melanin at two
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selected wavebands. By setting the value of K to be y,l,/y,l,, the reflection of
hemoglobin in the data can be extracted. By conducting similar weighted subtraction
processing between blue light wavebands (band 0: 482nm, band 1: 494nm, band 2: 472nm,

band 3: 465nm) and green light wavebands, the superficial melanin can be extracted.

In the real-time monitoring experiment, we extracted hemoglobin absorption
information from multispectral images which were reconstructed from RGB-image
sequences. From the results, we quantitatively analyzed the skin hemodynamics during
heartbeat cycle and vascular occlusion. Furthermore, in the monitoring to vascular
occlusion, besides the blood absorption, we also estimated oxygen saturation (Sa0Oz). In
this case, oxyhemoglobin and deoxyhemoglobin are studied independently. The reflection

IS expressed as:

C,=m, X" +m, x* +a (2.10)

oxy M deo i

where C; is the detected reflection at the selected wavebands. m,,, and mg,, are the

oxy
i

concentrations of oxy and deoxyhemoglobin, respectively. x> and x° are the

corresponding reflectance coefficients of oxyhemoglobin and deoxyhemoglobin. « is a
term that represents the light intensity losses caused by other chromophores, including
melanin. We selected bands 4 (570nm), 5 (581nm) and 6 (556 nm) for the evaluation of
Sa0:». Since the sensitive wavelengths in these bands are close to each other, we assumed

that « is a constant in the processing. From equation (10), the Sa0, can be evaluated as:

Sa0, =m,,, / (M, +My,) (2.11)

oxy oxy
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2.3 RESULTS

2.3.1 ANALYSIS OF SKIN MORPHOLOGICAL FEATURES AND REAL-TIME

MONITORING USING SNAPSHOT MULTISPECTRAL CAMERA

A representative set of sub-channel images of skin captured by the multispectral camera
under white light exposure is shown in Figure 2.2. All the bands were recorded
simultaneously, which makes the data acquisition inherently immune to inter-spectral
motion artifacts. Based on these subchannel images, weighted subtractions can be directly
applied to extract the blood and melanin concentration information for morphological
analysis. Furthermore, based on extracted blood absorption information, we conducted
real-time monitoring of the variations in skin under various conditions, including heartrate

cycle, the exercise recovery and the vascular occlusion.

465 nm

Figure 2. 2. Sixteen subchannel images captured by the multispectral
camera from a volunteer skin under white light illumination.
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There are several common types of skin features that can be analyzed from the
multispectral images, including melanocytic nevus, pimples, nonmalignant red spots, etc.
Some of them show abnormally high absorptions due to melanin, while others can be
characterized by strong hemoglobin absorption. Therefore, in spatial morphological
analysis, we conducted absorption mapping for these two chromophores to recognize skin

features.

As a dominant chromophore in the blood, hemoglobin is associated with blood located
in dermis and hypodermis, causing the redness appearance of the skin depending on its
concentration. Since we need to capture the reflection images from the skin tissue beyond
epidermis, green and red lights with deeper penetration are suitable for the hemoglobin
analysis. To extract and enhance the contrast of hemoglobin information, the absorption
caused by other chromophores, mainly melanin, should be minimized or eliminated. From
green-wavelength band around 550 nm to red wavelength band over 600 nm, the absorption
efficiencies of melanin and hemoglobin vary in different trends (Figure 2.1d). Therefore,
with a suitable ratio, the weighted subtractions between green and red subchannels are
applied to extract the hemoglobin absorption information from the melanin absorption. The
subtraction ratios in experiments were calculated with equation (1) and calibrated
according to the different band sensitivities of the camera. The blood absorption extraction
results are shown in Figure 2.3. Three cases of initial images (band 10 extracted from the
multispectral raw images) under white light illumination are shown in Figure 2.3(a). In
Figure 2.3(a)-1, both melanocytic nevi and pimples exist on the skin. In Figure 2.3(a)-2,
there is a light red spot on the cheek and a nevus on the right corner of the mouth. There

are only pimples on the skin in Figure 2.3(a)-3. The corresponding results of extracted
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blood absorption information from weighted subtractions are shown in Figure 2.3(b). It can
be observed that melanocytic nevi and some other features with large amounts of melanin,
including hairs, eyebrows, eyelashes, and beards, are all eliminated in the extracted
hemoglobin absorption information maps. The red spots represent the positions where there
is high hemoglobin content and their locations match well with corresponding features in
raw data, which can be verified in overlaid images in Figure 2.3(c). To fully utilize the
multiple subchannels, we applied summation operation among the blood absorption
information maps from three subchannels combinations to realize contrast enhancements.
Three cases of weighted subtraction results from combination 2(band11(529 nm)/10(603
nm)) (Figure 2.3(d)) and combination 3(band 6 (556 nm)/8 (615 nm)) (Figure 2.3(e)) are
added together with combination 1 (band 6(556 nm)/9(625 nm)) in Figure 2.3(b), the

results are shown in Figure 2.3(f).
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Figure 2. 3. Extraction of blood absorption information content from
snapshot multispectral image.

(@) The raw images directly exported from the spectral band 10 in the
camera, from three volunteers (marked as 1, 2, and 3, respectively). (b)
Corresponding images showing blood absorption information content
derived from the weighted subtraction between band 6 (556 nm) and 9 (625
nm), (c) Overlaid images of raw images and corresponding blood
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absorption images. (d) Corresponding images derived from weighted
subtractions between band11(529 nm) and 10(603 nm). (e) Corresponding
images derived from weighted subtractions between band 6 (556 nm) and 8
(615 nm). (f) Contrast enhancements of the blood absorption information
content by summing the images showing in (b), (d) and (e). 1,2,3 represent
three different cases in the blood extraction. Red arrow: pimples or light red
spots, black arrow: melanocytic nevi.

Skin melanin is produced by melanocytes and normally exists in the melanosomes that
are distributed in the upper part of the keratinocytes. Therefore, the melanin absorption
information can be extracted from superficial skin, which was realized by subtractions
between blue and green channels. In our method, bands 6 (556nm),7 (544nm),12 (529nm)
and 13 (543nm) were selected and alternately subtracted from bands 0 (482nm), 1 (494nm),
2 (472nm) and 3 (465nm) to show the melanin absorption. The subtraction ratios were
manually adjusted based on the normalization of band sensitivities and absorption
coefficients to exclude the interference of hemoglobin. As shown in Figure 2.4, we
conducted melanin absorption information extraction on three cases and two of them are
the left and right faces from the volunteer. In these cases, pimples, red spots and
melanocytic nevi mixed together in the field of view (Figure 2.4(a)). Through the weighted
subtraction between blue and green bands, the melanocytic nevi stand out from other
features, which are represented in Figure 2.4(b). It is observed that pimples and light red
spots are eliminated from the melanin absorption images. The locations of extracted spots
and nevi are in accordance with raw data, which can be checked in the overlaid images in
Figure 2.4(c). Meanwhile, we also conducted summations to melanin absorptions from
different subchannel combinations to enhance the contrast and the results are shown in

Figure 2.4(d-f).
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Figure 2. 4. Extraction of melanin absorption information content from
snapshot multispectral image.

(@) The raw images directly exported from the spectral band 10 in the
camera, from three volunteers (marked as 1, 2, and 3, respectively). (b)
Corresponding images showing extracted melanin absorption information
content derived from weighted subtraction between bands 0(482 nm) and
12(543 nm). (c) Overlaid images of raw images and corresponding melanin
absorption images. (d) Corresponding images derived from weighted
subtractions between bands 0(482 nm) and 11(529 nm). (e) Corresponding
images derived from weighted subtractions between bands 0(482 nm) and
7(544 nm). (f) Contrast enhancements of the melanin absorption
information content by summing the images showing in (b), (d) and (e).
1,2,3 represent three different cases in the melanin extraction. The insert in
each panel is zoomed view of the regions as marked to show more details.
Red arrow: pimples or light red spots, black arrow: melanocytic nevi.

Besides the capability of extracting spatial morphological features, the multispectral
imaging system would be also amendable to monitor the skin activities in real time due to
its snapshot nature of image capturing, thanks to the multispectral camera. Below we
demonstrate, by examples, the temporal analysis in heartrate measurements, exercise
recovery, and vascular occlusion. The derived information due to blood absorption was

used as a metric in the visualization and assessment of temporal responses of skin tissue.
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We operated the imaging system in video mode and collected a series of images during
a time period for temporal analysis. The framerate was at 10 fps and the imaging duration
lasted for 60s. Afterwards, the summation of the extracted information content due to blood
absorption within the cheek region (square-box marked in Figure 2.5(a)) was calculated
and used as the blood absorption index for every frame along the time axis. Then, we
Fourier-transformed the temporal profile of the blood indices over 60 s duration to show
the frequency variation within the profile. As shown in Figure 2.5(b), a frequency peak at
around 1.19 Hz was reliably detected, which corresponded well to the heartrate. To verify
the result, we carried out reference measurements with a pulse sensor and data-logger
device (PowerLab 4/30, ADInstruments) during multispectral imaging and the result is
shown in Figure 2.5(c). It is clear that the heartrate frequency, indicated by the first

dominant frequency peak, matches very well with the result from our multispectral imaging

system.
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Figure 2. 5. Heartrate measurement with snapshot-multispectral-camera-
based multispectral imaging system.

(@) The overlaid face skin image of raw image with the derived map of
hemoglobin absorption information (coded according to the color bar
shown in the right). The red dotted box area on the cheek is the target area
for extracting heartrate from blood absorption information content derived
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from the multispectral imaging. (b) The frequency spectrum of temporal
profile of blood absorption information content summed within the red-box
region in (a). (c) The heartrate reference from the PowerLab pulse sensor.

By lengthening the time period of imaging, real-time monitoring of the skin
performance in some daily activities, like exercises and fitness, may be realized. Herein,
the recovery process of volunteer’s face-skin performance after he jumps up and down for
~100 times had been monitored and analyzed. We selected the left facial skin as the
imaging site and conducted a video recording, which lasted for 6 minutes. The blood
absorption information content was extracted for every frame. As shown in Figure 2.6(a),
the blood absorption information maps and corresponding overlaid images with the raw
photograph at 0,3,6 minutes during the exercise recovery process are presented, where it is
observed that the information about blood absorption declines as the increase of recovery
time. The real-time temporal profile of absorption information summed within the marked
region of the cheek area is shown in Figure 2.6(b). Obviously, the signal strength shows a
rapid decrease within the 6-minute period. Furthermore, from 2 minutes to 6 minutes, we
separated the recovery temporal profile into 5 segments and each one lasted for 1 minute.
Within each segment, Fourier transform was performed, upon which to extract the
heartrates (Figure 2.6(c)). The heartrates are 1.56 Hz, 1.53 Hz, 1.51 Hz, 1.49 Hz and 1.46
Hz for 5 segments respectively. We can see that the heartrate slow-down from 2 minutes
to 6 minutes, and then gradually into a resting state value, which is in accordance with our

common sense.
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Figure 2. 6. Exercise recovery monitoring with the snapshot-multispectral-
camera-based multispectral imaging system.

(@) The hemoglobin absorption information map (top row, color-coded
according to color bar shown in the right) and overlaid images (bottom row)
of the left facial skin at different time points of the recovery. (b) Real-time
response curve of blood absorption information content during exercise
recovery. The red dotted box area on the left is the targeted region for
analysis. (c) The heartrate measurements of 5 recovery segments at 2, 3, 4,
5 and 6 minutes, respectively.

The vascular occlusion would lead to the blood perfusion variations that can be detected
from the blood absorption information content extracted during multispectral imaging.
Here, we demonstrate its feasibility by monitoring subcutaneous vascular occlusion with
the skin tissue. We selected fingers as the test site for the vascular occlusion study because
occlusion can be easily realized by applying outside pressures and different fingers can act
as control groups to each other. In the experiments, we used the thin rubber ring to provide
outside pressures to apply vascular occlusions on the skin. In Figure 2.7(a), the rubber ring
worked on the mid-finger and forefinger respectively to provide effective pressure to
occlude the skin perfusion. The rubber ring was banded on the mid-finger at 60s and
removed at 150s. After recovering for around 120s, the banding was applied on the

forefinger at 280s and relieved at 360s. From the blood absorption images at 120s and 300s,
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it is observed that the pressure applied on the skin caused rapid reductions of blood
perfusion. After the relief of the banding, the skin blood perfusion showed a short-time
over-rebounding and then recovered to the similar levels with other control group fingers,
as shown in the images at 160s, 240s, 390s, and 480s. To clearly present the quantitative
variation during pressure-induced perfusion occlusion, we conducted quantitative
measurements to the fingers. We selected five positions (marked as A, B, C, D, E, shown
in top left image of Figure 2.7a) on the dorsal skin of the finger and summed the blood
information content within the marked tissue region. The temporal variation curves are
shown in Figure 2.7(b). Position B (mid-finger) and C (forefinger) represent the experiment
groups and others are control groups. The blood absorption information content as derived
from multispectral imaging is apparently declined at the mid-finger and the forefinger
under the applied pressure. The recovery processes also match with the images in Figure

2.7(a). In contrast, they are generally stable during the time period.

The sao, images (Figure 2.7(c)) and quantitative curves (Figure 2.7(d)) during the

pressure-induced vascular occlusion show similar variation with the derived blood

absorption information as shown in Figure 2.7(a) and Figure 2.7(b). The sao, intensities

showed sharp decrease after rubber ring banding at 60s on the mid-finger and 280s on the

forefinger. Before removing the rubber ring, the sao, intensities stayed in relatively low

levels. After removing the rubber ring at 150s on the mid-finger and 360s on the forefinger,

the sao, intensities showed quick over-rebounding in a short time and then slowly

regressed to normal levels.
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Figure 2. 7. Vascular occlusion monitoring with the snapshot-multispectral-
camera-based multispectral imaging system.

(a) Finger dorsal skin blood absorption images at different time points of
vascular occlusion under the outside pressure. (b) Real-time quantitative
blood absorption response curves of fingers under the vascular occlusion
and the contrast groups. (c) Finger dorsal g, images at different time

points of vascular occlusion under the outside pressure. (d) Real-time
quantitative,, response curves of fingers under the vascular occlusion and

the contrast groups.
2.3.2 MULTISPECTRAL RECONSTRUCTION OF SMARTPHONE CAMERA
To investigate the reconstruction performance, we reconstructed RGB images of 100 color

blocks from the color chart into multispectral images with Wiener estimation matrix. For
each color block, we calculated the average value of relative errors of 16 subchannels

between initial and reconstructed multispectral reflectance. The averaged relative errors of
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100 color blocks are shown in Table 2. The maximum, minimum and average values are
10.950%, 0.424% and 4.933%, respectively. Relative errors of the reconstruction are
higher in some color blocks, mainly in some blocks with dark cold tones. The
underexposure in blue and green wavebands caused by the relative lower power intensity
around 500nm of the light source can be the main factor. To show the reconstruction in
more details, we selected 3 representative samples, including the one with maximum
reconstruction error, the one with minimum reconstruction error and the one with
reconstruction error close to the average value of 100 color blocks, and compared their
initial and reconstructed reflectance in 16 wavebands, showing in Figure 2.8. Note that the
reflectance in each waveband was averaged from data in the central area, which is one
fourth of the total area of corresponding color block. The results indicate that reconstructed

multispectral images from RGB images match well with initial multispectral images.

Table 2. 2. Relative errors between initial and reconstructed multispectral reflectance of
100 color blocks.

4505% 6.659% 6.680% 7.090% 3.755% 5.159% 3.159% 3.248% 2.136% 2.592%
4328% 5567% 4516% 4.620% 1.747% 2.604% 1.226% 0.871% 0.696% 0.596%
4753% 8.695% 8.920% 8.533% 5.541% 7.577% 5.552% 6.514% 5979% 6.256%
7.535% 10.950% 10.825% 10.201% 7.668% 9.491% 7.605% 8.637% 8.354% 8.731%
5947% 9.164% 8.419% 7.298% 4.454% 5913% 3.299% 4.183% 3.775% 4.230%
5979% 8.886% 7.779% 6.439% 3.594% 4.946% 2.063% 2.928% 2.586% 3.135%
6.311% 8.728% 7.481% 5977% 3.190% 4.543% 1.443% 2371% 2.372% 2.989%
6.276% 8.588% 7.325% 5.792% 2.978% 4.274% 1.415% 2.051% 2.131% 2.741%
4.489% 7.148% 5.913% 4.400% 1.589% 2.468% 1.568% 1.060% 0.464% 0.424%
4.688% 7.509% 6.973% 5.930% 2.961% 4.075% 1.755% 1.885% 1.751% 2.150%
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Figure 2. 8. Comparison of reflectance in 16 wavebands of reconstructed
multispectral images from RGB images with initial multispectral images
from snapshot multispectral camera.

Shown are 3-representative color blocks. The relative error between initial
and reconstructed multispectral reflectance of the color blocks in the left,
medium and right are 10.95% (the maximum reconstruction error), 4.946%
(close to the mean error) and 0.424% (the minimum error) respectively.
Black box symbol represents the reflectance from initial multispectral
images; Red circle symbol corresponds to the reflectance of reconstructed
multispectral images. The insert of each panel is the RGB image of selected
color block.

2.3.3 ANALYSIS OF SKIN MORPHOLOGICAL FEATURES AND REAL-TIME

MONITORING USING SNAPSHOT-ENABLED MULTISPECTRAL IMAGING

Under dark environment, we conducted skin imaging to a volunteer with a smartphone,
showing in Figure 2.9(a). The illumination was provided by the built-in flashlight and the
smartphone camera was used to acquire images. These settings were the same as the
calibration steps when using the smartphone flashlight as the illumination source. By
stabilizing the illumination condition, the accuracy of the multispectral reconstruction was
ensured. The RGB-mode image of the facial skin was shown in Figure 2.9(b). There are
redness and moles in the field of view. The RGB-mode image was reconstructed into
multispectral images with Wiener estimation matrix as described above. The reconstructed
data consisted of 16 wavebands, simulating the multispectral images as if they were
captured by the snapshot multispectral camera. Blood vessels are localized within
relatively deep skin tissue so that lights with longer penetration depth are suitable for

detection. Therefore, we applied weighted subtractions between green- and red-light
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wavebands to extract hemoglobin absorption information. The extracted blood absorption
map is shown in Figure 2.9(c), where redness spots (red arrow) are significantly contrasted
from other features. Afterwards, we extracted melanin absorption with weighted
subtractions between blue and green bands because melanin exists in superficial layer of
the skin. Figure 2.9(d) shows the absorption map of melanin. As expected, the hemoglobin-

related features are significantly weakened while the nevi (black arrows) are enhanced in

this map.
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Figure 2. 9. The image acquisition and extraction of blood and melanin
absorption information content from multispectral reconstruction with the
RGB image from a smartphone camera with illumination from built-in
flashlight.

(a) Photography during image acquisition with the smartphone camera and
built-in flashlight. (b) Initial RGB-mode image of the facial skin captured
by the smartphone camera. (c) Blood absorption information map. (d)
Melanin absorption information map. Red arrow: skin redness; Black arrow:
moles. Blood and melanin absorption maps are coded according to the color
bar shown in the right.

To compare the skin analysis performance of the RGB-camera-based multispectral
imaging system and snapshot multispectral camera, we imaged the same skin area with two
cameras and conducted the same processing. Melanin absorption information was
extracted and compared as an example (Figure 2.10). Figure 2.10(a) shows the raw image
from the band 9 in the snapshot multispectral camera. The extracted melanin absorption

map from the images captured by multispectral camera is shown in Figure 2.10(b), where
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the details of two moles (marked by square boxes) are shown in the zoomed-in images
(Figure 2.10(c) to 10(d)). Analyses of images captured by the smartphone resulted in
melanin absorption map shown in Figure 2.10(f). Figs.2.10(g) and 10(h) are the zoomed-
in view of the two moles, marked by square boxes in Figure 2.10(f). Since the smartphone
camera has many more pixels than the snapshot camera, the melanin absorption map in
Figure 2.10(f) performs much better in terms of image resolution. From the zoomed-in
images, we can see that two moles absorption spots from smartphone-based system (Figure
2.10(g) to 10(h)) show clear edges and sizes. However, these characteristics are not clearly
depicted by the snapshot multispectral camera largely due to its limited spatial resolution.
It is worth noting that the unexpected high contrast in the skin area below the mandible (i.e.
jaw) was caused by the curvature of skin surface that makes the reflectance measurement

not uniform (typically low) at that area.

