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Abstract 

This study explores the feasibility of using artificial neural networks (ANN) models 

trained on reflectance measurements collected from tissue-mimicking liquid phantoms 

through the DOB Scan Probe to reconstruct topological maps of the reduced scattering 

coefficient (𝜇𝑠
′) and absorption coefficient (𝜇𝑎) that can be used to diagnose cancerous

growths and monitor the reduction in tumor sizes for participants undergoing 

chemotherapy. The first chapter explores breast cancer as a disease and features of the 

DOB Scan Probe enabling its detection. A review of the various methods available for 

retrieving 𝜇𝑠
′ and 𝜇𝑎 from diffuse reflectance measurements are then provided along

with the motivation for their selection. An introduction to ANN models follows, 

accompanied with a description describing its training. Materials and equipment required 

to prepare liquid phantoms are listed and the protocol for collecting training data 

outlined. The thesis ends with a report on the ANN’s prediction accuracies for 𝜇𝑠
′ and 𝜇𝑎

and a demonstration of its image reconstruction capabilities. 

Keywords: Diffuse reflectance tomography; Inverse problem; Near-infrared LED; 

Artificial neural networks; Breast cancer; Chemotherapy 
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Chapter 1.  
 
Introduction 

1.1. Breast cancer detection techniques 

It is generally recommended for women above the age of 40 to have annual 

screenings for breast cancer due to the higher likelihood of women in this age group 

developing the disease. 

Before and during breast cancer treatment, the doctor or a trained healthcare 

professional will perform CBEs (Clinical Breast Exams) to identify the approximate size, 

location, and depth of any breast tumor(s) that may be present. After the patient has 

removed their clothing from the waist up, the doctor or healthcare professional will 

palpate the breast and the nipples while lying down. The palpation region starts from the 

middle of the chest, outward towards the armpit, and up towards the collarbone. A slight 

pinching pressure will be applied between the doctor or healthcare professional's fingers 

during the procedure to identify lumps or regions of tenderness or pain at the surface or 

deep within the breast tissue. If an abnormality is found during a CBE, the doctor would 

most likely request that additional tests be performed to identify the nature and extent of 

the abnormal growth[1].  
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Figure 1  Different methods of detecting breast cancer. a) Palpation, b) X-ray 
mammography, c) Ultrasound, d) MRI 

X-ray mammography is currently the most common method of detecting breast 

cancer in its early stages. During the procedure, pressure is applied to the breast from 

two opposing plates to flatten the breast slightly. A radiograph is then captured at the 

current orientation. The process of flattening and radiograph capturing is then repeated 

at an orientation incremented by 90° from the previous orientation to capture a different 

view of the breast. The process of radiograph capturing from different orientations 

provides a top and side view of the breast, offering a diagnosis of improved precision 

and accuracy. 

a) b) 

c) d) 
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a)                                         b) 

Figure 2 (a) Mammography Unit, 1) X-ray tube, 2) X-ray beam, 3) compression 
paddle, 4) breast support, 5) detector, 6) C-arm, 7) monitor for angle. 
(b) Sample radiograph captured from x-ray mammography. 

Note: (a) [2]  (b)[3] 

People in the US are typically exposed to 3 millisieverts of radiation annually from 

background radiation in their surroundings. During an X-ray mammography procedure 

involving the capturing of two radiographs from each side of the breast, the patient is 

exposed to approximately 0.4 millisieverts of radiation. This exposure is equivalent to 

about two months’ worth of background radiation [4]. It is recommended that patients 

consult their health care provider before the procedure to ensure their safety. 

Breast MRI (Magnetic resonance imaging) machines generate a strong magnetic 

field – between 0.5 to 1.5 Teslas – that, when exposed to the human body, temporarily 

aligns the axes of rotation of the protons within the atoms of the human body to the field 

direction of the generated magnetic field. Following the proton alignment within the 

generated magnetic field, additional energy in the form of radio waves is emitted from 

the MRI machine, offsetting the proton alignments from their original axes within the 

magnetic field. When the radio wave emission is switched off, the protons will revert to 

their original alignment within the magnetic field, emitting radio waves in the process. 