250
200
150

100

Figure 2. 10. Comparison of the imaging performance between snapshot
multispectral camera and smartphone-based multispectral reconstruction.

(a) Raw image of the facial skin with moles from band 9 of snapshot
multispectral camera. (b) Extracted melanin absorption map from snapshot
multispectral camera. (¢) Zoomed-in view of the left white box area of (b).
(d) Zoomed-in view of the right white box area of (b). (¢) Raw RGB image
of the same facial skin captured by the smartphone camera. (f) Extracted
melanin absorption map from the smartphone camera. (g) Zoomed-in view
of the left white box area of (f). (d) Zoomed-in view of the right white box
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area of (). Blood and melanin absorption maps are coded according to the
color bar shown in the right.

In our smartphone-based multispectral imaging and analysis method, as long as the
illumination is controlled to be generally stable, various types of light sources are
applicable in this system. Besides the smartphone flashlight, one of other types of regular
light sources, the fluorescent lamp, was tested in our study as well. Before imaging, we re-
conducted the calibration steps under the fluorescent lamp illumination and calculated the
new Wiener estimation matrix. Then, we used the same smartphone to image volunteer’s
facial skins and conducted similar reconstruction and processing for the captured RGB
images. We selected and presented analysis results of two parts on the left facial skin in
Figure 2.11. Figure 2.11(a) shows the initial RGB-mode image from the smartphone
camera under the fluorescent lamp illumination, where there are pimples and moles in the
field of view. The reconstruction and processing resulted in absorption information maps
of hemoglobin and melanin, showing in Figure 2.11(b) to 5(c), respectively. To clearly
show the analysis performance of different skin features, we zoomed in a small target area
(the red-box area in Figure 2.11(a)), to provide the detailed visualization in Figure 2.11(d)
to 5(f). Figure 2.11(e) to 5(f) clearly shows that the pimple (red arrow) is of higher blood
content while the mole has higher melanin content. The lower part of the facial skin features
one mole and many skin redness instead of pimples. With similar steps, the initial RGB
image, the extracted absorption maps of hemoglobin and melanin and corresponding
zoomed-in details of main features are shown in Figure 2.11(g) to 5(l), respectively. The
results in Figure 2.11 verified that fluorescent lamp can also be used as illumination source

in the smartphone-based multispectral imaging.
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Figure 2. 11. Extraction of blood and melanin information content from
multispectral reconstruction with the RGB images captured by a
smartphone camera under the fluorescent lamp illumination.

(a) Initial RGB image of upper facial skin captured by the smartphone. (b)
blood absorption map and (c) melanin absorption map of the facial skin,
with pimples and moles. Figure 2.11(d)-5(f) Zoomed-in views of the target
areas in red box of Figure 2.11(a)-5(c), respectively. (g) Initial RGB image
of lower facial skin captured by the smartphone, (h) blood absorption map
and (i) melanin absorption map of the facial skin, with pimples and moles.
Figure 2.11(j)-5(1) Zoomed-in views of the target areas in red box of Figure
2.11(9)-5(i), respectively. Red arrow: skin redness or pimples; Black arrow:

36
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moles. Blood and melanin absorption maps are coded according to the color
bar shown in the right.

Following the cycle of heart contraction and expansion, the blood supply in the body
appears pulsatile. Therefore, by monitoring the change of blood absorption intensity in skin
tissue, the heartbeat may be detected[58]. In the experiment, we used a fixed support to
keep the facial skin stable during the video recording process and provided illumination
with the smartphone flashlight, showing in Figure 2.12(a). We extracted the blood
absorption map from every frame in the video. From the blood absorption map in Figure
2.12(b), we can see higher blood absorption intensities at the areas of lips, eye socket and
ear positions than other areas, matching with our common senses. To test whether it is
possible to evaluate the heart rate from the time series of blood information maps, we
summed the signals of blood absorption map on whole facial skins for each frame in the
whole video. We then conducted Fourier transform of the time series of temporal variation
data. This process resulted in a plot in the frequency domain (black curve in Figure 2.12(c)),
where the main frequency peak around 1.05 Hz is identified, which we believe is the heart
beat frequency. As a proof, we used a pulse sensor and data-logger device (PowerLab 4/30,
AD Instruments) to provide reference heart rate measurements during imaging. The result
is shown in red curve in Figure 2.12(c) where a heart-beat frequency at 1.05 Hz is identified,
exactly matched with the measurement from smartphone camera. This demonstrates that

our monitoring has successfully captured heart rates in the heart cycles.
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Figure 2. 12. Heart Rate measurement with the smartphone-based
multispectral imaging system.

(a) One frame extracted from the RGB mode video in facial skin monitoring
with the smartphone camera under flashlight illumination. (b) The derived
map of blood absorption information (coded according to the color bar
shown in the right) overlaid with the raw grey-scale RGB image in (a). (c)
Black curve: The frequency spectrum of temporal profile of blood
absorption information content. Red curve: The heart rate reference from
the PowerLab pulse sensor.

Vascular occlusion monitoring is useful in the assessment of some clinical procedures,
like skin grafting[59], and monitoring in rehabilitations, like the pressure sores
monitoring[60]. In this study, we applied outside pressures with rubber ring on a
volunteer’s mid-finger to create a vascular occlusion. We kept the pressure for 60 seconds
and then released it. The pressure-on and recovery processes were recorded by the
smartphone camera. The illumination was provided by the smartphone flashlight. We
extracted one RGB frame at 60s in the video (Figure 7(a)) and reconstructed it into the
multispectral image. Figure 2.13(b) shows the blood absorption map extracted from the
reconstructed multispectral image. The oxygen saturation map was extracted as well and
shown in Figure 2.13(c). Compared with other fingers, the mid-finger under pressures
shows lower blood absorption and oxygenation intensities. The correlation coefficient

between the blood absorption map and the oxygen saturation map is calculated to be 0.9430,
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which means these two indices are highly related. The oxygenation status in the healthy
tissue is macroscopically stable, except for the periodical variation caused by the heart
cycle. The different intensities in the oxygenation map may be due to the density and
locations of the vascular components in the corresponding area, upon which to determine
the blood absorption mapping in our study. The supply of blood to the occluded skin area
was reduced, leading to the decrease of both blood volume and oxyhemoglobin. We
selected the dorsal skin on the middle digits of five fingers as the ROI. The field of view
was ~10x20 mm. During video recording, measures were taken to stabilize the hand and
fingers to minimize the motion artifacts. For every frame in the video, we summed blood
absorption and oxygen saturation intensities in the ROl (shown in the color box areas
Figure 2.13(a)) on five fingers. The temporal blood absorption and oxygen saturation
intensity variation curves were normalized and presented in Figure 2.13(d) and (e),
respectively. In the mid-finger curves, both blood absorption and oxygen saturation
intensities are relatively lower with pressures on. After releasing the rubber ring at around
60s, the intensities in both two curves show a rapid over-rebounding and then a slow
regression to a stable level. However, in control groups, which consists of other four fingers,

blood absorption and oxygen saturation intensities are more stable during the monitoring.
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Figure 2. 13. Vascular occlusion monitoring with the smartphone-based
multispectral imaging system.

(a) Representative RGB frame at 60s from the monitoring video during
vascular occlusion on the middle finger. (b) Blood absorption map at 60s
extracted from multispectral reconstruction based on the RGB frame in (a)
(color-coded according to color bar shown in the right). (c) Oxygen
saturation map at 60s extracted from multispectral reconstruction based on

the RGB frame in (a) (color-coded according to color bar shown in the right).

(d) Real-time response curves of blood absorption intensities on middle
finger during vascular occlusion. The intensities were normalized
summations of blood absorption intensities in corresponding color box
areas in (a): Experiment group: black curve: box 1, mid-finger. Control
group: red curve: box 2, forefinger; green curve: box 3, index finger; blue
curve: box 4, little finger; teal curve: box 5, thumb. (e) Real-time response
curves of oxygen saturation intensities on finger skins during vascular
occlusion. The intensities were normalized summations of oxygen
saturation intensities in corresponding color box areas in (a). Experiment
group: black curve: box 1, mid-finger. Control group: red curve: box 2,
forefinger; green curve: box 3, index finger; blue curve: box 4, little finger;
teal curve: box 5, thumb). (f) Visualization of RGB frames, blood
absorption maps and oxygen saturation maps at 10s, 50s, 70s and 110s from
the monitoring video to vascular occlusion on middle finger. Blood
absorption maps were color-coded according to color bar shown in (b).

40
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Oxygen saturation maps were color-coded according to color bar shown in
().

To provide visualized proofs to these variations, we intercepted four frames at around
10s, 50s, 70s and 110s in the video to extract the blood absorption and oxygenation maps.
The initial RGB-mode frames, blood absorption and oxygen saturation maps are
respectively listed in Figure 2.7(f). As expected, the blood perfusion and oxygenation on
the mid-finger at 10 and 50s were relatively weaker than other fingers. At 70s, these two
indices are relatively higher than other fingers. Finally, at 110s, the blood absorption and
oxygenation intensities regressed to the similar level with other fingers. These results
demonstrate that our smartphone-based multispectral imaging method could be applicable

in hemodynamic monitoring of the skin vascular occlusion.
2.4 DISCUSSION AND CONCLUSION

Commercial smartphones have experienced a booming development in the past ten years.
Up to 2019, there are 2.71 billion of smartphone users worldwide. Following the
development of smartphone, smartphone camera is also being increasingly advanced,
especially in its imaging quality, fidelity, resolution and speed. Some flagship smartphones
equip cameras with 12 million pixels and can achieve video recording at 60 fps. Under
some special setups, like slow motion modes, some smartphone cameras can even realize
high-speed recording at 960 fps. All these advancements make the smartphone-based
imaging method attractive in providing cost-effective skin assessments with high spatial

and temporal resolution.

Chromophores, mainly hemoglobin and melanin, in the skin tissue are the dominant
factors which have potential impacts on the skin assessments, both in clinical dermatology

and cosmetics. Hemoglobin concentration is related to the features like skin redness,
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inflammations and vascular abnormalities. Melanin variation often presents in skin
pigmentations, nevus and some skin cancers[61]. Recently, multispectral imaging provides
a strategy with both spectral analysis and snapshot visualization abilities, which has shown

the attractive potential to be more widely used in the skin assessments.

Our study aims to provide a smartphone-based multispectral imaging system for the
skin assessments. Since the RGB mode of smartphone cameras lacks enough wavebands
and spectral resolutions to properly conduct multispectral analysis, we innovatively applied
Wiener estimation to transform RGB images captured by the smartphone camera into the
multispectral images. While there may be other more efficient and optimal methods, we
selected Wiener estimation in our study. We showed that Wiener estimation has been
promising in providing accurate and high-resolution multispectral reconstruction. We note
that such reconstruction using Winer estimation relies on the training of a big set of samples,

requiring independent measurements to the spectral reflection of each sample.

The spectral calibration would be ideally conducted by the use of high-resolution
spectrometers. However, in doing so, the calibration process would suffer extremely high
workload and perhaps instabilities because it has to be done at each wavelength one by one.
To mitigate this prohibitive and tedious task, we used a state-of-the-art snapshot
multispectral camera with 16 wavebands ranging from 470nm to 620nm to provide spectral
reflection calibration. With this camera, the measurements of multiple wavelengths,
multiple samples and the co-registration of sampling area in each sample can be easily
achieved by selecting and calculating corresponding areas of the color chart in the RGB
and multispectral images. Therefore, the calibration is realized by taking RGB and

multispectral images of the color chart under the same illumination, dramatically reducing
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the tedious workload in the process and increasing the stability of calibration. However,
like traditional calibrations with spectrometers, the effectiveness of our calibration and
training is also limited for practical applications because the same illumination condition

is required. An alternation of ambient lights may require re-calibration.

The calibration process resulted in a Wiener estimation matrix that is used to transform
the RGB images into multispectral images. Since it is done through pixel by pixel, the
reconstructed multispectral images possess the same spatial pixel resolution as the original
RGB images (typically around 800 million spatial pixels), and each pixel bearing spectral
information with 16 wavebands in visible range. With weighted subtractions between
different wavebands, the target chromophores were contrasted from surrounding tissues.
Coupling with above multispectral reconstruction and post-processing steps, we showed
the smartphone camera’s abilities to visualize blood, melanin absorption maps and oxygen
saturation in the facial skin. Besides, the extraction and separation of chromophores could
provide an ability of smartphone-based system to quantitatively analyze and monitor the
skin temporal activities (however, it should be understood that this is still an estimation).
Compared with conventional multispectral imaging system, which mostly relies on lasers
or tunable optical filters, the smartphone-based multispectral imaging system eliminates
the internal time difference within frames, greatly improving the imaging speed and
immunity to motion artifacts. Furthermore, compared with advanced and costly
multispectral cameras, the smartphone based multispectral imaging is superior in terms of
its spatial resolution. In addition, our method shows flexibility in terms of different
illumination conditions. The smartphone flashlight and the daily-used fluorescence lamps

are all applicable in this strategy. Most importantly, our strategy does not require any
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modification or addition to the existing smartphones, which makes multispectral imaging
and analysis of skin tissue possible in daily scenes out of labs. This may be particularly
important and appealing for the inhabitant regions where the resource-settings are

relatively low.

We have conducted the analyses of regular skin features, like pimples and nevus, to
provide proof of concept for the feasibility and advantages of smartphone-based
multispectral imaging system and methods. If properly developed, we believe that this
method would be also applicable to facilitate the diagnosis and prognosis of some other
dermatosis with chromophore abnormalities, like malignant melanoma[62]. In addition,
the smartphone-based operation would hold the enormous promises in cosmetic
applications, where the assessments of the UV spots and the skin hyperpigmentation[63]
are often needed. In the future, related mobile applications of skin assessments may be
developed as the APPs for the smartphones, and consumers may utilize them to

conveniently conduct self-analyses of their own skin conditions.

There is often lack of scientific devices and instruments for multispectral imaging in
the low-resource setting regions. However, due to the explosive growth of mobile
communication techniques, smartphone becomes widely used, even in the developing
countries and rural areas. Our study introduces the use of low-cost smartphone to realize
multispectral analysis of the skin, providing an opportunity for users to achieve skin
assessments. The popularity of smartphones makes the proposed multispectral imaging
useful in daily cosmetic and dermatologic applications. In addition, the multispectral
reconstruction may also be applicable to other imaging techniques, such as microscopy and

fluorescent imaging, to extract more sensitive information of interest from the typical RGB
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images. However, the calibration settings and steps as discussed in this paper still require
further improvement and optimization so that it can be easily deployable to ordinary

smartphones, including illumination during the calibration and imaging.

We have proposed a smartphone-based multispectral imaging system and
corresponding post-processing methods for the skin analysis and monitoring. Using
Wiener estimation strategy, RGB-mode skin images acquired by the smartphone camera
were reconstructed/transformed into multispectral images with 16 wavebands, simulating
as if they were captured by a 16-channel multispectral camera. After transformation,
weighted subtractions were applied to extract blood and melanin absorption information
from the reconstructed multispectral images of skins, realizing the spatial analysis of skin
features. Meanwhile, we have demonstrated the advantages of smartphone-based
multispectral system in terms of its inherent imaging resolution and the adaptability to
various illumination sources. We have also presented that the proposed system can be used
to monitor the skin hemodynamic activities in heart cycles and in a vascular occlusion.
Compared with conventional multispectral imaging methods relied on lasers or tunable
filters, our method improves dramatically the system compactness and immunity to motion
artifacts. Compared with snapshot-multispectral-camera based systems, the smartphone-
based system has higher imaging resolution, and is very cost-effective. Finally, differing
from systems in labs and wards, our smartphone-based system is flexible enough to be used
by users no matter when and where they are as long as there is a smartphone available. It
should be reasonable to anticipate that our system and methods can be extremely useful in
dermatology and cosmetology applications in future, especially in the inhabitant regions

with low-resource settings.
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Chapter 3. DEVELOPMENT OF SMARTPHONE-ENABLED
MULTISPECTRAL AUTOFLUORESCENCE IMAGING METHOD FOR
BACTERIA ASSESSMENTS IN SKIN AND ORAL CAVITY

3.1 BACKGROUND AND MOTIVATION

Many microbiomes like bacteria massively colonize on human tissue, sometimes even
having larger population than human host cells[64]. Typical bacteria that reside in the skin,
like cutibacterium acnes, are usually active in sebaceous glands[65]. The relevant
metabolic activities of these bacteria trigger the risks of inflammation, leading to skin
disorders, such as folliculitis and acne vulgaris[66]. Another common site of the bacteria
reproduction is within the oral cavity, potentially causing dental plaque that may progress
to tooth decay and further to periodontal diseases[67]. Therefore, bacteria assessments are

clinically important for skin and oral health care.

In conventional bacterial assessments for skin and oral cavity, visual inspection is still
being most widely used. Relying on the observation with naked eyes, this method is highly
subjective. Even with experienced assessors, uncertainty often exists in the determination
and evaluation of bacterial infection. To provide an objective and more accurate bacterial
assessment, efforts have been paid to develop strategies to facilitate the visualization and
diagnosis. For example, tape stripping and gram staining were used in the evaluation of
bacterial infections within facial skin[68]. However, the entire procedure for sampling and
staining is time-consuming, making such method difficult to provide real-time aids. As for
the assessing the bacterial infection in the oral cavity, dental plaque is usually detected

through the application of a disclosing gel or tablet. However, the use of external dye is
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possible to cause harm to one’s health[69]. Besides, the disclosing gel test is highly
specialized for visualizing dental plaque, thus not applicable for detecting bacterial
infections of all kinds and in other types of oral tissue. For these reasons, a new technology
is in high demand that can provide real-time, non-invasive, and label-free assessment of

bacteria in various human body parts.

Recent developments of fluorescence imaging have presented new interests and
opportunities for assessing bacteria contents in the human tissue[70]. Porphyrins, for
example, as a byproduct of bacterial reproduction and metabolism accumulating in
sebaceous glands of skin and in dental plaque[71], fluoresce red light signals under black
light stimulation, which can be contrasted from green autofluorescence background
(originated from endogenous tissue components)[72]. By tracking porphyrins-induced red
fluorescence signals, the bacteria-contaminated tissue can be effectively mapped.
Accordingly, a numbers of fluorescence imaging devices have been developed for bacteria
assessment in human tissue. For example, Seo et al have imaged bacteria within facial skin
using a filtered Xe lamp as the light source and a spectrograph as the detector[73]. Veen et
al have used a light-induced fluorescence imaging system to investigate the red
fluorescence from dental biofilms[74]. A common limitation in these devices is the
bulkiness of the setup as a result of the requirement of complicated wavelength filtering
components, hindering their applications in routine and cost-effective examinations. In
addition, due to the necessity to switch the wavelengths to realize the multispectral
imaging, motion artifacts can often be introduced, which may contaminate the imaging
quality. Some handheld devices have been recently developed to tackle this problem[75].

However, these developments can only provide RGB-mode snapshot photographs, lacking
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advanced functions of spectral analysis that can enhance the detection accuracy from the
complex autofluorescence tissue background. Furthermore, the color space of
autofluorescence often varies due to the complicated makeup of the background tissue,
which may introduce confounding factors in the assessment. These above-listed concerns
in current autofluorescence imaging devices must be addressed before it can become

practically useful for bacteria assessment in human tissues.

In this study, we propose a smartphone-enabled snapshot multispectral
autofluorescence imaging system for mapping and analyzing bacterial infection in the
facial skin and oral cavity. The system consists of an unmodified and intact commercial
smartphone and a LED attachment, which provides the stimulation of fluorophores and
acquires autofluorescence photographs in RGB mode. By using Wiener estimation method,
the RGB autofluorescence photographs are converted into multispectral data cubes,
providing an ability to spectrally analyze the fluorescence emissions due to bacteria-
produced porphyrins and background tissue. In the reconstructed multispectral data cube,
a weighted subtraction algorithm is proposed to extract bacteria-related fluorescence
signals. Through the imaging and processing in facial skin and dental plaque, we show the

usefulness of the proposed method in bacteria assessments within human body parts.

3.2 MATERIAL AND METHODS

3.2.1 SETUP AND CALIBRATION OF SMARTPHONE-ENABLED IMAGING

SYSTEM

A schematic setup of smartphone-enabled autofluorescence multispectral imaging system
is shown in Figure 1. The device consisted of a commercial smartphone and a home-made

LED attachment (Figure 3.1(b, c)), where an iPhone 8 (Apple, USA) was used for
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demonstration purpose though any type of smartphones can be used. The attachment was
assembled with 10 black light LEDs (365 nm) on a 3D-printed annulus to provide light
stimulation. The illumination uniformity in the field of view (FOV) was tested with a
standard 95% reflection board. U1 (Minimum/Average lux) and U2 (Minimum /Maximum
lux) were assessed as 0.92 and 0.78, respectively, meaning the illumination is relatively
uniform. In the smartphone, we installed “Raw+" from the App Store and used it as a
mobile application for photographing. When taking the photograph, the image resolution
was set at 3024X4032 pixels. The shutter speed, ISO and white balance were set to be 1/60

seconds, 800 and 4000K, respectively.

The smartphone-based device was calibrated by a multispectral imaging system (Figure
3.1(a)). In this system, the target was stimulated by the same black light source. The
stimulated fluorescence signals were relayed by a lens assembly to pass through a linear
variable visible bandpass filter (400 nm to 700 nm, Edmund, USA). The filtered
fluorescence signals were collected by a monochrome camera (A501K, Basler, Germany).
By translating linear filter laterally as shown, the filtering wavelength of system can be
adjusted. A spectrometer (CCS100, Thorlabs, USA) was used to label the working
wavelengths at different translating positions. We selected 15 wavebands from 420 nm to
700 nm as our target for reconstruction (Figure 3.1(e)). To provide calibration training data
set, we synthesized a fluorescence color chart by staining a resin base with black light
fluorescent dyes which are used for body paint (Figure 3.1(d)). Through the mixing of
various dyes, we obtained 40 color blocks with unique fluorescence appearance. During

the calibration process, we illuminated this fluorescence color chart with the LED
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attachment (Figure 3.1(b)). RGB-mode photographs and multispectral data cubes were

acquired by the smartphone camera and linear-filter-based system, respectively.

To assess the performance of the proposed system and methods, we recruited two
volunteers with combination and oily skin types, respectively. This study adhered to the
tenets of the Declaration of Helsinki and was performed in accordance with the Health
Insurance Portability and Accountability Act. Ethical approval was obtained from the
Institutional Review Board of the University of Washington. All enrolled participants
provided written informed consent. We conducted autofluorescence imaging to the facial
skin and teeth of volunteers with the proposed smartphone-enabled device under black light

illumination.
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Figure 3. 1. Schematic for calibrating the smartphone-enabled multispectral
fluorescence imaging system.

(@) Schematic of linear-filter-based multispectral imaging system for
calibrating the smartphone-based device. FL: fluorescent color chart; SLS:
short-wave light source, L1~4: lens; PH: pinhole; LF: linear variable visible
bandpass filter. (b) Setup of smartphone-enabled autofluorescence imaging
system. (¢) Photographs of the front and back sides of real smartphone with
attachment. (d) Home-made fluorescent color chart under black light
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illumination. E. Wavelength-dependent sensitivity of selected 15
wavebands in multispectral imaging system.

3.2.3 SPECTRAL ANALYSIS AND EXTRACTION OF BACTERIA INFORMATION

On each RGB-mode autofluorescence photograph, we applied Wiener estimation
reconstruction to transform it into multispectral data cube with 15 wavebands from 420 nm
to 700 nm. From the data cube, we selected bacteria-contaminated tissue and endogenous
tissue as the targets to compare their spectral appearance, thus realizing bacteria-targeted
spectral analyses. According to their spectral performance of fluorescence, we applied
weighted subtraction between different wavebands to extract and contrast porphyrins from

the tissue beds.

3.3 RESULTS

3.3.1 CALIBRATION PROGRESS AND MULTISPECTRAL FLUORESCENCE

RECONSTRUCTION ACCURACY

The estimated Winer estimation matrix affects whether multispectral information of
autofluorescence can be accurately recovered from the RGB-mode autofluorescence
photographs, thus directly determining the performance of subsequent spectral analysis and
feature mapping. To investigate the reconstruction accuracy, we applied the estimated
Wiener matrix back to the RGB-mode photograph of fluorescent color chart to reconstruct
initial fluorescence spectra of 40 color blocks. Then, we calculated correlation coefficients
and root mean square errors between initial and reconstructed fluorescence spectra of these
color blocks. The results of which are given in Table 3. 1 and 3. 2. The maximum,
minimum, mean values and standard deviation of correlation coefficients are 0.9970,

0.9125, 0.9663, and 0.0250, respectively. Lower correlation coefficients in some
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fluorescent color blocks may be caused by relative weaker fluorescent signals. Due to the
different quantum efficiencies, the sensors in smartphone cameras are more sensitive to
green lights than others, which may cause higher reconstruction accuracy in corresponding
wavebands. However, the different quantum efficiency between different smartphone
cameras will not cause biased reconstruction results. For each color block, the root mean
square error was averaged from the values of 15 wavebands. We selected three
representative blocks, including the best, the worst and the one with the correlation
coefficient close to the averaged value of all blocks, and showed their initial and
reconstructed fluorescence spectra in Figure 3.2. These results demonstrate that our
estimated Wiener matrix can faithfully recover multispectral information from the RGB-

mode autofluorescence photographs with good accuracy.

Table 3. 1. Correlation coefficients between initial and reconstructed fluorescence
spectra of 40 color blocks.

0.9265 0.9369 0.9400 0.9330 0.9690 0.9867 0.9792 0.9794 0.9380 0.9862
0.9696 0.9326 0.9827 0.9247 0.9761 0.9774 0.9549 0.9663 0.9666 0.9804
0.9125 0.9225 0.9706 0.9864 0.9417 0.9841 0.9518 0.9559 0.9788 0.9236
0.9316 0.9884 0.9318 0.9883 0.9494 0.9929 0.9970 0.9940 0.9940 0.9351

Table 3. 2. Root mean square errors between initial and reconstructed fluorescence
spectra of 40 color blocks.

2.7041 1.7878 3.8703 2.2134 2.6815 1.4285 2.0663 2.9904 2.1563 0.6363
1.4417 2.5464 1.4353 1.7301 1.6579 0.7343 2.7354 1.6797 2.8988 2.1948
2.6527 1.6286 1.8531 0.6651 2.1558 1.3972 4.0032 3.4471 3.4509 2.2908

2.6320 1.2138 1.4000 0.9280 1.7134 1.6525 1.1765 1.3619 1.0376 1.1561
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Figure 3. 2. Comparison of initial and reconstructed fluorescence spectra
in 15 wavebands from 3-representative fluorescent color blocks.
The correlation coefficients in left, middle and right are 0.9125 (the worst),
0.9663 (close to the mean value) and 0.9970 (the best), respectively. R:
initial fluorescent spectra; E: reconstructed fluorescence spectra.

3.3.2 AUTOFLUORESCENCE IMAGING OF SKIN AND ORAL CAVITY WITH

SMARTPHONE-BASED DEVICE

In this part, we show the autofluorescence imaging results from volunteer 1. Figure 3.3(a)
shows the RGB-mode autofluorescence photograph from the right-side skin of nose bridge,
where it is evident that the skin tissue around the hair follicles fluoresce red signals. From
the partial zoom-in image in Figure 3.3(b), the fluorescence at different spots is seen to
vary in color and strength. Similar skin autofluorescence appearance can be observed in
photographs of the nose alar (Figure 3.3(c)) and its zoom-in details (Figure 3.3(d)). The
different autofluorescence performance around hair follicles are believed to be caused by
multiple factors, including the amount of sebum secretion and bacteria activeness. In
general, excessive sebum secretion in sebaceous glands and high bacterial contamination
work together to produce strong red fluorescence signals [30]. Figure 3.3(e) shows the
autofluorescence photograph of the teeth in the subject’s oral cavity, where the significant
red fluorescence signal at the root part of the lateral incisor is a strong indication of the
existence of dental plaque, a mass of bacteria. From the zoomed-in detail of the lateral

incisors (Figure 3.3(f)), the intensity of red fluorescence is seen not evenly distributed in
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the dental plaque region. The boundary is fuzzy due to the presence of autofluorescence
signals by the endogenous teeth tissue. While the fluorescence photographs clearly indicate
the porphyrin-containing bacteria accumulation in the host tissue, the extraction and
quantitative assessment of the bacteria content is difficult largely due to the strong
background fluorescence signals emitted by the host tissue components, e.g. protein

collagens, enamel, dentin etc. in this case.

Figure 3. 3. RGB-mode autofluorescence photographs of facial skin and
oral cavity acquired from volunteer 1 by smartphone-based device,
indicating the bacteria accumulation on the host tissue.

(a) Photographs of right side of nose bridge. (b) Zoom-in view of the red
box area of (a). (c) Photographs of lest side of nose alar. (d) Zoom-in view
of the red box area of (c). (e) Photographs of teeth. (f) Zoom-in view of the
red box area of (e).
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3.3.3 MULTISPECTRAL RECONSTRUCTION OF AUTOFLUORESCENCE

PHOTOGRAPHS OF SKIN AND ORAL CAVITY

As described above, the RGB-mode autofluorescence photographs of facial skin and teeth
(Figure 3.3) were converted into multispectral data cubes (Figure 3.4) using the estimated
Wiener matrix. As shown in Figure 3.4(a) and Figure 3.4(b), background skin tissue at the
nose bridge and alar emits strong fluorescence in blue and green wavebands (from 440 nm
to 520 nm), consistent with autofluorescence measurements reported by Croce and
Bottiroli [31]. The fluorescence peaks in blue-green wavebands are believed to be
contributed by multiple fluorophores including proteins, NADH, vitamins and fatty acids.
The spot areas around hair follicles fluoresce red light, especially from 600 nm to 660 nm,
matching well with prior fluorescence measurements of porphyrins [32]. Figure 3.4(c)
shows reconstructed multispectral data cube of autofluorescence from the teeth (Figure
3.3(e)), where strong fluorescence exists from 420 nm to 600 nm. It appears that the
fluorescence at this band peaks at around 500 nm and 520 nm, which are typical
fluorescence peaks of dentin and enamel [33]. The dental plaque on the surface of lateral
incisor shows similar responses to that of hair follicle regions in Figure 3.4(a) and (b),
fluorescing intense signals from 600 nm to 660 nm. The reconstructed multispectral data
cube verified the different spectral performance of bacteria-produced porphyrins and
background tissue, indicating that this multispectral information can be utilized to

distinguish them by conducting spectra-based analyses and processing.
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1 250

Figure 3. 4. Reconstructed multispectral autofluorescence data cube at the
wavelength bands as shown from the RGB-mode photographs.

(a) Multispectral data cube of right side of nose bridge. (b) Multispectral
data cube of lest side of nose alar. (c) Multispectral data cube of teeth. The
reconstructed spectra range from 420 nm to 700 nm, the labeled number on
each image indicates the corresponding waveband. The color bar indicates
the signal strength at a full scale of 8-bits.

3.3.4 SPECTRAL ANALYSIS AND BACTERIA-TARGETED FEATURE MAPPING

To compare the fluorescence spectral performance between bacteria-contaminated tissue
and background skin on the side of nose bridge, we selected 10 data points with red
fluorescence signals and other 10 background data points in the fluorescence photograph
(Figure 3.5), where the fluorescence spectra were extracted from the reconstructed
multispectral data cubes using the proposed method. The positions of these data points are
labeled with red and blue arrows, respectively, as shown in Figure 3.5(a). Figure 3.5(b)
shows that the two groups of data points behave similarly in fluorescence spectra from 420

nm to 540 nm. However, from 560 nm to 700 nm, the fluorescence signal strength in the
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bacteria group is obviously higher than the background skin group. The intensity difference
reaches a maximum around 600 nm and 620 nm. According to the weighted subtraction
method as introduced above, we selected 600 nm (Figure 3.5(c1)) and 560 nm (Figure
3.5(c2)) as two wavebands to conduct dual-waveband processing to realize the feature
mapping of bacteria-produced porphyrins. From the spectral analysis result, the subtraction
ratio was calculated to be 1.22, which was applied in the subtraction strategy. The result is
shown in Figure 3.5(c3), which is porphyrin-feature mapping, showing minimal
background signal contamination. Figure 3.5(d) to (f) show the similar spectral analyses
and feature mapping of the porphyrin content within the skin located at the left side of nose

alar.

Figure 3.5(g) is the photograph of the fluorescence image captured from teeth, where
the background greenish fluorescence produced by tooth tissue components (e.g. enamel,
dentin etc.) is seen to dominate. To separate the fluorescence due to porphyrin-containing
plague from the strong background fluorescence, we again selected 10 data points on the
clean surface of lateral incisor to be the background group and 10 points from the plaque
locations. For this case, the weighted subtraction ratio was calculated to be 0.58. After the
subtraction strategy was applied, the fluorescence signals of teeth were removed, resulting
in the dental plaque area clearly outlined (Figure 3.5(i)). To make a clearer illustration for
the porphyrin-mapping performance, we conducted a quantitative analysis to the bacteria-
produced porphyrins and background signals. In doing so, we first selected twenty
corresponding positions from each image of the RGB photograph, reconstructed
multispectral data at 560 nm and 600 nm and porphyrin-feature mapping. The signal

strengths due to either bacteria-produced porphyrins or background tissue at these locations
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were evaluated and averaged. The results are presented in a bar plot format (Figure 3.5())),
where the strong background signals exist in both RGB and multispectral images.
However, the background signals are significantly suppressed in feature-mapping result
(i.e. porphyrin feature mapping shown in the images marked by ‘3’ at the right column of
Figure 3.5). To quantify the contrast enhancements, the ratios between porphyrins and
background signals in all groups of data were calculated and shown in Figure 3.5(j), where
the signals due to the background skin and teeth were seen greatly reduced when using the
proposed subtraction strategy, with a contrast enhancement between 5 and 15 times
compared with either raw fluorescence image or multiple spectral images. Therefore, the
use of the signals after applying the subtraction strategy would be more accurate in the
quantitative measurement of porphyrin contents to indicate the severity of bacterial
infections. It should be noted that the background of dental plaque imaging came from
teeth, different from facial skin. Thus, the weighted subtraction was conducted between
porphyrins and teeth fluorescence, resulting in Figure 3.5(i3) where the background teeth
signals are basically removed with some background signal residues in gingiva and lips
areas. While it is beyond the scope of this study, the elimination of multiple background
signals with different emission spectrum, like teeth and gingiva, can be realized by

expanding our dual-waveband weighted subtraction to a multi-waveband model.
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Figure 3. 5. Mapping and Quantification of porphyrins fluorescence.

(a, d, g) Positions of the selected 10 data points of porphyrin and
background tissue groups illustrated respectively on the fluorescence
photographs. Red arrow: bacteria-related points; blue arrow: background.
(b, e, h) Corresponding spectral analysis of two groups of points selected

from (a), (d) and (g). Red line: bacteria-related points; blue line: background.

(c, f, i) Weighted subtraction processing for bacteria-targeted feature
mapping, where 1): image from 600 nm waveband; 2): image from 560 nm
waveband; and 3): bacteria-targeted feature mapping with background
signal contamination removed. (j) Quantitative analysis of bacteria-
produced porphyrins and background autofluorescence. The intensity from
each group is averaged from 20 selected data points. Labeled numbers on
bars are the intensity ratios between porphyrins and background signals.
The letters and numbers on the horizontal axis refer to the quantification
from specific figures (e.g. C1 points to Figure 3.5(cl)).
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3.3.5 BACTERIA ASSESSMENTS OF COMBINATION AND OILY SKINS

In common senses, compared with the combination type of skins, oily skin is of more active
sebum secretion in order to subsidize higher bacteria accumulation in sebaceous glands. It
is acknowledged that for the combination skin type, cheek areas usually show lower
bacterial infection than the nose areas do, whereas for the oily skin, the bacterial infection
is believed to be equally active in both the areas. With our smartphone-enabled system and
processing methods, we imaged the nose and cheek areas of the two volunteers and
conducted bacteria assessments of the two distinct skin types. Figure 3.6(a) and (d) show
the direct facial RGB photographs of combination and oily skins, respectively. From the
facial skin, we selected the nose and cheek areas as the imaging targets of interest, showing
by the red dot boxes. The autofluorescence photographs of corresponding areas are shown
in Figure 3.6(b) and (e), from where red fluorescence spots in both the nose and cheek
areas of oily skin appear denser and brighter than those of the combination skin type. As
somewhat expected, only a very small amount of red fluorescence spots can be found in
the cheek area of the combination skin (Figure 3.6(b2)), whereas these specific features are
densely distributed in the cheek area of oily skin (Figure 3.6(e2)). After multispectral
reconstruction and feature extraction, we obtained bacteria-targeted feature mapping from
autofluorescence photographs, showing in Figure 3.6(c) and (f). As discussed above, the
extracted signal strengths can be used as a direct indication of the extent of porphyrin
accumulations, thus could be used for evaluating the bacterial infection conditions of the
skin. The mapping results here have confirmed the usefulness of our proposed method, for
that the signal strengths support our common sense about the oily skin being infected more

severe by bacteria, especially in the cheek area. Based on the mapping results, we
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conducted further quantitative assessments to statistically compare the differences. Figure
3.6(g) shows the amount of features (bright spots) counted from each sampling area. Figure
3.6(h) shows the average signal strengths of porphyrins fluorescence in these areas. From
the quantitative results, it is concluded that sebaceous glands in the nose area are widely
infected by bacteria in both the skin types, with the bacterial metabolism more active in the
oily skin. Further, sebaceous glands in cheek area of the combination skin are almost free
from obvious bacterial infection, while those in the oily skin are pervasively and heavily
infected. These comparison and quantification demonstrate the ability of the proposed
system and method to evaluate the bacterial infections of different skin samples.
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Figure 3. 6. Bacterial assessments of combination and oily skin types.

(a, d) Straight facial RGB photograph of a volunteer with combined and oily
skin type, respectively. Red dot box areas marked with “1” and “2” indicate
the targeted fluorescence imaging areas at the nose and cheek regions,
respectively. (b, e) Smartphone-enabled autofluorescence photographs of
the targeted areas in (a) and (d), respectively. (c, f) Bacteria-targeted feature
mapping calculated from (b) and (e). (g) Amounts of bacteria-produced
porphyrins features in targeted nose and cheek areas of the combined and
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oily skin types. (h) Average fluorescence intensities of the targeted nose and
cheek areas of combined and oily skin types. The letters and numbers on
horizontal axis of (g) and (h) point to the specific figures (e.g. C1 points to
nose area in Figure 3.6(cl)).

3.4 DISCUSSION AND CONCLUSION

Skin and oral care have experienced a booming development in the past decade. The global
market size for the skin and oral care products was valued at around 180 billion U.S. dollars
in 2019 and is expected to reach 240 billion U.S. dollars in the next five years. Following
this broad market figures, the development of skin and oral assessment tools that are
capable of identifying and creating personalized products, are surging in demand at the
same time. Bacterial infection is one of the most important factors to cause conditions in
the skin and oral cavity. Recently, camera-based imaging has shown its attractiveness and
potential in providing real-time and visualized assessment of the bacterial infection. In this
study, we initiated a smartphone-enabled imaging system to realize mobile multispectral
autofluorescence photography. With this cost-effective, compact and flexible imaging
device, camera-based bacterial assessments can be made available in people’s daily lives
rather than in research labs and clinical wards, which presents potential in both spreading

this technique and improving public health care.

There are a number of multispectral imaging systems that have been developed for
smartphone use. However, most of them rely on the additional hardware, e.g., optical filters
or monochromatic light sources to realize the multispectral imaging. For example, Hwang
et. al used an auxiliary miniaturized filter-wheel-based multispectral system on the
smartphone to select spectral illumination from housed white LED [35]. Liang et. al
assembled LEDs of various wavelengths from 400 nm to 1000 nm on a PCB board to

achieve polarized multispectral imaging [36]. In these systems, the selection of required
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illumination wavelengths requires time to complete, introducing motion artifacts in
multispectral data cubes. In comparison, our method requires no extra attachments for
realizing multispectral imaging. In addition, there is no motion artifact contamination in
our system and method since the multiple spectral imaging is realized from a single
snapshot photograph, which improves the accuracy of final results and also supports the

compactness of system.

In this study, we have conducted the analyses of porphyrins fluorescence as a proof of
concept to introduce our system and method, in which the porphyrin content was contrasted
with the dual-waveband subtraction method after multispectral reconstructions. Moreover,
our method can also be developed to meet the purpose of contrasting fluorophores from
background with higher crosstalk. Weighted subtraction method can be expanded to a
multiple waveband model if signals from multiple fluorophores are close to each other.
Therefore, our system and method can be used in the applications involving more
complicated skin components, such as in clinical wound care. An example of such can be
the differentiation of bioburden in the wound bed that fluoresce highly mixed signals.
Except for metabolic porphyrins, pyoverdines also exists as bacterial byproducts in
bioburden and fluoresce cyan under black light illumination which can easily be
overwhelmed by endogenous green fluorescence. With our method, these fluorophores can
be potentially separated and mapped from the wound bed, thus providing visual guidance
for wound healing prediction and debridement. Besides, although we are applying our
system and method to analyze bacterial infections of human tissue in this study, the
proposed strategy can be generalized in other applications which require fluorescence

differentiation and quantification. For example, as we mentioned above, the endogenous
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fluorescence of skin is contributed by multiple fluorophores including collagen proteins.
By adjusting reconstructed wavelengths, our smartphone-enabled device and method can
also be applied in investigations of the collagen, useful to evaluate aging performance of

skin.

There are some limitations in our current study to use smartphone-enabled system in
bacteria-targeted imaging and assessments. At the current stage, we are imaging facial skin
and dental plaque from only two volunteers as a proof of concept. More subjects are clearly
needed in order to further improve and validate the performance of our system and method
with a sufficient statistical power, paving the way towards practical and sophisticated
applications (including clinical). Besides, currently, smartphone cameras with different
sensors need to be calibrated independently because of their unique performance in the
RGB space. Except for the efficiency reduction caused by the tedious calibration step, the
lack of standard fluorescent color checker would also lead to uncertainties in reconstruction
performance. These factors may limit the generalization of proposed system and method.
In the future, we will develop universal and simplified calibration methods, including
building a standard fluorescence color checker and RGB-mode transformation algorithms,
to support our strategy to be applicable on different smartphone operating platforms.
Furthermore, at present, the multispectral reconstruction, spectral analysis, feature
mapping and quantitative analysis are still achieved by off-line processing, thus the
usability and efficiency of this smartphone-enabled system have not been fully exploited.
By utilizing the strong communicating and computing power of current commercial

smartphones, we will further build mobile applications and apply cloud computing to
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realize real-time and online processing of data, which would be extremely helpful to

develop mobile health and could-based data managements on our imaging platform.

We have proposed a smartphone-enabled autofluorescence imaging system for bacteria
assessment within human tissue. Based on this system, we developed corresponding
multispectral reconstruction and weighted subtraction methods to realize spectral analysis
and feature mapping of bacteria-targeted features in skin and oral cavity. With the Wiener
estimation strategy, the acquired RGB-mode autofluorescence images were converted into
multispectral data cubes across the visible range, from which the specific spectral
emissions of bacteria-produced porphyrins can be isolated. We further described a
weighted subtraction strategy to suppress the background signals in order to enhance the
contrasts of targeted bacteria features against the background tissue beds. As a proof of
concept demonstration, we presented the RGB photographs, reconstructed multispectral
images, spectral responses and bacteria-targeted mapping results of facial skin and teeth.
Based on the feature mapping results, we also conducted quantitative assessments to
investigate different bacterial infection conditions of the combination and oily skin types.
Compared with conventional multispectral imaging systems, our smartphone-enabled
system and method perform similar spectral analysis ability but work in a snapshot mode,
immune to any motion artifacts. Being easily accessible and very cost effective, it is
expected that the proposed mobile multispectral smartphone system can be utilized by
consumers in their daily live, which would be especially beneficial for people living in the

rural and low-resource setting environment.
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Chapter 4. DEVELOPMENT OF SMARTPHONE-ENABLED REMOTE
MULTISPECTRAL PHOTOPLETHYSMOGRAPHY METHOD FOR
SPATIOTEMPORAL MONITORING OF BLOOD OXYGENATION AND
PULSATION ON HUMAN SKIN

4.1 BACKGROUND AND MOTIVATION

The primary function of the microcirculation is to supply oxygen and nutrients to the local
tissue[76][76][91][91]. Microcirculation status, hence capillary hemodynamics, plays an
important role in regulating blood flow and tissue oxygenation, thus being well recognized
in the vital sign monitoring, as well as in the study of vascular function, peripheral artery
diseases [77-81][77-81][92-96] and cardiovascular disorders[82, 83][82, 83][97, 98].
Therefore, non-invasive and contactless techniques to assess microcirculatory behaviors
and hemodynamic contents are indispensable for clinical practices and daily assessment of

medical conditions [84, 85][84, 85][99, 100].

Skin, being the largest and capillary-rich organ, provides an easily accessible window
for developing such techniques to access the hemodynamic information inside the human
body [86-89][86-89][101-104]. Thanks to the translucent property of skin at visible and
near infrared (NIR) wavelengths, numerous optical methods have been developed to derive
signals that are indicative of blood hemodynamics, for example blood perfusion, oxygen
saturation, pulsation etc. [44, 90-93][44, 90-93][44, 105-108]. Among these optical
methods, photoplethysmography (PPG) is becoming one of the most popular techniques
and being widely used for in-hospital monitoring and even in wearable devices nowadays

[94-96][94-96][109-111][109-111]. Due to the strong absorption of blood to the light, PPG
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works by recording time-elapsed optical reflectance modulated by the effective blood
volume within light interrogated tissue volume to indicate the dynamic pulsatile behavior
of the blood flow (volume) caused by cardiac heartbeat. With this dynamic and pulsatile
blood flow behavior directly obtained from the human skin tissue, PPG can be used to
monitor the heart rate [97][97][112], cardiac cycle [98][98][113] and respiration
[99][99][114]. However, PPG is often implemented through a contact approach between
sensors and skin, prone to motion artifacts. To solve this problem, remote PPG (rPPG) has
been proposed and developed [42, 100][42, 100][42, 115]. rPPG is typically implemented
by a camera-based system that is used to acquire the video of skin surface, from which to
derive the pulse waveforms [101][101][116]. Using dedicated signal processing
algorithms, subtle momentary changes in the skin reflection in the video can be extracted.
The remote attribute of rPPG is its most attractive advantage compared to the conventional
PPG [100][100][115]. However, since global parameters are addressed in the above
applications, there is still a demand to develop techniques that can be used to perform the

spatiotemporal analysis of rPPG and explore its potential applications.

As exciting as the rPPG delivers, however, previous developments were not able to
decouple the hemoglobin compositions from the acquired signals, e.g., oxygenated (HbO2)
and deoxygenated (Hb) blood. This additional information is critical for our improved
understanding of the microcirculatory function and hemodynamic regulations
[102][102][117]. In most cases, changes in pulsation and oxygenation detected at the
peripheral site would manifest changes in supplying arteries or systemic blood flow [86,
103, 104][86, 103, 104][101, 118, 119]. Although previous rPPG studies have explored the

changes in pulse waveforms (e.g., shape, intensity) upon conditioning the blood flow, they
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have not been able to decouple the modulation of deoxyhemoglobinO2 and
deoxyhemoglobin from the tissue volume, making the techniques less effective and
accurate in assessing blood flow obstruction and microvascular disorders. In addition,
achieving all these detections with the use of a widely available and cost-effective device
is an additional challenge that, to our best knowledge, has not been addressed. In our
previous study, we have developed smartphone-enabled transdermal optical imaging
techniques to investigate the spatial blood perfusion on the human skin [105][105][72].
This work has shown that snapshot RGB-mode photographs of the skin can be
reconstructed into multispectral images to map the contents of bio-chromophores
[106][106][120], which proves it possible to integrate the smartphone-enabled transdermal
optical imaging technique with rPPG to measure and monitor the cutaneous hemodynamics

in both time and spatial scales.

Herein, we propose a smartphone-enabled remote multispectral photoplethysmography
(SP-rmPPG) system and method to provide a spatiotemporal monitoring of the perfusion
changes and pulsations of oxyhemoglobin and deoxyhemoglobin in the human skin. The
method first converts the RGB video into the multispectral data cube, upon which to derive
and decouple spatiotemporal oxyhemoglobin and deoxyhemoglobin information within the
effective blood volume utilizing a modified Beer-Lambert law and dual-waveband
processing method. We then describe a method to obtain the spatiotemporal pulsation
amplitudes of both two types of oxygenated and deoxygenated bloods by applying a
window-based lock-in amplification approach. To demonstrate the feasibility and
performance of our proposed method, two experiments are performed by imaging two

peripheral skin sites in health volunteers while conditioning the upstream blood supply and
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drainage, with an aim to delineate the changes in oxyhemoglobin and deoxyhemoglobin

modulation and pulsation strength upon the challenging.

4.2 MATERIAL AND METHODS
4.2.1 SET UP OF SYSTEM AND DATA RECORDING

Schematic of the experimental setup to demonstrate the proposed SP-rmPPG method is illustrated in Figure
4.1(a), where an unmodified smartphone was used to acquire video images of dynamic light reflectance
emerging at the skin surface upon which to derive blood oxygenation and hemodynamics. In this study, an
iPhone 8 (Apple, USA) was used for the demonstration purpose, but any types of smartphones can be used.
The videos were collected by the smartphone rear camera under illumination from the built-in flashlight. The
spectral power distribution of the flashlight is shown in Figure 4.1(b). The relative spectral sensitivities of
the R, G and B channels in the smartphone camera are given in Figure 4.1(c). We placed a polarizer film in
front of the flashlight and an analyzer film in front of the camera lens. The film pairs were arranged
orthogonally to minimize specular reflections from the skin surface. The illumination uniformity in the field
of view (FOV) was tested with a standard 95% reflection board. Ul (Minimum/Average lux) and U2
(Minimum /Maximum lux) were assessed to be 0.99 and 0.92, respectively, indicating that the illumination

is relatively uniform across the sample target.

The room temperature was kept at around 23°C and the humidity was around 50% during the
experiments of video recording. Before recording the video, the volunteer was allowed to calmly sit in a chair
for 5 minutes to get acquainted to the room environment and stabilize the heartbeat. The smartphone was
placed 30 cm away from the skin surface. In the smartphone, we installed “ProMovie” from the App Store
and used it to acquire videos, representing the light reflectance emerging at the skin surface. The image
resolution was set at 2160x3840 pixels. The shutter speed, ISO and white balance were set to be 1/60 seconds
(i.e. frame rate of 60 fps), 100 and 4000K, respectively. Before data processing described below, a proprietary
sub-pixel registration algorithm was used to pre-process the videos to minimize subtle motion artifacts in the

results.
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Normal healthy volunteers were enrolled in this study to demonstrate the feasibility of proposed methods.
This study adhered to the tenets of the Declaration of Helsinki and was performed in accordance with the
Health Insurance Portability and Accountability Act. Informed consent was obtained from the subjects prior
to the start of each study session. Ethical approval was obtained from the Institutional Review Board of the

University of Washington.
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Figure 4. 1. Schematic of the smartphone multispectral remote
photoplethysmography.

(a) Schematic of the smartphone remote PPG (SP-rmPPG) system setup for
video recording of the subject. (b) Spectral power distribution of the built-
in flashlight in the smartphone (iPhone 8, Apple Inc, USA). (¢) Spectral
sensitivity of R, G and B channels of the smartphone camera used to record
videos. (d) Photograph of the standard color checker used to calibrate the
smartphone for multispectral imaging.

4.2.2 SMARTPHONE CAMERA CALIBRATION TO PERFORM MULTI-SPECTRAL

IMAGING

We applied Wiener estimation method to calibrate the built-in RGB-mode camera in the
smartphone to perform multi-spectral imaging. The details of this method can be found in
our previous study [105, 107][105, 107][72, 121]. Briefly, a standard color checker (X-Rite

ColorChecker Classic, Figure 4.1(a)) was used in this study to calibrate the smartphone



71

camera, where the images (or video) captured from the standard color checker were used
as the training data set to determine a transformation matrix that is needed to convert the
RGB color images into the multi-spectral images. The standard reflectance data of the color
checker was provided by the manufacturer. Here, we selected 450, 500, 550, 600, 650 and
700 nm as the wavelengths of interest in the calibration, though other wavelengths can be
selected if needed. VV! is the autocorrelation matrix of the RGB sensor responses in the

camera.

To verify the accuracy, the derived transformation matrix was firstly applied on the
RGB-mode image of the color checker that was used for calibration to calculate its
reconstructed reflectance data at multiple wavelengths of interest. We evaluated the
goodness of fit coefficients (GFC) between the standard and reconstructed reflectance data
[108, 109][108, 109][122, 123]. The minimum, average and maximum GFC values were
measured to be 0.9533, 0.9898 and 0.9999, indicating excellent performance of the derived
transformation matrix. We then tested the matrix on a set of 14 unique skin tone colors in
ColorChecker Digital SG (X-Rite) that were not used for the calibration. The comparison
of standard and reconstructed reflectance data is shown in Figure 4.2, with corresponding
GFC values shown. The minimum, average and maximum GFC values were measured to
be 0.9928, 0.9971 and 0.9999, demonstrating that the derived transformation matrix is

accurate enough to estimate the real reflectance of the targets from their RGB-mode images.
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Figure 4. 2. The comparison between the standard reflectance and the
reconstructed reflectance from the transformation matrix for each block of
14 unique skin tone colors in ColorChecker Digital SG.
(SR: standard reflectance; RR: reconstructed reflectance). Numeric values
shown in each block are the goodness of fit coefficients between SR and
RR.

4.2.3 ANALYSIS OF CHANGES IN OXYHEMOGLOBIN AND

DEOXYHEMOGLOBIN WITHIN BLOOD PERFUSION

With the transformation matrix W obtained in the last Section 2.2, the RGB-mode videos
of the skin can then be converted into multispectral data cubes. The multispectral cube thus
obtained represents the spectral information at the six wavelengths of 450, 500, 550, 600,

650 and 700 nm, which can be written as:
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M;(x,y,t) R(x,y,t)
Moy, 0 — w « G(x,v,t) “.1)
MG B(x,y,t)

where M;(x,y,t) is the reconstructed spectral value at pixel (x,y) and time ¢. i is the
channel number (i = 1,2,...,6, representing 450, 500, 550, 600, 650 and 700 nm,
respectively). R(x,y,t), G(x,y,t) and B(x,y,t) are the values at the pixel (x,y) and

time t of the video from the red, green, and blue channels, respectively.

Since here we are interested in extracting oxyhemoglobin and deoxyhemoglobin
information in the dynamic blood perfusion, the wavelength selection could follow the
requirements of pulse oximetry [110][110][124]. That is, the absorption coefficients of
oxyhemoglobin and deoxyhemoglobin should be approximately equal at one wavelength
and differ considerably at another wavelength. Therefore, we selected the channel 2 (500
nm, approximately at the isosbestic point) and channel 5 (650 nm, having considerable
difference in absorption between oxyhemoglobin and deoxyhemoglobin) as the target
wavelengths in further processing steps to derive oxygenation information. For the
reconstructed signals at each channel, we estimated the changes in light absorption with

reference to the time zero by using the modified Beer-Lambert law [111][111][125], i.e.,

AA = A, — Ay = —log (It/ls) — (— log (IO/IS)) = —log (It/lo) (4.2)

where AA is the change in light absorption from the time ¢, to t. A; and A4, are the light
absorbance at the time t and t,. I; and I, are the signal intensities in selected channels at
the time t and ¢,. I is the intensity of incident light. Assume that the light absorption in

the skin is caused by melanin, oxyhemoglobin and deoxyhemoglobin chromophores. In the
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current study, we can safely assume the melanin concentration and skin tissue scattering
are relatively constant over time [40]. Thus, the change in light absorption (Eq. 3) would
be dominated by the changes in oxyhemoglobin and deoxyhemoglobin concentrations

within the blood volume. Consequently, Eq.5.2 could be rewritten as,
AA = AcHPO2gHDO2] 4 ACHD cHD| (4.3)

where Ac is the change in either oxyhemoglobin or deoxyhemoglobin concentrations.
e Is the absorption extinction coefficient of either oxyhemoglobin or deoxyhemoglobin. [
is the light interaction path length. We assume that the light interaction path lengths at
different wavelengths to be the same. In order to decouple the changes in oxyhemoglobin

and deoxyhemoglobin in Eq.5.3, we constructed a weighting formula below,
A= AA, — kAAg = AcHPO2](lb02 — [ glib02) 4 ACHP(lb — elib) (4.4)

where A is the result after weighted subtraction. AA, and AA5 are the changes in the

light absorbance at 500 nm and 650 nm, respectively. k is the subtraction weighting factor

HbO2 _HbO2 _Hb Hb
, €5 ¢, &5 " and eg

to be determined. &; are the absorption extinction coefficients of

oxyhemoglobin and deoxyhemoglobin at 500 nm and 650 nm, respectively. It is clear that

Hb
if the factor k is set to be &2 /g up» then the effect of the deoxyhemoglobin changes on
5

Eq.5.4 would be eliminated. Thus, the change in oxyhemoglobin concentration can be

derived as,

ACHbOZ —

AA, — kAA: Hb
- l(gglboz _ kgglboz) /

(where k = &2 SEI;-Ib) (4.5)
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HbO2
Likewise, if the factor k is set to &2 upoz» then the effect of the oxyhemoglobin
€5

changes on Eq.5.4 is eliminated. Thus,

ACHb —

= where k = “2
(e —kel®)

AA, — kAAs £HbO2
stvo) (46)

Thus far, we have decoupled the effects of the changes in oxyhemoglobin and
deoxyhemoglobin concentrations on the Eq.5.2 that can be estimated from the color images
captured over time by the smartphone after multispectral conversion (Eq.5.1). In doing so
at each pixel in the video image, the spatiotemporal changes of decoupled oxyhemoglobin
and deoxyhemoglobin concentrations (i.e., Ac?92 and Ac#?) within the dynamic blood
perfusion within the light interrogated tissue volume can be obtained, but scaled by the
light interaction path length. For simplicity, we assume that the light interaction path length
for oxyhemoglobin and deoxyhemoglobin is constant and takes a value of 1 mm in the

current study. A further discussion about this assumption is provided in Discussion Section.
4.2.4 ANALYSIS OF BLOOD PULSATIONS

It is known that heart pumping leads to pulsatile blood volume propagating throughout the
body tissue. This pulsatile modulation of the blood volume results in the absorption
modulation of the light propagating within the skin, which in turn leads to the intensity
modulation of light reflected from the skin tissue. Assuming that the oxygenated and
deoxygenated bloods are responsible for this absorption, the derived spatiotemporal
changes in oxyhemoglobin and deoxyhemoglobin concentrations in the last Section would
also behave pulsatile, which can be used to analyze and indicate the blood volume

pulsations within the light interrogated skin tissue volume in this study.
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To recover spatiotemporal pulsation of the dynamic blood perfusion, we applied a
window-based lock-in amplification algorithm [112][112][126] on the time varying
oxyhemoglobin and deoxyhemoglobin signals obtained by Eq.5.5 and Eq.5.6. First, we
selected a 5-second time window starting from the first frame. In the window, we built a
standard function with its temporal heart rate frequency. The heart rate was extracted by
conducting fast Fourier transformation of the global perfusion data in the window. The

standard function can be expressed as:
R(t) = cos(wpt) — isin(wpt) = e~'@nt 4.7)

where R(t) is the standard reference function constructed by the known heart beating
frequency wy,. The dynamic blood perfusion signal at each pixel (x, y) obtained from the

last Section can be expressed through Fourier series expansion:

Ac(x,y,t) = Z Z AM,,, (x,y) cos[wm,t + 6,(x,y)]

4.8)
_ Z Z AV QO D) (g tome+005) 4 -ilomt+6ax)])
2
m n

where Ac(x,y,t) is the input signal representing the changes in hemoglobin
concentration contained in the dynamic blood volume at time t. AM,,,,(x,y), w,, and
0,(x,y) are the amplitude, frequency and phase of the input signal at the pixel
(x,y).Therefore, the signals solely due to the heartbeat at the frequency w;, embedded

within Ac(x,y,t) can be recovered by applying lock-in detection [113][113][127]:
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Z(x,) = ) R(OB(x,,0

= Z Z z M {ei[(wm_wh)t+9n(x:3’)] (49)
t m n 2

+ e_i[(wm‘l'a’h)t"'en(x'yn}

where Z(x, y) is the time integral of the product of the standard reference function R(z)
and the input signal of Ac(x, y, t). Per lock-in detection mechanism, when the components
of input signals have the frequencies that differ from the standard reference frequency (i.e.,
wp), the product would oscillate in time and approach to zero. However, when the signal
is of the same frequency as wy,, the product would be retained and amplified. Assuming
the phase of the heart cycle at pixel (x, y) is constant over time, the output of the lock-in

detection can be simplified as,
Z(x,y) = AMhéx’ y) o i0n(xy) (4.10)

where AMy (x,y) and 6, (x,y) are the amplitude and phase of the extracted cardiac
pulsation signal, respectively. Consequently, the pulsation amplitude at pixel (x, y) can be

calculated as below:

AMy(x,y) = 2abs[Z(x,y)] = 2abs[z R()Ac(x,y,0)] (4.11)

By moving the evaluating time window along the time axis across the entire video

frames, the spatial and time-resolved pulsation of blood perfusion within the light
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interrogated skin tissue volume can be obtained. Since the dynamic blood contains
oxygenated and deoxygenated blood, the pulsation amplitudes separately evaluated from
the oxyhemoglobin and deoxyhemoglobin signals (i.e. Eq.5.5 or Eq.5.6) must be equal and

the same as the pulsation amplitude of the whole blood volume.

A flow chart for the signal processing procedures described above is given in Figure
4.3. After the videos are captured by the smartphone, the time trace of signals in the RGB
channels are first converted into the multispectral data cube through the transformation
matrix obtained by calibration (Eq.5.1). In this study to achieve our purpose, we converted
the RGB colors into the six spectral wavelengths at 450, 500, 550, 600, 650 and 700 nm,
respectively. Then, the changes in light absorbance at 500 and 650 nm were calculated
(Eq.5.3) with reference to the frame at the time zero (i.e., the start of video frame of interest).
Afterwards, the spatiotemporal changes in oxyhemoglobin and deoxyhemoglobin
concentrations within the dynamic blood volume are decoupled by weighted subtraction
method (Eq.5.5 and Eq.5.6). Finally, the spatiotemporal pulsation is mapped by the

window-based lock-in detection mechanism (Eq.5.9 and Eq.5.11).



79

Multispectral
data cube

0.7

=

RGB a 0.7160
values

e Absorption Perfusion

s .~ changes changes Pulsations

@z

0.4668{M

EEE@

0. 0001 - -
. o4tz ~ A1 5e-7 Ae 8e-6 BPIO
= :’ : AM1 3 AQ) 3

70.0 -0.0004 -1e-7 8.6e-6.
& & 4130w 8 <& &
2 2 03505 2 2 2
2 e85 a 2 o 0010- 2 te7 AD) £ 8.6e-6 BPID)
£ £ 2 o) T2 -
= = [ = [ =4 1=
e - e < oozl E o7 Eree

0.2860] 5 7o

0 10
Time(s) Time(s) Time(s)

3
I3

0 0.2825[M8 .”
Time(s)
0.2810]

0.2775{M!

Time(s)

Figure 4. 3. The schematic of signal processing steps to derive the
spatiotemporal changes in oxyhemoglobin and deoxyhemoglobin and their
pulsation amplitudes from the video images captured by the smartphone.

(a) The RGB color video is first converted to multispectral video cube,
where multispectral cube contains 6 wavelengths of 450, 500, 550, 600, 650
and 700 nm in this study. (b) The time-varying spectral signals of selected
wavelengths at 500nm and 650nm are used to calculate (c) the
spatiotemporal changes in the oxyhemoglobin and deoxyhemoglobin
concentrations in the blood volume within the light interrogated tissue
volume. (d) Finally, the spatial pulsation amplitude is evaluated from either
dynamic oxyhemoglobin or deoxyhemoglobin signals resulted in the step

(©).

4.2.5. EXPERIMENTAL DEMONSTRATION CONSIDERATIONS

Having described the methods and formulations of SP-rmPPG to monitor the changes in
oxyhemoglobin and deoxyhemoglobin concentrations and pulsatile blood volume in the
light interrogated skin tissue from smartphone recorded videos, we conducted two
experiments to demonstrate its feasibility to reveal oxygenation and pulsation changes
during flow-challenged conditions. The first experiment was designed around the popular
blood cuff maneuver at the upper arm to gradually occlude the blood draining venules. The
second experiment was designed to simulate the occlusive external carotid artery (or more

precisely the facial artery) that supplies the facial skin tissue beds.
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In the 1% experiment (Experiment 1), we applied a standard medical grade manual blood
cuff to condition the blood supply and drainage in the left upper arm, and then used our
proposed SP-rmPPG system to monitor the development and evolution of blood
hemodynamics in the dorsal skin of the left hand. With the hand placed on the desk steadily
to avoid relatively large motion, videos were taken by the smartphone while the cuff
pressure was being applied. In parallel, a medical grade contact-mode sensor-based pulse
oximeter (PC-66H Handheld Pulse Oximeter, CMI Health, USA) was used to monitor the
peripheral oxygen saturation (Sa02) at the left little finger. Five trials of the experiments
were conducted by applying 0 (control), 50, 70, 90 and 110 mmHg cuff pressures on the
upper arm until the SaO2 as measured by the pulse oximeter reached a level of 97%
(control), 96%, 95%, 94% and 93%, respectively. For each experimental trial, we started
the video recording at the time when the cuff pressure was applied. After the target SaO2
level was reached as monitored by the pulse meter and stabilized for 20 seconds, we
released the cuff pressure and continued the video recording for next 10 seconds. We
labeled these 5 trials as: c1— 0 mmHg/97% (control), c2 — 50 mmHg/96%, ¢c3 — 70
mmHg/95%, ¢4 — 90 mmHg/94%, c5 — 110 mmHg/93%. For example, for the trial c5 (110
mmHQg/93%), the cuff pressure applied was 110 mmHg. The onset of the continuous video
recording was at the time when the cuff pressure started at the upper arm. The cuff pressure
was continuously being applied until the SaO2 value measured by the pulse oximeter
reached at the level of 93%, at which time the pressure was released. And the video

recording continued for another 10 seconds.

The 2nd experiment (Experiment Il) was designed to demonstrate whether the

smartphone system is able to observe the changes in blood oxygenation and associated
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blood pulse strength at the facial skin when the external carotid artery that supplies
maxillofacial region is challenged. There are two branches of the facial arteries
symmetrically located at the lower jaw region near neck, supplying the nutritive blood to
the facial skin tissue beds. We simulated partial occlusive (or ischemic) condition within
the skin tissue beds by gently pressing on the facial artery while continuously recording
the videos of the light reflectance emerging at the facial skin surface using the smartphone.
To avoid motion, the head was placed on the chin rest in a slit lamp setup. Below are the
brief procedures of the experiment. First, the volunteer used finger-touching method to
locate the artery position by feeling pulse below the jawbone. Then, the smartphone started
to continuously record the skin videos, initially without applying finger pressure on the
artery. Approximately 15 seconds after the onset of the video recording, the volunteer
applied a gentle pressure to press the artery to produce partial occlusion on the artery to
limit the blood supply to the corresponding facial skin tissue beds. The applied pressure
lasted for 20 seconds and then removed. The video recording was finally ended at the time
when a period of 60 seconds was reached. We conducted two separate experiments using
this procedure on the facial artery located at both sides of lower jaws: first on the left, and
then on the right. Another set of experiment was also conducted without applying the

pressure on the artery, which was treated as the control.
4.3 RESULTS
4.3.1 CHANGES IN OXYHEMOGLOBIN AND HEMOGLOBIN

CONCENTRATIONS DUE TO BLOOD CUFF MANEUVER ON THE ARM.

The maneuver of blood cuff pressure on the upper arm progressively occludes relatively

superficial venules that drain the blood from the forearm. This action would expect a
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gradual increase of the deoxygenated blood pooling at the downstream of skin beds and a
gradual decrease of oxygenated blood. Figure 4.4(a) show the representative maps
indicating the changes in oxyhemoglobin and deoxyhemoglobin concentrations at the
dorsal skin tissue beds of the challenged left hand, extracted from the spatiotemporal
images at four observation time points of each experimental trial: 1) the onset of the
application of pressure cuff on the upper arm, 2) the time instant at the halfway of the video
recording, 3) the time instant when the pressure cuff was released, and 4) the finishing time
of the video recording. For all the experimental trials except for the zero-cuff pressure (i.e.,
the control), the decrease in oxyhemoglobin concentration within the skin tissue beds were
observed with the application of pressure cuff, whereas the opposite trends were true for
HEMOGLOBIN concentration. After releasing the cuff pressure on the upper arm, a rapid
recovery of the oxyhemoglobin and deoxyhemoglobin was seen. Comparing among
different trials, the degree of changes in oxyhemoglobin and deoxyhemoglobin

concentration from onset to release agrees positively with the level of pressure applied.

To demonstrate the temporal profile of the measured signal, we selected a region of
interest (ROI) on the dorsal hand skin and calculated the averaged values of the changes at
each frame in the time course of spatiotemporal dynamic images. The averaging operation
for a selected region was for the purpose of improving the signal quality and reducing the
noises because the smartphone camera that we used was only of 8-bit depth. The time traces
of the measured SaO2 values are shown in Figure 4.4(b). In Figure 4.4(c), we show the
time traces of decoupled oxyhemoglobin and deoxyhemoglobin. As expected, the changes
in oxyhemoglobin concentration show a continuous decrease with the cuff on and a rapid

recovery right after the cuff was released. The opposite trends are observed for the changes
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in deoxyhemoglobin concentration. These results match well with the values of oxygen
saturations given by the pulse oximeter (Figure 4.4(b)). Decreased oxygenation values
indicate decreased concentration of the oxygenated blood within the skin tissue beds. We
also calculated the changes in total hemoglobin concentration for each experimental trial
by summing corresponding changes in oxyhemoglobin and deoxyhemoglobin together
(Figure 4.4(d). Except for the control, the changes in total hemoglobin concentration
increase in all trials. Since venules are located more superficially than arteries in the upper
arm, the application of cuff pressure causes severer occlusion in venules than arteries,
leading to gradual blood pooling in the downstream of the forearm, indicating the validity
of the results observed in the experiments. It is worthy to mention that all the values of
concentration changes (Ac) were calculated when the light interaction path length (1) was
assumed to be 1 mm. The real values of Ac can be affected by this assumption and can be

improved by a more realistic [ under specific illumination and imaging conditions.
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Figure 4. 4. The SP-rmPPG can provide information about spatiotemporal
changes in oxygenated and deoxygenated blood within the light
interrogated dorsal skin tissue in the hand during a routine blood cuff
procedure applied on the upper arm.

The changes in oxyhemoglobin and deoxyhemoglobin concentrations were
estimated from the smartphone recorded videos of a volunteer’s hand when
the upper arm was applied with a pressure by the cuff, using the proposed
SP-rmPPG algorithms. The results shown were obtained from 35
experimental trials: c1— 0 mmHg/97% (control), c2 — 50 mmHg/96%, ¢3 —
70 mmHg/95%, c4 — 90 mmHg/94%, ¢5 — 110 mmHg/93%. (a)
Representative reflectance (rf), deoxyhemoglobin (d) and oxyhemoglobin
(o) images extracted from the spatiotemporal images at four-time instants:
1) the onset of the application of pressure cuff on the upper arm, 2) the time
instant at the halfway of the video recording, 3) the time instant when the
pressure cuff was released, and 4) the finishing time of the video recording.
(b) The time trace of measured oxygen saturation values from the pulse
oximeter. (c¢) The time traces of averaged values of decoupled
oxyhemoglobin and deoxyhemoglobin changes within the selected region
of interest (ROI) shown in the top left figure in (a). (d) Time traces of
averaged values of the total hemoglobin changes within the selected ROI.
rf — reflectance image, o — oxygenated blood, d — deoxygenated blood.

84
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4.3.2 PULSATIONS OF OXYGENATED AND DEOXYGENATED BLOOD IN CUFF

PRESSURE EXPERIMENTS

With the obtained spatiotemporal changes of oxygenated and deoxygenated blood due to
the blood cuff maneuver at the upper arm, we applied a window-based lock-in
amplification algorithm described in Section 2.4 to map the spatial pulsation amplitudes at
the skin tissue beds as imaged by the smartphone. Since the experiment was conducted
with the subject in sitting position that made the forearm about 20 cm below the heat level,
the blood pulsation in the hand skin beds would be relatively weaker when compared to
the positions that are above the heart level, due to the gravity effect. Therefore, we applied
a longer time window of 10 seconds to maximally extract the heart frequency signal. It was
successful to map the blood pulsation strengths for all the experimental trials conducted.
As an example, Figure 4A show the spatial pulsation maps resulted from the respective
spatiotemporal changes of oxyhemoglobin and Hemoglobin concentrations, when 110
mmHg cuff pressure was applied at the upper arm of the subject (i.e., the trial c5). Figure
4.5(b) illustrates the corresponding time traces of the pulsation strength averaged within
the selected ROI (square region marked in the upper left figure in Figure 4.4). It can be
observed that the blood pulsations remain relatively weak when the cuff pressure was
applied, while being approximately the same strength for both the oxygenated and
deoxygenated blood volumes. These are expected because mathematically and physically,
the pulsation derived from the dynamic concentrations of either oxyhemoglobin or
Hemoglobin should be the same as the total effective blood volume. Upon after releasing
the cuff pressure, the blood pulsation shows a significant re-bound, indicating that both

oxygenated and deoxygenated blood are experiencing a recovery associated with a strong
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pulsation, which is more clearly illustrated in the time trace curves of the average pulsation

intensity in the selected ROI (Figure 4.5(b)).
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Figure 4. 5. Dynamic blood pulsation maps can be obtained from the

spatiotemporal changes in oxyhemoglobin and Hemoglobin concentrations

as evaluated from the smartphone recorded videos.

(a) Representative pulsation maps at the time instants as shown derived
from the respective Deoxyhemoglobin (top row) and oxyhemoglobin
signals (bottom row) when a 110-mmHg cuff pressure was applied at the
upper arm until the oxygen saturation at the little finger reached 93% as
monitored by the pulse oximeter, i.e., the experimental trial c5: 110
mmHg/93%. (b) Corresponding time traces of the pulsation strengths
averaged from the selected ROI, derived from both the oxyhemoglobin (Top)
and Deoxyhemoglobin signals (bottom), respectively, evaluated from a time
window of 10s sliding through the entire recording time with a step time
length of 0.5s. Cuff releasing time was at ~80s. Oxygenated blood is
indicated by the label of “0”, and deoxygenated blood by “d” in the figure.

4.3.3 CHANGES IN OXYHEMOGLOBIN AND DEOXYHEMOGLOBIN

CONCENTRATIONS IN FACIAL SKIN

After conducted feasibility study using the popular blood cuff maneuver on the subject’s
upper arm, we next performed the experiments to demonstrate whether the proposed SP-

rmPPG can monitor the changes of oxyhemoglobin and deoxyhemoglobin within the facial
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skin tissue beds (See the procedure in Section 2.5). With the finger pressed on the facial
arteries located at the lower jaw region to partially occlude the blood supply to the facial
skin tissue beds for ~20s duration at ~15s after the onset of the video recording, Figure
4.6(a) shows the representative dynamic facial skin maps of the changes in oxyhemoglobin
and deoxyhemoglobin at the time instants of 1s, 30s and 60s, respectively, when the left
facial artery branch was pressurized. The corresponding time traces of oxyhemoglobin and
deoxyhemoglobin changes on left and right cheeks are shown in Figure 4.6(b) that were
assessed by averaging the values within the regions of interest (the region marked by white
boxes in the top left figure) at each frame for the entire time-period of video recording.
During the first 15s, both the oxyhemoglobin and deoxyhemoglobin signals are fluctuating
around the zero level. At the time when the left facial artery was challenged by applying
pressure on it, the oxyhemoglobin started to rapidly decrease and deoxyhemoglobin to
increase at the left cheek, while the changes at the right cheek region were minimal. With
the pressure sustained at the position for a period of 20s, the decrease in oxyhemoglobin
and increase in deoxyhemoglobin sustained in the left cheek, but at a much slower rate.
Afterwards, the changes rapidly re-bounded when the pressure was released and then
slowly approaching the initial normal level. Such behaviors of changes in oxyhemoglobin
and deoxyhemoglobin are expected from normal physiology for a tissue region that
experiences a temporary shortage of blood supply (i.e., a transient ischemic attack) [43].
However, a slight opposite trend of changes in oxyhemoglobin and deoxyhemoglobin was
observed at the contralateral right creek, where the blood supply was not limited, but the
oxyhemoglobin was seen slightly increase and deoxyhemoglobin decrease during the

partial occlusive maneuver on the left facial artery, and then the trend reversed after the
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pressure was lifted. This may be explained by the symmetrical relationship of arterial
supply and venular drainage between the left and right cheeks where an ischemic
impairment at one side would likely evoke a response at its dependent contralateral side,
trying to balance circulation system likely due to microvascular or sympathetic nerve

autoregulation [114][114][128].
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Figure 4. 6. The proposed SP-rmPPG can provide dynamic information of
oxyhemoglobin and deoxyhemoglobin within the facial skin tissue beds
when blood supply is limited by pressing the facial arteries in the lower jaw
region.

(@) The representative maps of oxyhemoglobin (top row) and
deoxyhemoglobin (bottom row) changes of the facial skin at three time
points (1, 30 and 60s) when the left facial artery was pressed at the time of
~15 s after the onset of the video recording. White box area in the top left
figure indicates the selected ROIs for evaluating the temporal time trace
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signals. (b) Time traces of averaged values of oxyhemoglobin and
deoxyhemoglobin changes within the selected ROIs (R: right cheek, L: left
cheek) shown in (a). (¢) and (d) the same as in (a) and (b), respectively, but
the right facial artery was limited. (e) and (f), the same as in (a) and (b), but
the control experiment, i.e. no pressing on the facial artery was applied.

Figure 4.6(c) and (d) show the spatiotemporal changes in the oxyhemoglobin and
deoxyhemoglobin of the skin tissue beds at both the right and left cheeks, albeit with the
right facial artery challenged to limit the blood supply to right facial regions. The changes
are observed the same as that of left-pressing experiment but with the trend reversed.
However, the changes are in much smaller magnitude in this case, likely due to insufficient
pressure on the right facial artery applied by the finger pressing. In Figure 4.6(¢e) and (f),
we also show the spatiotemporal results of the control group. As expected, the perfusion
changes are moderate and stable over the time period of smartphone video recording. These
results sufficiently demonstrate that the proposed SP-rmPPG method is feasible to detect
the dynamic oxygenation status within the facial skin tissue beds, simply by the use of a

widely available and cost-effective smartphone.

4.3.4 PULSATIONS OF OXYGENATED AND DEOXYGENATED BLOOD IN

FACIAL SKIN

The spatiotemporal pulsation maps of the facial skin derived from the spatiotemporal
changes in oxyhemoglobin and Deoxyhemoglobin are shown in Figure 4.7 for the facial
artery challenging experiments. The representative pulsation maps at the time instant of
20s extracted from the spatiotemporal images are shown in Figure 4.7(a), for the
experimental trials of 1) left facial artery being challenged, 2) right facial artery being
challenged, and 3) control. For the case of occluding left artery, lower pulsation amplitudes

for both the oxyhemoglobin and deoxyhemoglobin are seen at the left side of the cheek
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compared to its contralateral right cheek, indicating that limiting the blood supply to the
skin tissue beds in the left cheek reduces its blood pulsation. The opposite change is true
for the case of right artery challenging. However, there is no observed difference between
the left and right cheeks for the control group, i.e., they remain symmetrical. Since the
signal to noise ratio is relatively low due to the use of smartphone that has limited bit-
depths (8-bits), we calculated the averaged pulsation amplitudes within the selected regions
of interest (ROI) at each frame in order to improve the signal to noise ratio. The ROIs were
selected symmetrically at the right and left cheeks, marked as white boxes in left figure of
Figure 4.7(a). We then calculated the ratio of pulsation amplitudes between right and left
cheeks in each time window to further contrast the imbalance of blood pulsation within the
skin tissue beds at the right and left cheeks. In doing so, the time traces of the ratios of
either deoxyhemoglobin (Figure 4.7(b)) or oxyhemoglobin (Figure 4.7(c)) pulsation
amplitude in three trials can be obtained. It is observed that for the control group, the ratio
sways between 0.8 and 1.0. However, for the left artery challenging case, the ratio reaches
more than 1.3, while it becomes ~0.5 for the right artery challenge case. The ratios resulted
from deoxyhemoglobin (Figure 4.7(b)) and oxyhemoglobin (Figure 4.7(c)) are almost
identical, which is expected because the pulsations so evaluated should be the same and
equal to the pulsation of total blood volume within the skin tissue beds. These results
support the conclusion that the changes in blood pulsation due to the induced ischemia at
the facial tissue beds can be measured by the smartphone, which may be useful in the
applications of assessing cardiovascular diseases, for example strokes at risk where the

obstruction of internal carotid artery is often the cause of stroke.
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Figure 4. 7. The proposed SP-rmPPG is able to image dynamic changes of
blood pulsation within the facial skin tissue beds upon the challenging of
the blood supplying facial arteries.

(a) Representative pulsation maps extracted from dynamic images at the
time of 20-second, derived from the spatiotemporal oxyhemoglobin (o) and
deoxyhemoglobin (d) signals obtained from the facial skin for three
experimental trials (1: challenging on left supplying artery; r: challenging on
right supplying artery; n: control group without challenging). (b) The time
traces of temporal ratios of averaged pulsation intensity values derived from
dynamic deoxyhemoglobin signals between right and left cheeks at the
selected ROIs (right/left). (c) The time traces of temporal ratios of averaged
pulsation intensity values derived from dynamic oxyhemoglobin signals
between right and left cheeks at the selected ROIs (right/left).

4.4 DISCUSSION AND CONCLUSION

We proposed a SP-rmPPG method and system to monitor the spatiotemporal changes in
oxygenated and deoxygenated hemoglobin concentrations in the effective blood volume
within the light interrogated skin tissue beds, and further to map the blood pulsation
amplitudes. The results of cuff pressure experiments on the upper arm provided the

feasibility of the proposed method to reflect the impact of the occlusion at the upstream
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blood vessels on the downstream blood perfusion at the extremity of skin tissue beds. The
results obtained by the proposed method agreed well with the parallel peripheral
oxygenation measurements by the pulse oximeter. The spatiotemporal oxyhemoglobin and
deoxyhemoglobin changes and the blood pulsations of the skin tissue beds at the challenged
hand with and without cuff pressure at the upper arm also agreed with the expected changes
in the cutaneous blood oxygenation in this well-known and popular blood cuff maneuver.
We also demonstrated that the proposed method is capable of measuring the spatiotemporal
changes in the oxygenated and deoxygenated blood within the facial skin when it was
challenged by a transient ischemic event induced by artificially limiting the blood supply
to the tissue region at the external carotid artery. The observed imbalance of the oxygen
supply and the blood pulsations within the facial skin tissue beds between the left and right
cheeks indicates that the proposed method may be useful in detecting or monitoring certain
cardiovascular diseases like carotid stenosis, and in doing so by only taking selfie videos

with a cost-effective smartphone.

The values of spatiotemporal oxyhemoglobin and deoxyhemoglobin changes that we
obtained were scaled by the light interaction path length in the skin tissue (Eq.5.5 and
EQ.5.6). We assumed this path length to be 1 mm in this study. From the measurements,
we estimated that the averaged concentration changes of deoxyhemoglobin and
oxyhemoglobin was ~16.5 UM for every 1% decrease of the SaO2 value from Figure 4.4(c).
For a normal male subject, the concentration of total hemoglobin in the whole blood is
approximately ~2500 M [115][115][129]. In this case, every 1% decrease of SaO2 would
be theoretically caused by the concentration changes of deoxyhemoglobin and

oxyhemoglobin at ~25 M. Consequently, the measured changes by the smartphone were
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approximately in line with the theoretical predictions (which on the other hand, indicates
the validity of the proposed SP-rmPPG method). Given the limited penetration depth of
visible lights [116][116][130], thickness of epidermis and dermis in the dorsal skin of hand
[117][117][131] and relatively weak illumination of the smartphone flashlight, the actual
light interaction path length in our study is likely to be smaller than 1 mm. If this is the
case, then the measured values would be closer to the theoretical value. Therefore, we
believe that there is still a room to improve the accuracy of the measured changes in
oxyhemoglobin and deoxyhemoglobin by carefully determining the practical and more
realistic values of the light interaction path length in biological tissue through, for example,
Monte Carlo simulations of the light (with the wavelengths of interest) propagating within
the skin tissue [118, 119][118, 119][132, 133] taking into account the consideration of its
proper optical properties [120][120][134] possibly combined with the measurements of
optical coherence tomography of depth-resolved skin morphology and microcirculation
information [84, 121][84, 121][99, 135]. Some specified study about the optical path length
in PPG can also provide realistic values of | to improve the accuracy of measurements

[52,53].

Compared with the conventional single-wavelength PPG (swPPG), the multiple-
wavelength PPG (mwPPG) has been demonstrated to have superior performance in
detecting the blood pulsation in terms of its signal quality and robustness, thus increasingly
gaining attentions from both academic researchers and industrial entrepreneurs
[122][122][136]. Most mwPPG sensors rely on the use of multiple light sources each with
different wavelength or a more complicated spectrometer-like photodetector array, leading

to a bulky system setup and associated complicated control to implement, let alone the cost
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issues [123][123][137]. Nevertheless, such strategy has been adopted by many remote PPG
(rm-PPG) systems [124, 125][124, 125][138, 139]. Due to the demand of the wide-field
illumination and imaging, the system setup of a rm-PPG becomes even more complicated
than mw-PPG does. In this study, we provided a simple solution to realize rm-PPG by
employing unmodified and intact commercial smartphones through an algorithm that can
convert the color images (video) captured by the built-in cameras into the multispectral
video cubes. Due to the minimal constraints in hardware requirements, the proposed
method provided an advantage of flexibility to select the wavelengths of interest and multi-
channel processing. Though it is a “pseudo” multispectral imaging that we achieved, the
method can still be used to decouple the dominant bio-chromophores from the videos of
the dynamic light reflectance emerging at the skin tissue surface to realize a refined
monitoring of skin hemodynamics. Besides, rather than simply detecting the heart rate and
pulse waves, our method offers another perspective for the analysis and monitoring of
spatiotemporal hemodynamic activities. For example, from the imbalanced hemodynamic
responses between the left and right sides of the cheek, we may speculate the existence of

vascular disorder in corresponding carotid arteries.

The experiments we conducted and analyzed in this study may be directly relevant to
some clinical applications. The cuff pressure experiments on the upper limp could be a
useful method in the assessment and monitoring of peripheral vascular diseases that cause
the blood vessels outside of the heart and brain to narrow, block, or spasm, for example in
the cases of arteriosclerosis, or even diabetes. The facial tissue imaging experiments may
be useful in the assessment or prediction of possible obstruction of major blood supplying

arteries to the downstream tissue beds, which might cause transient ischemic attacks and
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even stroke. The proposed method can also be used to derive and spatially localize the
lesion area from the field of view. In addition to the potential usage in clinical scenarios,
there would also be a potential space for the SP-rmPPG system to be applied in general
health care because of the current ever-growing accessibility and affordability of the
smartphone to the general public. It may be envisioned that the future smartphone can have
an ability to perform daily monitoring of the skin hemodynamics to support the early

screening and interventions of the potential cardiovascular diseases.

Though as promising as it has been demonstrated, the limitations in the use of
smartphone to realize rmPPG cannot be ignored. Since current commercial smartphones
are not designed to fulfill the requirements for biomedical imaging, there are inherent
limitations in their hardware design, including the camera sensor and the flashlight with
limited wavelength range. Most smartphones employ 8~10-bit camera sensors and produce
compressed 8-bit videos, presenting challenges to acquire blood pulse waveforms with
high fidelity. Even with the compensation of illumination uniformity, the flashlight still
provides limited irradiance to the target samples for imaging purposes and its available
wavelengths are confined within the visible range limited by a near infrared filter within
the housing. Due to these constraints, the measured spatiotemporal changes in
oxyhemoglobin and deoxyhemoglobin by the proposed SP-rmPPG were inevitably noisy.
We had to perform a good averaging within a selected region of interest to improve the
signal to noise ratio of temporal change signals to derive oxyhemoglobin,
deoxyhemoglobin and blood pulsation information. These limitations may be partly
reduced if one has the ability to access its raw videos and to remove its near infrared filter

by working together with the smartphone manufacturers. Alternatively, if resources permit,
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these limitations can be removed by configuring a dedicated high-performance system that
employs high bit-depth camera sensors and high irradiance light sources with appropriate

working wavelengths of interest that extend from visible to near infrared region.

Currently, the experiments we conducted were used to simulate vascular diseases for a
proof-of-concept study. It can be imagined that the real situation would be much more
complicated and individualized. In future, we plan to apply the proposed system and
method in clinical medical imaging for further refinements and optimizations, and to
conduct proper clinical trials to determine its clinical utility. Meanwhile, due to the large
data used in our method, the storage consumption and tedious signal processing also limit
the usability. An alternate solution to mitigate this problem would be to adopt cloud

computing and deep learning technologies to store and process the acquired data.

We have proposed and described a smartphone-based remote PPG (SP-rmPPG) system
and method to spatiotemporally monitor the perfusion changes and pulsations of the
circulating blood volume within the light interrogated skin tissue beds. In the method, the
skin color videos captured by an unmodified smartphone camera was first converted into
the multispectral data cubes, upon which to derive the spatiotemporal changes in
oxygenation status within the skin beds through a novel algorithm that can decouple the
chromophore determinants of oxygenated and deoxygenated hemoglobin. The
corresponding spatiotemporal blood pulsation were then mapped by a window-based lock-
in amplification method. We have demonstrated the feasibility of the proposed SP-rmPPG
method using the popular blood cuff pressure maneuver on the upper arm to occlude the
blood supply to the downstream tissue beds, where the measured dynamic information of

oxygenated and deoxygenated blood in the downstream agreed well with the parallel
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measurements of oxygenation saturation provided by the standard pulse oximeter. We have
also showed the ability of the SP-rmPPG method to monitor the hemodynamic information
within the facial skin tissue beds that were challenged by a transient ischemic event. Due
to the ever-growing accessibility and affordability of the smartphone to the general public,
the proposed system and method are expected to be useful in the vital sign monitoring, in
the early screening of peripheral artery diseases and cardiovascular disorders, as well as in
the investigations of vascular functions. In particular, due to its attributes of low-cost,
compactness and usability, it is expected to serve the health care systems well in the rural

areas where the medical resources are severely limited.
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Chapter 5. DEVELOPMENT OF A MULTIFUNCTIONAL PLATFORM
(SpeCamX) FOR AUGMENTED SMARTPHONE IMAGING AND ITS
CLINICAL VALIDATION IN PREDICTING BLOOD BILIRUBIN
LEVEL

5.1 BACKGROUND AND MOTIVATION

As a biomarker of liver functions, bilirubin has distinct absorption solely in the wavelength
bands between 350 and 500 nm, thus can be detected using optical sensors[126, 127].
Aiming for a low cost and easy access, many researchers have committed themselves to
explore the possibility to realize the BBL detection with smartphone cameras. Previous
studies reported some strategies to detect BBL by extracting raw signals in RGB channels
of photographs[128]. The Results show some potentials, but the prediction quality remains
to be improved. Some other studies adopted additional color calibration, image
segmentation and feature extraction steps to preprocess the data to retrieve more spectral
information of subjects[129]. Though the prediction accuracy was improved, the added
operations often require professional interventions which need to be accomplished off-line.
In this case, smartphones were simply used as data collection units for experts rather than
ready-to-use consumer devices, which unavoidably challenged their utilities to serve the

public.

Multispectral imaging is capable of maximally recording the spectral information of
subjects, thus being widely used in conducting life science research and providing public
healthcare service[130, 131]. Realizing this technique on smartphones would create

another space for exploitation to benefit our community, given the large user quantity, high
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usage frequency and low cost. Here, we described a custom-developed mobile app termed
SpeCamX for transforming smartphones into multispectral imagers without any additional
hardware attachments or internal modifications. With this app, we can acquire a 27-channel
multispectral data cube ranging from 420 to 680 nm by a single snapshot. From the
acquired data cube, we assembled multiple functions in the app to estimate corresponding
chromophores levels, including hemoglobin, pigmentation, bilirubin and et al. To
investigate the estimation quality of this system and method, we installed SpeCamX on an
unmodified smartphone and used it as a bilirubinometer to quantify the sclera pigmentation
to predict BBL (Figure 5.1). In the clinical imaging of 320 LD patients, we realized CC
over 0.9 between the SpeCamX-enabled predictions and TSB results. To validate the
claimed augmentation, we compared the prediction based on SAL and RGBL in four
typical machine learning algorithms including artificial neural network (ANN), support
vector machine (SVM), k-nearest neighbors (KNN) and random forest (RF). Experimental
results demonstrated that the SpeCamX-enabled SAL performs higher prediction quality,
efficiency and stability than RGBL, especially when the date feeding was limited. Without
additional customized hardware, our strategy has the potential to be widely duplicated in a
cost-efficient and easy-to-use mode. Providing tests of BBL and other bio-chromophores
in this manner should help the users who are facing low resource settings in their daily

lives.
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Figure 5. 1. Schematic of SpeCamX-augmented smartphone
bilirubinometer.

The housed flashlight in a smartphone illuminated the sclera of patients.
The installed SpeCamX acquired multispectral data cubes ranging from 420
to 680nm. The reflectance spectrum was averaged from the data cubes to
predict BBL in further processing.

5.2 MATERIAL AND METHODS

5.2.1 CALCULATION OF TRANSFORMATION MATRIX

We calculated and embedded several TMs as default options for different phone models.
For this purpose, we acquired RGB photographs of X-rite ColorChecker Classic with
corresponding smartphones under the illumination provided by their flashlights. The color
chart should be placed at a suitable distance with a smartphone to prevent overexposure
(Maximum RGB value > 255) and under exposure (Maximum RGB value < 100). From
the photographs, we sampled and calculated averaged RGB values of 24 color blocks. Then,
the matrix can be calculated from the averaged signals of 24 color blocks. Using this

method, we provided matrices for several most common-used smartphone models. We will
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keep updating the supported phone models in the option. For functions that are not included
in the current APP, we left an entrance for users to conduct their self-calibration of

smartphones and illuminations, the calculation follows above steps as well.
5.2.2 DEVELOPMENT OF MOBILE APPLICATION

SpeCamX was developed using an open-source integrated development environment (IDE)
Android Studio (Google, CA). The Weiner estimation algorithm and default TMs
developed on Matlab R2021b were incorporated into the app. The “Imager” fragment can
invoke the built-in camera and use it under default settings (Resolution: 2268X4032; f/1.7;

shutter speed: 1/60; white balance: 5500K).
“Imager” fragments

The subject is labeled from the left top of the interface, which is autosaved together with
date information in the filename of acquired data cubes for further references. According
to different illumination conditions, we provided several options to set up the camera
(Figure 5.2(b)). The default condition is to use built-in flashlight to illuminate subject. In
this case, users can select their smartphone models in the “PHONE MODEL” option under
the drop-down menu of settings. In this option, we pre-stored transformation matrices
(TMs) to support a variety of smartphone models. Therefore, users can invoke
corresponding matrices by simply selecting the smartphone model they use. As long as it
is in dark environment, you are ready to go. In our clinical imaging test, the data were

acquired using this setup.

In addition to the default setting, there are a number of other options for users to select

if the requirement for default setting is not met, for example the smartphone that is in use
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IS not supported or the environment is not in dark condition. In these cases, the user can
generate a customized TM on site through a self-recalibration step. In doing so, the user
needs to first tap the “COLOR CHART” icon, in which there are provided with two options,
i.e. either to use “24 blocks” or “96 blocks” to build the TM matrix (Figure 5.2(b)). Here,
we used X-rite ColorChecker as the default color standard example for recalibration. The
“24 blocks” option is provided for color charts with 24 classic color series. The available
products include X-rite ColorChecker Classic/Passport/Mini/Nano (Figure 5.3). The “96
blocks” option works for X-rite ColorChecker Digital SG which includes expanded 96
color blocks with standard reflectance spectrums[132] (Figure 5.4). After selecting the
color chart option, the user can tap into a calibration page and sample the on-site color
chart by tapping the camera icon. In this page, a box array would be generated to guide the
sampling of color blocks. For example, in the page of “24 blocks”, a 6 by 4 green box array
would appear on the interface (Figure 5.2(c)). By pressing the photo button, the averaged
RGB values in these boxes would be collected to compute a new TM with their reflectance
spectra. During the calibration, the RGB values can be previewed on the top of
corresponding boxes to prevent overexposure. The procedures for “96 blocks™ option are
the same but the box array is set to be 12 by 8. Furthermore, even under an illumination
that cannot be controlled or stabilized, there is provided another option to perform real-
time recalibration in the “COLOR CHART” tap, which is termed ‘“co-illumination”
strategy. In the “co-illumination”, the color charts and subjects will have to be placed with
the same field of view for imaging, which will guarantee a shared illumination condition
between the calibration and testing data cubes (Figure 5.5). For this purpose, we can

manually adjust the relative positions and sizes of the sampling box array to avoid the
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overlap between the color chart and the subject in the field of view. This strategy is suitable
for trials if it is not possible to control the illumination environment, for example in the
outdoor environment. Except for on-site imaging, users can also load previous or external
data by tapping the “Add data” icon on the top of the interface. The acquired and uploaded
data can be labeled with “C” and “T”, representing data for color charts and subjects,
respectively. In this case, every smartphone installed with SpeCamX can act as a

processing platform for an external data set.
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Figure 5. 2. Interfaces and functions of four fragments in SpeCamX.

(a) “Imager” fragment to set up the camera in the smartphone. (b) Supported
functions in the setup options. (c) Recalibration page to generate a
customized TM with a standard color chart. (d) Interface of the “Records”
fragment, where users can check the list of acquired data. (e) “MSI”
fragment for the presentation of the acquired spectral images of subjects. (f)
“Analysis” fragment to present the information of the extracted feature.
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Figure 5. 3. Interfaces of the “24 blocks” and “96 blocks” calibration pages
and compatible color charts for these options.

(a) “24 blocks” option for 24 classic colors. A 6 by 4 box array was
previewed to guide the sampling of RGB values. The RGB values were
previewed on the top of the sampling box. Standard color charts with 24
classic colors, like X-rite ColorChecker Classic/ Passport/ Classic Mini/
Classic Nano, can be used in this option. (b) “96 blocks” option for
expanded colors. A 12 by 8 box array was previewed to guide the sampling
of RGB values. X-rite ColorChecker Digital SG can be used in this option.
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Figure 5. 4. Reflectance spectrums of 96 color blocks in X-rite
ColorChecker Digital SG.
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Figure 5. 5. Recalibration under uncontrolled and instable illumination.
While the external illumination source cannot be controlled and stabilized,
users can adopt a “co-illumination” step to realize real-time calibration.
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Instead of separately conducting “Calibration” and “Test” (a), the subject
would be imaged with the color chart together in “Calibration”. To do this,
the box array would be rescaled to make space for the subject (b).

“Records” fragments

The data specific to a subject can be recalled by selecting that subject or sliding the drop-
down menu up and down to check the thumbnails. To edit the data, several operations,
including “Delete”, “Calibration”, “MSI” and “Analysis” are offered by long clicking.
“Calibration” is provided for color chart data labeled with “C” to calculate a new TM.
Tapping “MSI” and “Analysis” can switch to the corresponding fragments to show the

related information of the selected case.
“MSI” fragments

The grayscale images at wavelengths from 420 to 680 nm are presented in a scrolling
display started with the corresponding RGB photograph (Figure 5.6). The wavelength is

labeled on the top of each spectral image accordingly.
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Figure 5. 6. The grayscale spectral images at wavelengths from 420 to 680
nm would be presented in the “MSI” fragment.

The images can be checked by scrolling the screen, the wavelength would
be accordingly labeled on the image.

“Analysis” fragments

The BBL estimation results would be mapped in the “Bili” page, where a green box would
guide the users to select a ROI. The averaged reflectance spectrum from the ROI would
read out that provides the prediction of BBL. Considering the complexity of clinical
imaging, we provided enough flexibility for the sampling procedure. The size of the ROI
can be set in the “AVERAGE PIXELS” option (Figure 5.7) and its position can be
manually shifted to the desired regions of interest. (Figure 5.8). Averaged RGB values in
the ROI is shown in display so that the user can check to make sure the region is not

overexposed. The shown “BILI” value represents the prediction made by the reflectance
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spectrum averaged from the ROI. The prediction algorithm will be discussed later in this

paper. The spectrum and predicted BBL are saved by tapping the photo icon for later use.

Except for the prediction of BBL (Bili) used in this study, SpeCamX also integrated
algorithms to map other features like blood perfusion (Hemo), melanin pigmentation (Mela)
and et al. Users can launch these functions by switching analysis algorithms from the drop-

down menu on the top of the interface.

Figure 5. 7. The size of ROI can be set up in the “AVERAGE PIXELS”.
Interfaces from the left to the right were under the setting of “8*8”, “32%32”,
“128*128” and “256*256”, respectively.



111

Figure 5. 8. Manual adjustments of the ROI position to sample different
tissue regions by dragging the green marker.

5.2.3 CLINICAL IMAGING WITH MOBILE APPLICATION
This study adhered to tenets of the Declaration of Helsinki and was performed in

accordance with the Health Insurance Portability and Accountability Act. Ethical approval
was obtained from the Institutional Review Board of the University of Washington.
Informed consent was obtained from the subject prior to the start of each study session.
Anonymized and de-identified sclera images were collected from the First Hospital of Jilin
University (Jilin, China). 320 patients with LD were enrolled in this study for SpeCamX
to image/photograph their sclera at the anterior segment of the eye. Their diagnosis
information was shown in Table 1. The photographing was conducted in a dark ward and
the subject was illuminated by the smartphone flashlight, so no further color calibration is
needed. Occasionally, some trials were conducted with some residue ambient light or room

light. In this case, the smartphone was recalibrated on-site with a standard color chart.
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Before imaging, the patient was asked to lie in the bed and keep their eyes open. The
clinician held the smartphone and targeted sclera tissue. Then, the patient was asked to
brink before taking each photo of the targeted region on the sclera. Ten 10 snapshots were
taken for each participant. Each photo was then reconstructed into a multispectral cube as
described before. For each data cube, a 100*100-pixel2 region was selected to calculate
the averaged reflectance spectrum. Finally, the spectrum averaged from 10 snapshots
would be used to predict BBL. Within 6 hours after imaging, the participants were

subjected to standard clinical blood sampling to obtain their BBL.
5.2.4 MACHINE LEARNING REGRESSION ALGORITHMS TO PREDICT BBL

We compare SAL and RGBL in four different machine learning regression algorithms,
including ANN, SVM, KNN and RF. We applied these regressions algorithms by invoking
functions in the Statistics and Machine Learning Toolbox in Matlab R2021b. In ANN
algorithm, we used fitrnet to train a 10-layer, feedforward, fully connected neural network
to predict BBL. Function fitrsvm fits a support vector regression model. Function fitrsvm
fits a support vector regression model. Function kNNeighborsRegressor estimates the
values of a continuous variable (target) based on one or more independent variables
(predictors) based on KNN algorithm. In the RF algorithm, we used TreeBagger to
combine results of many decision trees to provide predictions. In the “Analysis” fragment
of SpeCamX, the previewed value of “BILI” was averaged from SAL models using these

algorithms.

All the statistical analysis, including regression CCs, Bland-Altman and ROC, were
conducted using Matlab R2021b. 95% prediction bands were computed for the correlation

plots. The bias error (MD) and 95% limits of agreement (LOA) were computed for the
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Bland-Altman plots. LOA was computed as 1.96 times the standard deviation of the error.
To create ROC curves, 320 cases were classified into positive and negative groups using

17.1 pmol/L as the threshold. All the plots and curves were generated using Origin 2021b.

The data that support the findings of this study are available from the corresponding
author, but restrictions apply to the availability of these data, which were used under license
for the current study, and so are not publicly available. Data is however available from the
corresponding author upon reasonable request. The code that supports this work is
copyright of the Regents of the University of Washington and can be made available

through license.

5.3 RESULTS

5.3.1 DEVELOPMENT OF MOBILE APPLICATION

A number of proof-of-concept studies were attempted where the strategy was to develop
additional hardware attachments to the smartphone[133]. In these attachments, diverse
wavelength selection units can be assembled, like light sources at various wavelengths or
tunable filters. However, the asynchronous data acquisition at different wavelengths would
inevitably cause co-registration error in the data cube and consequently contaminate the
analysis outcomes. More importantly, the required investments on these attachments may

also pose obstacles on their realistic applications.

In our previous study, we described a strategy to reconstruct multispectral information
from skin photographs in RGB format[105]. Before imaging, the RGB camera was
calibrated to calculate a transformation matrix (TM) using Wiener estimation algorithm.
Then, using the TM, acquired RGB photographs can be reconstructed into multispectral

images. Following this strategy, we herein optimized the workflow and developed an app
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to implement a multispectral imager on an unmodified smartphone. The app was termed
SpeCamX and developed on Android 11 platform (Google, CA). Currently, we installed it

on Google Pixel 4 (Google, CA), but any type of smartphone can be used.

SpeCamX is capable of transforming the housed RGB camera into a spectral imager
by embedding the multispectral reconstruction algorithm within the app. The whole
application consists of four functional fragments, with their interfaces shown in Figure 5.2.
The “Imager” fragment (Figure 5.2(a)) is responsible for the setup before imaging. Users
can setup the default mode by selecting the model of their smartphones or enter into the
customized mode to select the type of color chart for recalibration. Figure 5.2(b) shows the
drop-down lists of options in the “Imager” fragment. Figure 5.2c shows the recalibration
page. After settings, users can launch the imager by tapping the camera icon in Figure 5.2a.
All the recorded datasets can be searched in the “Records” fragment (Figure 5.2(d)). The
“MSI” fragment (Figure 5.2(e)) shows the reconstructed spectral images of the subject.
Embedded algorithms in SpeCamX processes the spectral data cubes to extract features
and present the results in the “Analysis” fragment (Figure 5.2(f)). For example, the “BILI”
value represents the prediction made from the ROI in the “Bili” page. Users can acquire
these predictions whether in the real-time preview mode or after imaging. Except for BBL,
other functions like blood perfusion and pigmentation, can also be accessed in the drop-
down menu on the top of the interface. The workflow details of these fragments can be
found in the method part of this paper. Overall, five key characteristics guaranteed the
compatibility and practicability of SpeCamX in mobile health application: 1) No external
attachments or internal modifications to the smartphone are required, thus SpeCamX can

be duplicated and used like other normal apps; 2) No further calibration is required when
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used in the default mode, but we still opened an entrance for the recalibration to setup a
customized mode; 3) The customized recalibration can be simply realized by imaging
commercialized standard color charts; 4) No offline operation is required, the imaging,
processing and analysis functions are all integrated in this app; 5) Except for the BBL
detection, more other functions, like mapping of blood perfusion and pigmentation, are

provided as well.

5.3.2 SPECTRAL IMAGING OF COLORCHART, PHANTOM AND SCLERAL

TISSUE

The retrieval of spectral information from RGB cameras relies on the TMs we calculated
and stored in SpeCamX beforehand. In this part, we conducted an investigation to evaluate
the quality of the spectral reconstruction realized by these matrices. In our method, the
default TM for Pixel 4 was calculated from 24 Macbeth classic color blocks. First, we
applied the stored TM on the X-rite ColorChecker Digital SG to reconstruct spectra for
both classic colors and skin tones. The comparisons of the standard and reconstructed
spectra were shown in Figure 5.9a. The reconstructed spectra highlighted in red match well
with the references in both classic and skin tone colors. The RMSE of each color block
was measured to quantify the reconstruction accuracy, shown in Supplementary Table 1.
The average RMSE of all color blocks is less than 0.04, indicating an accurate

reconstruction of reflectance spectra.

RGB values can be affected by different illumination conditions and channel
sensitivities, which may lead to inconsistent responses under different camera settings. To
address this issue, SpeCamX provided both default TMs and recalibration options to

stabilize the quality of spectral imaging. Here, we simulated some extreme conditions by
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adjusting the color temperature and ISO of the camera to challenge this stability. X-rite
ColorChecker Digital SG was again used in this evaluation and imaged under different
camera settings. The color temperature was increased from 2500K to 9000K with a step
width of 500k.The 1SO was set to be 880, 840, 800, 720, 640, 570, 500, 450, 400, 360, 320,
285, 250 and 200, respectively. The RGB values and reflectance spectra of all color blocks
in these procedures were recorded by SpeCamX. As an example, the results of color block
#7D were shown in Figure 5.9(b, c). The horizontal axis includes both RGB and
multispectral imaging (MSI) channels, while the vertical axis represents the change of
camera settings. The RGB signals were normalized into the same scale with MSI channels
and mapped in the same figure. With the color temperature increased from 2500K to 9000K,
we observed the signals in G and B channels remained relatively stable, but that in R
channel increased proportionally. In contrast, the SpeCamX provided relatively stable
signals in all reconstructed reflectance spectral channels despite the change of the color
temperature. A similar result can be observed in Figure 5.9(c), where RGB values are
increased with the increase of ISO but the SpeCamX provided consistent spectral
reconstruction in all the channels. To quantify the consistency, we calculated the standard
deviations of signals in each channel of all color blocks, showing in Figure 5.9(d, e).
Compared with RGB values, signals in MSI channels perform much lower standard
deviations under different color temperatures and ISOs. These experiments demonstrate
that SpeCamX is capable of accurately reconstructing spectral information of subjects with

a high consistency under different device conditions and settings.
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Figure 5. 9. Performance of spectral imaging using SpeCamX.

(@) Spectral reconstruction test on a standard color checker (X-rite
ColorChecker Digital SG). The stored TM was applied on the 24 classic
colors and also the 14 skin tone colors to estimate the reflectance. The
reconstructed spectrums were compared with the standard spectrums in the
right. (b, c¢) Spectral reconstruction of color block #7D under different ISO
and color temperature settings. The color temperature is increased from
2500K to 9000K with a step width of 500k. The ISO is set to be 880, 840,
800, 720, 640, 570, 500, 450, 400, 360, 320, 285, 250 and 200. (d, e)
Standard deviations of signals in each channel of 96 color blocks with the
alternation of color temperature and ISO settings. RGB values of color
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block #7D shows much higher standard deviations than the reconstructed
spectra in this procedure. (f) Spectral reconstruction test on bilirubin
phantoms. The concentrations of bilirubin are 0.00, 0.23, 0.47, 0.94, 1.88,
3.75, 7.50, 15.00, 30.00 mg/dL in phantom 1-9, respectively. The inserted
figure shows the RGB photographs of phantoms which show darker and
darker yellowish pigmentation from phantom 1 to 9. The curves present the
reconstructed reflectance spectra accordingly. The dotted line curves
present the reflectance spectra measured by a spectrometer. The reflectance
at wavelengths around 460 nm shows gradual decrease from phantom 1 to
9 because of the increased absorption of bilirubin. (g) The linear
relationship between the reflectance reduction measured by SpeCamX and
the bilirubin concentrations of phantoms. The inserted table shows the fitted
equation and fitting errors.

Next, we prepared a set of phantoms to further test the performance of SpeCamX to
recover the spectral information of bilirubin. The bilirubin levels are 0.00, 0.23, 0.47, 0.94,
1.88, 3.75, 7.50, 15.00, 30.00 mg/dL in phantoms 1 to 9. The acquired RGB photographs
of these phantoms are shown in the inset of Figure 5.9(f), which shows deeper yellowish
pigments with the increase of the concentration of bilirubin. Their reflectance spectra were
obtained by SpeCamX and presented as the curves in Figure 5.9(f). These spectra were
normalized by the reflectance at 680 nm because of the absorbance of bilirubin at this
wavelength band is almost negligible. Compared with phantom 1 without bilirubin, other
phantoms give lower reflectance around 460 nm and the rate of reduction shows similar to
that of their concentrations. We calculated the values of rate reduction at 460 nm and
mapped the points with their bilirubin concentrations, accordingly, showing in Figure
5.9(g). There is a linear relationship between these two variables, verifying that SpeCamX

can be used to detect and quantify the optical absorption of bilirubin.

Figure 5.10 shows results of SpeCamX-enabled imaging on the sclera of two
representative clinical cases. Clinically, BBLs for the participants were measured at 23.4

and 368.9 umol/L, respectively. From RGB photographs in Figure 5.10(a, b), we can
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clearly observe darker yellowish in the sclera of patients with higher BBL. By the side of
the photographs, we presented every frame of the spectral images obtained by SpeCamX.
In wavebands from 420 to 480 nm, two cases show distinct signal strength differences in
the sclera due to different levels of bilirubin concentration. With a further increase of the
wavelength, the difference gradually decreases because the absorbance of bilirubin
becomes ignorable at longer wavelengths. In red bands above 650 nm, no significant
absorption can be observed in both cases. Figure 5.10(c, d) illustrate the generation of the
reflectance spectra averaged from two imaging trials. In each trial, we acquired ten
snapshots at different regions of the sclera. From each snapshot, we calculated an averaged
spectrum from the selected ROI. The final reflectance spectra were then averaged from
these ten measurements, showing as the black curves. The reflectance spectra also support
our above observation that the sclera tissue of the patient with higher BBL shows lower

reflectance in wavebands from 420 to 480 nm.
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Figure 5. 10. Examples of clinical imaging using SpeCamX.

(a, b) RGB and spectral images of cases with BBLs at 23.4 and 368.9
umol/L, respectively. (c, d) 10 samplings on different regions of the sclera
and the calculation of the reflectance spectrums of cases in (a) and (b),
respectively. The case with high BBL shows darker yellowish in the RGB
photograph and lower reflectance in wavebands from 420 to 480 nm than
the case with low BBLs.

5.3.3 PREDICTION OF BLOOD BILIRUBIN LEVELS WITH MACHINE LEARNING

320 patients with LD were enrolled in our study. The subjects show diversities in the gender,

age and diagnosis of disorders (Table 5. 1). RGB photographs and reflectance spectra of



121

sclera, paired with BBL results obtained from clinical blood testing were included in the
data set. As we can observe from Figure 5.10(a, b), except for the yellow pigmentation, the
sclera tissue region also shows redness because it is covered by a highly vascularized
conjunctiva layer. Considering this multiple-chromophore structure is more complicated
than the bilirubin phantom, we chose to use machine learning algorithms to predict BBL
instead of using linear regression algorithms. Besides, to validate our assumption that
SpeCamX can better predict the BBL, we developed machine learning models respectively
trained with spectra and RGB signals to compare their prediction qualities. ANN, SVM,
KNN and RF algorithms were used in the training of regression models. To avoid
overfitting, the prediction of each group was obtained by 10-fold cross-validation. 320
cases were randomly split into 10 sets. In each round, the model was trained using 9 of 10
sets, and then tested on the remaining one set. In 10 rounds, every data set needed to be
tested for once. The final prediction was averaged from predictions of 10 rounds.

Table 5. 1. Diagnosis profile of subjects in clinical assessment

Table 1 Diagnosis profile of subjects in clinical assessment

Gender Number Disorder Number Disorder Number
Male 189 Viral Hepatitis 53 Primary biliary cholangitis 6
Female 131 Drug-induced liver injury 30 Alcohol-induce liver injury 6

Alcoholic cirrhosis 26 Acute liver failure 4

Age Number Acute-on-chronic liver failure 24 Other diseases 59
20-29 10 Hepatitis B 19 Multiple liver diseases 29
30-39 32 Primary carcinoma of the liver 17
40-49 92 Acute pancreatitis 15
50-59 94 Drug-induced liver cirrhosis 1"

60-69 69 Cirrhosis 8
70-79 19 Subacute liver failure 7
80-89 4 Primary biliary cirrhosis 6

Figure 5.11. (al) shows the predictions obtained by ANN-based regression models. In
320 cases, we realized CC at ~0.90 and ~0.83 with SAL and RGBL models, respectively.
Except for higher CC, the SAL prediction band (red band) is also narrower than the RGBL

prediction band (black band), indicating smaller prediction errors. From the Bland-Altman
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plots (Figure 5.11(b1)), we can also observe smaller prediction errors and bias in SAL
prediction. Given more exposed features with higher spectral resolution, the SAL model is
also supposed to learn quicker than the RGBL model. To validate this point, we reduced
the data feeding to test and compare the prediction performance as well. Figure 5.11(a2-4)
show the prediction results while the subjects were reduced by randomly resampling 75%,
50%, 25% of the whole 320 cases, respectively. The prediction bands of both SAL and
RGBL widened when the data set size was decreased. However, the SAL prediction band
kept its relative stability from the intense expansion that happened in the RGBL prediction
band. This observation was quantifiably verified in their corresponding Bland-Altman
plots (Figure 5.11(b2-4)). The limits of agreement (LOA) of SAL prediction changed from
+122.71/-124.43 pmol/L to +149.66/-157.26 pmol/L while the case number decreases from
320 to 80, but the LOA of RGBL expanded from +161.28/-171.10 pmol/L to +236.29/-
234.65 pmol/L. This difference indicates that SpeCamX-enabled SAL can achieve

predictions with higher quality than RGBL when the data feeding is limited.
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Figure 5. 11. Comparison of prediction performance between SAL and
RGBL using ANN and SVM.

(a, ) the relationship between BBL and predictions with SAL/RGBL using
ANN and SVM, respectively. Black point: RGBL prediction; red point:
SAL prediction; black area: 95% prediction band of RGBL prediction; red
area: 95% prediction band of SAL prediction. (b, d) Bland-Altman plots of
predictions with SAL and RGBL using ANN and SVM, respectively. Black
dotted line: 1.96 limits of agreement of RGBL prediction; red dotted line:
1.96 limits of agreement of SAL prediction; black line: mean difference
(MD) of RGBL prediction; red line: MD of SAL prediction. 1-4 represents
different resampling percentages: 1:100%; 2:75%; 3:50%; 4: 25%. All the
groups with different sample sizes are randomly selected from the data pool
of 320 patients. Units for all values are pumol/L.

In the results of SVM-based regression models (Figure 5.11(cl)), the regression
coefficient of SAL is significantly closer to 1 than that of RGBL, indicating SAL prediction
is less biased. This observation has been validated by the Bland-Altman plots in Figure
5.11(d1), where SAL produces much smaller bias (9.22) than RGBL (23.32). Except for

bias, the prediction error is also smaller in SAL. While less data was fed, SAL prediction
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shows relative stability in both error and bias. However, these two indexes of RGBL

prediction increased by ~35% and ~30%, respectively.
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Figure 5. 12. Comparison of prediction performance between SAL and
RGBL using KNN and RF.

(a, ) the relationship between BBL and predictions with SAL/RGBL using
ANN and SVM, respectively. Black point: RGBL prediction; red point:
SAL prediction; black area: 95% prediction band of RGBL prediction; red
area: 95% prediction band of SAL prediction. (b, d) Bland-Altman plots of
predictions with SAL and RGBL using KNN and RF, respectively. Black
dotted line: 1.96 limits of agreement of RGBL prediction; red dotted line:
1.96 limits of agreement of SAL prediction; black line: mean difference
(MD) of RGBL prediction; red line: MD of SAL prediction. 1-4 represents
different resampling percentages: 1:100%; 2:75%; 3:50%; 4: 25%. All the
groups with different sample sizes are randomly selected from the data pool
of 320 patients. Units for all values are pmol/L.

Except for ANN and SVM, we also compared the SAL and RGBL predictions using
KNN and RF algorithms (Figure 5.12). In summary of these comparisons, SAL improves
the prediction quality in varying degrees, especially with less data feeding. To illustrate

this point more straightforwardly, we quantified the prediction performance of SAL and
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RGBL with data resampling percentage changing from 12.5% to 100% with a step width
at 12.5%. The CC, MD and STD were then measured and presented as curves in Figure
5.12. The evolution curves showed that the CC of SAL always remained in high levels at
~0.9, even when only 12.5% of the data was used to train the model. On the contrary, the
CC of RGBL can be even lower than 0.6. In all methods except for SVM, the prediction
biases of SAL are close to 0, smaller or at least comparable to RGBL predictions. In SVM,
the bias of SAL is unneglectable, but also 50% smaller than that of RGBL. The prediction
errors of SAL slightly increase with smaller sample size but overall lower than 75 umol/L,
which is almost the best level the RGBL can reach. It is worth noting that our study shows
that the prediction error increases along the range of BBL (Figure 5.13). In a similar range,
our SpeCamX-enabled SAL provided smaller or at least comparable prediction errors to

conventional methods.

a b c d

o o o o

(=] (=] [} [}

(=]

% o ? @
=) ol " P sl st ol — ]
" 100 600 " 100 600 = 100 600 " 100 600

BBL level BBL level BBL level BBL level

Figure 5. 13. STD of predictions using RGBL and SAL in different BBL
ranges.

(@), ANN; (b), SVM; (c), KNN; (d), RF. Black curve: RGBL prediction; red
curve: SAL prediction; blue curve: difference between RGBL prediction
and SAL prediction. While the BBL range increased, the prediction error
showed overall increase in both methods, but slower in SAL. In the range
from 0 to 600 umol/L, the STD of SAL-based prediction can be smaller
than 70 pmol/L. In the range from 0 to 350 umol/L, the STD of SAL-based
prediction can be controlled around 50 pmol/L, smaller or comparable to
conventional methods.
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Figure 5. 14. Quantification of improvements of SAL prediction in different
sample sizes and learning algorithms compared with RGBL prediction.

1, CC, 2, Mean difference (MD), and 3, STD between BBLs and prediction
with SAL/RGBL along different resampling percentages from 12.5% to
100%. a, ANN; b, SVM; ¢, KNN; d, RF. Black curve: RGBL prediction;
red curve: SAL prediction; blue curve: difference between RGBL
prediction and SAL prediction.

Besides the enhancements exist in absolute values, the red SAL curves in Figure 5.14
seem to perform higher stability in all groups than RGBL curves. We quantified the
standard deviations of these four indexes in all groups with different sample sizes and
algorithms (Figure 5.15). The standard deviations of CC, MD, and STD in RGBL

prediction are 259%, 102% and 192% higher than those in SAL prediction.
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Figure 5. 15. Bar graphs of prediction qualities in all groups with different
sample sizes and algorithms using RGBL and SAL.

SAL-based predictions realized smaller STD than RGBL in CC, MD and
STD.

These comparison results demonstrated that SpeCamX-enabled SAL learns better than
RGBL in accuracy, efficiency and stability. We incorporated four models trained with the
whole data set into the “Analysis” fragment of the app, the predictions using these models
would be averaged and previewed as the “BILI” value by the side of ROL In this case, the
SpeCamX-augmented smartphone bilirubinometer can be used as an integrated and real-
time BBL detector. We showed the predictions of SAL/RGBL using the combined machine
learning model in Figure 5.16. Being similar to predictions using the single machine
learning model, the predictions of combined model also validated that SAL is better than
RGBL in prediction accuracy, stability and learning efficiency. Besides, the combined SAL
achieved higher or at least comparable prediction quality than using the single model. In
all groups, the STD was controlled to be around 60 pmol/L and the CC/AUROC values

were all stabilized above 0.9.
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Figure 5. 16. Quantification of improvements of SAL prediction using the
combined machine model.

(@) the relationship between BBL and predictions with SAL/RGBL using
the combined machine learning model. Black point: RGBL prediction; red
point: SAL prediction; black area: 95% prediction band of RGBL prediction;
red area: 95% prediction band of SAL prediction. (b) Bland-Altman plots
of predictions with SAL and RGBL using the combined machine learning
model. Black dotted line: 1.96 limits of agreement of RGBL prediction; red
dotted line: 1.96 limits of agreement of SAL prediction; black line: MD of
RGBL prediction; red line: MD of SAL prediction. 1-4 represents different
resampling percentages: 1:100%; 2:75%; 3:50%; 4: 25%. (c) CC, (d) MD
and (e) STD between BBLs and prediction with SAL/RGBL using the
combined machine learning model along different resampling percentages
from 12.5% to 100%. Black curve: RGBL prediction; red curve: SAL
prediction; blue curve: difference between RGBL prediction and SAL
prediction. (f, g) the receiver-operating characteristic (ROC) analysis of
prediction with RGBL (f) and SAL (g) using the single and combined
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machine learning model. Whether in single or combined models, SAL
achieves a bigger area under the ROC curve (AUROC) than RGBL, which
indicates a better diagnostic. All the groups with different sample sizes are
randomly selected from the data pool of 320 patients. Units for all values in
a, b, d and e are umol/L.

5.4 DISCUSSION AND CONCLUSION

The development of mobile health enables daily monitoring of many vital signs and
components, some of them have the potential to indicate diseases which can rarely be
detected out of clinics[6]. Exploring and developing relative techniques can promote the
public healthcare. For example, the global incidence of LD is estimated at 1.5 billion,
which leads to about 2 million deaths each year[134]. Close monitoring of at-risk
populations is believed to be an effective strategy to control its spread and
development[135]. However, frequent clinical testing imposes an inevitable burden to the
patients, both psychologically and economically, impacting the compliance to seek for
medical services. To improve the clinical compliance and promote their willingness to
accept the monitoring of liver health conditions, one solution is to noninvasively detect
bilirubin levels in the serum, preferably that can be performed in a non-clinical
environment. The balance of BBL in the circulation relies on a normal liver metabolism,
which makes it a suitable biomarker of liver functions[136]. At different severity stages of
LD, bilirubin dysbolism accumulates and eventually causes different levels of
hyperbilirubinemia, which usually appears as the yellowish pigmentation in body
tissue[137]. With distinct spectral properties, bilirubin-induced pigmentation is suitable to
be noninvasively measured using optical sensors to estimate the BBL and finally predict
the live condition. Some of these sensors, like transcutaneous bilirubinometer, equip

spectral illumination for the detection of the light absorption to estimate BBL[138].
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Actually, there are already some portable versions of these sensors that can save people
from the frequent clinical visits[139], however, substantial investment is still required to

acquire these specially-made devices, which eventually prevents their wider spread use.

Herein, we provided a strategy by developing a mobile application termed SpeCamX
to transform smartphones into spectral imagers and tested this strategy in BBL prediction.
SpeCamX is capable of acquiring multispectral data cubes though a single snapshot
without external attachments. Besides, SpeCamX provides a set of pre-loaded TMs for
some popular smartphones and standard room conditions. This provision would save users
from the requirements on the expertise of complicated color calibration and off-line
processing. Moreover, after spectral imaging, we inserted the “Analysis” fragment in the
app to analyze the chromophore information from acquired multispectral data cubes.
Except for the bilirubin prediction discussed in this study, we also provide entrances to
map the blood perfusion, melanin pigmentation and other chromophores within human
tissue. Given that smartphones are already integrated terminals equipped with detector,
processor and display units, the installation of SpeCamX will enable them to conduct

medical screening and diagnosis with a high independence and exempted expense.

In this study, as a proof of concept, the output data cube of SpeCamX was set to be in
27 channels and range from 420 to 680 nm with a step width at 10 nm. We assumed that
bilirubin and hemoglobin dominated the color of scleral tissue, thus the selected
wavelength bands covered both the absorption peaks and troughs of these two
chromophores. Moreover, the format of output data, including the spectral resolution and
channel number, is tunable according to different sample compositions and processing

methods. For instance, we are capable of setting up denser channels around bilirubin’s
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absorption peak if the hemoglobin was excluded. While using machine learning algorithms,
we prefer to provide data with more channels and higher spectral resolutions so the
potential features can be fully learned. Except for that, SpeCamX can also support non-
learning algorithms by imaging at typical wavelengths, like 460 and 500 nm used in
transcutaneous bilirubinometer. Overall, SpeCamX-enabled medical imaging shows a high

technical flexibility and a large optimization space.

Through the clinical imaging to patients with LD, we demonstrated the enhancements
on predictions realized by SpeCamX. Encouraged by this study, we believe SpeCamX may
also act as an effective tool to monitor other bilirubin-related diseases, like neonatal
jaundice. In fact, both infants and the guardians should benefit from the real-time, non-
contact and non-invasive evaluation mode of this SpeCamX-augmented smartphone
bilirubinometer. Further, if we see the bilirubin prediction described here as an evidence,
it should be reasonable to expect similar prediction quality when evaluating other
chromophores. For example, SpeCamX should conceivably better describe hemoglobin
behaviors than regular camera apps, which would strengthen the monitoring of blood and
vascular abnormalities. In a word, SpeCamX has the potential to get involved in
conventional smartphone-enabled medical imaging methods and improve their

performance.

There are still some limitations in our study. Although we maintained the diversity of
patients in gender and ages, only Asian patients were enrolled and imaged. Being
dominated by bilirubin and hemoglobin, the color of scleral tissue is supposed to be
uncorrelated with the pigments varied in different complexions, but further investigation is

needed. Besides this, the property of SpeCamX to estimate targets from more complicated
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backgrounds still remains untested. Some human tissues may contain chromophores with
more diversity and less predictability. Aiming to spread the usage of SpeCamX, we need

to further explore its usability in these scenes.

Looking forward, though our current study was conducted in clinics, a wider
application of SpeCamX is expected to be realized by the public in their daily lives. In the
future, we will keep working on the optimization, package and approval of this app and
method to provide their open access. Through this way, we may conduct studies on the
health care of a larger population with more diversity in regions, races, complexions and
diagnosis. Meanwhile, we will keep updating the embedded “Analysis” fragment by
uploading more functions to empower this platform for the screening and monitoring of

more health issues.
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Chapter 6. SUMMARY AND FUTURE WORK

In this thesis, the development and applications of typical augmented smartphone-enabled
imaging in mobile health are comprehensively presented and discussed. The systems and
methods of smartphone-enabled multispectral imaging, fluorescence imaging and remote
photoplethysmography are designed and developed. Considering their performance in
mapping hemoglobin, melanin, bilirubin, oxygenation and blood pulsations within human
tissue, this set of techniques possess a great potential in augmenting imaging from afar in

mHealth.

We propose a novel method and system that utilizes popular smartphone to realize
multispectral imaging for analyzing skin morphological features and monitoring
hemodynamics. The imaging system works based on built-in RGB camera and flashlight
in the smartphone. We apply Wiener estimation to transform the acquired RGB-mode
images into “pseudo”-multispectral images with 16 wavebands, covering a visible range
from 470nm to 620nm. The processing method uses weighted subtractions between
wavebands to extract absorption information caused by specific chromophores within skin
tissue, mainly including hemoglobin and melanin. Based on the extracted absorption
information of hemoglobin, we conduct real-time monitoring experiments in the skin to
measure heart rate and to observe skin activities during a vascular occlusion event.
Compared with expensive multispectral imaging systems, the smartphone-based system
delivers similar results but with very-high imaging resolution. Besides, it is easy to operate,
very cost effective and has a wider customer base. The use of an unmodified smartphone

to realize multispectral imaging promises a possibility to bring multispectral analysis of
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skin out from laboratory and clinical wards to daily life, which may also impact on

healthcare in low resource settings and rural areas.

We propose a smartphone-enabled system and method to realize multispectral
autofluorescence imaging for analyzing bacterial infection within skin and oral cavity. The
system consists of an unmodified and intact commercial smartphone and a home-made cell
phone case with built-in black light LEDs. We use Wiener estimation method to calibrate
the RGB-mode smartphone camera and transform the acquired autofluorescence
photographs into pseudo-multispectral data cubes with 15 wavebands ranging from 420
nm to 700 nm. Then, we extract and compare the spectral performance of emissions from
bacteria-produced porphyrins and endogenous background tissue. Based on the extracted
autofluorescence spectra, we apply weighted subtraction between wavebands of interest to
realize bacteria targeting and feature mapping. We conduct analysis of autofluorescence
on facial skin and dental plaques to demonstrate the performance of the proposed system
and methods. Further, with this strategy, we realize quantitative analysis of the bacterial
infection in the combination and oily types of skin. Compared to traditional bacteria
assessment strategies, we provide a method with the features of real-time visualization,
label-free molecular identification, and feature mapping. Meanwhile, differing from the
most conventional multispectral imaging systems, the proposed smartphone-based system
works in a snapshot mode, thus improving its immunity to motion artifacts. Considering
the popularity of smartphones in today’s world, it is expected a relatively easy acceptance
of the proposed cost-effective method by the community, making an impact on skin and

oral care in general and in rural areas with low resource settings in particular.
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We propose a smartphone-enabled remote multispectral photoplethysmography (SP-
rmPPG) system and method to realize spatiotemporal monitoring of perfusion changes and
pulsations of the oxyhemoglobin and deoxyhemoglobin information of the effective blood
volume within light interrogated skin tissue beds. The system is implemented on an
unmodified smartphone utilizing its built-in camera and flashlight to acquire videos of the
skin reflectance. The SP-rmPPG method converts the RGB video into multispectral cubes,
upon which to decouple the dynamic changes in oxyhemoglobin and deoxyhemoglobin
information using a modified Beer-Lambert law and the selective wavelength bands of
500nm and 650nm. Blood pulsation amplitudes are then obtained by applying a window-
based lock-in amplification on the derived spatiotemporal changes in oxyhemoglobin or
deoxyhemoglobin signals. To demonstrate the feasibility of proposed method, we conduct
two experiments on the skin tissue beds that are conditioned by occlusive maneuver of
supplying arteries: one using the popular blood cuff pressure maneuver on the upper arm,
and another artificially inducing a transient ischemic condition on the facial skin tissue
beds by finger pressing on the supplying external carotid artery. The cuff experiment shows
that the measured dynamic information of oxyhemoglobin and deoxyhemoglobin in the
downstream agrees well with the parallel measurements of oxygenation saturation given
by the standard pulse oximeter. We also observe the expected imbalance of spatiotemporal
changes in the oxyhemoglobin and deoxyhemoglobin between the right and left cheeks
when the transient ischemic condition is induced in the one side of facial skin tissue beds.
The results from the two experiments sufficiently demonstrate the feasibility of the
proposed method to monitor the spatiotemporal changes in the skin hemodynamics,

including blood oxygenation and pulsation amplitudes. Considering the ever-growing
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accessibility and affordability of the smartphone to the general public, the proposed
strategy promises the early screening of vascular diseases and improving general public

health particularly in rural areas with low resource settings.

Lastly, we developed a mobile app termed SpeCamX that can transform smartphones
into multispectral imagers. With this app, we implemented an augmented smartphone
bilirubinometer to predict BBL in an accurate, low-cost and easy-to-use manner. We
described the development of SpeCamX and validated its performance in capturing
multispectral information. In clinical study, we imaged the sclera of 320 LD patients with
this augmented smartphone bilirubinometer. With the acquired multispectral data cubes
paired with total serum bilirubin (TSB) results from blood testing, we trained machine
learning models to predict BBL and realized correlation coefficients (CC) above 0.9
between two measurements. Moreover, we compared this SpeCamX-enabled spectrally
augmented learning (SAL) with the learning based on RGB photographs (RGBL) in four
typical algorithms, including artificial neural network (ANN), support vector machine
(SVM), K-nearest neighbors (KNN) and random forest (RF). Experimental results verified
the superiority of SAL in prediction bias, errors and stabilities, especially with reduced
data feeding. The results support our claim that SpeCamX-enabled smartphone
multispectral imager can better capture spectral information to improve the prediction of
bio-chromophores, like bilirubin. More importantly, our imaging and prediction can be
conducted without additional investments and expertise, implying a high utility to provide

healthcare for publics, especially for populations in the shortage of medical resources.

Above development on the smartphone-enabled imaging provides a new strategy by

exposing more information than conventional smartphone RGB vision. Besides, no
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modification would be required, except for the external light source for fluorescence
excitation, for smartphone to derive these vital signs and biometric features. In other words,
these functions are added on the original imaging modality without disturbing or replacing
it, which is what we claimed “augmented” smartphone-enabled imaging. For the imaging
from afar aspect in mHealth, this strategy has the potential to significantly strengthen its

capacity in delivering trustable information for diagnosis.

Though the potential has been revealed in this thesis, some further work on the
augmented smartphone-enabled imaging is worth exploring. In Chapter 2, the multispectral
reconstruction method based on Wiener estimation algorithm has been proposed. However,
the reconstruction accuracy has only been tested with the standard color chart. Concerning
the difference of spectral property between human tissue and color chart, further
investigation on the reconstruction quality and optimization is necessary. Besides, the
chromophore extraction model used in Chapter 2 is in a highly simplified form. The
scattering property of tissue has been ignored for the convenience of calculation. However,
practically, human skin is a high scattering tissue with very complicated structures and
components. Further work will be required to address these issue to improve the function
of proposed method from “contrasting” to accurate quantification. In Chapter 4 and 5, the
oximeter and blood test results had been used as the reference and golden standard to assess
the quality of corresponding smartphone imaging. However, this validation step has not
been provided in the estimation of cutaneous hemoglobin, pigmentation and porphyrins in
Chapter 2 and 3 because of the complexity of golden standard testing to these components.
Our future work will also focus on validating these estimations with clinical standard to

further support and enhance the augmented smartphone imaging methods. In Chapter 5,
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the usefulness and advantages of smartphone-enabled multispectral imaging in clinics have
been verified by predicting blood bilirubin levels of patients with liver diseases. However,
some details in the imaging procedure are also worth exploring as well. For example, some
previous studies have discussed the impact of ambient light on the measurement [140],
which is also a key factor that might challenge our calibration step in the multispectral
reconstruction. In this case, further exploration on the illumination conditions, including
the ambient light, illumination evenness, imaging distance and angles, would provide
useful technical supports and backups for the practical application of augmented
smartphone imaging methods. Except for the mentioned imaging modalities, the package
and development of related mobile applications also needs to be addressed to provide
service for the public. Besides, to keep empowering this strategy, it is necessary to explore
the implementation of other imaging modalities, such as polarization imaging and 3D
imaging, on the smartphone platform. Finally, as a branch of mHealth techniques, the
communication and cross-validation between smartphone-enabled imaging from afar and
other techniques, like wearable devices, are also worth exploring, especially when the

purpose is to monitor hemodynamics.
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