Receiver coils around the MRI machine will use the body's emitted radio waves to 

reconstruct magnetic resonance (MR) images [5]. 
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Figure 3  MR Image of a 47-year-old woman with solitary infiltrating lobular 

carcinoma. 
Note: Image taken from [6] 

Breast MRI screenings are typically recommended for women who are deemed to have 

higher risks of breast cancer.MR images are typically much more detailed than 

radiographs from X-ray mammography. However, this increase in the level of detail 

leads to higher tendencies for false-positive diagnoses by medical professionals as 

suspicious areas shown by an MR image could potentially be an area of benign 

growth(s). This is why MRI is typically used alongside other imaging methods like 

ultrasound or X-ray mammography for better accuracy [7]. 

 
a)                                                     b) 
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Figure 4  Comparison between MRI (a) and Mammography (b) scans for a 
patient with ductal carcinoma in the right (left breast in image a) 
breast. Diagnosis made from the MR image (a) was that the mass in 
the right (left breast in image a) is benign. Mammography radiograph 
(b) revealed a nodular-like (BI-RADS 3) stucture in the scan's upper 
outer quadrant. 

Note: MR image and radiograph were taken directly from [8] 

Ultrasound imaging is sometimes used in complement to the breast cancer 

detection methods described above. High-frequency sound waves are emitted through a 

hand-held probe that is placed against the breast, and the echoed waves are used to 

reconstruct cross-sectional images on a computer. This imaging method is typically used 

following the detection of any abnormalities during a CBE or X-ray mammography 

procedure. It is best used to determine if a suspected abnormal growth within the breast 

is solid (maybe a cancerous tumor or non-cancerous lump) or fluid-filled (benign cyst). If 

a solid lump were to be detected within the breast, ultrasound imaging would not identify 

if the solid lump is cancerous or benign. Additional tests will need to be performed to 

arrive at a conclusive diagnosis. 

In ultrasound imaging, echoes of high-frequency sound waves are used to 

reconstruct images called sonograms. Before imaging, a gel-like balm is applied onto the 

skin to reduce the acoustic impedance attributed to the exposure of the ultrasound 

transducer to air. The ultrasound transducer handheld probe is then placed up against 

the skin. A high-frequency sound wave is then emitted into the breast tissue. Different 

tissue structures of different sizes and different depths within the breast will reflect the 

emitted sound waves to the skin at different time intervals. The transducer then picks up 

the echoed sound waves from the skin and sends it to an imaging software that uses this 

information to reconstruct sonographs [9]. 
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Figure 5 Transverse sonograph of a fiboradenoma 
Note: Sonograph was taken from [10] 

Ultrasound imaging is typically used alongside other imaging methods, like the ones 

described above. This imaging method is best used to determine if a suspicious growth 

within the breast tissue is solid (could be either a cancerous tumor or a non-cancerous 

lump) or fluid-filled (benign cyst). If a solid lump were to be detected from a sonograph, 

additional tests would need to be performed to determine if it is cancerous or benign in 

nature. Ultrasound imaging is also a preferred method for detecting breast cancer in 

women under thirty. Younger women tend to have higher densities of glandular tissues 

within their breasts, which shows up as cancer-like masses in the radiographs captured 

from X-ray mammography. This lack of specificity affects the radiologist’s ability to 

effectively identify the existence and location of any potentially cancerous growths, 

increasing the probability of a false positive/negative diagnosis [9]. 
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Figure 6  A woman with extremely dense breast tissue. (a,b) Craniocaudal 

(CC) and mediolateral oblique (MLO) digital mammography. (c) 
Handheld high-resolution ultrasound shows an irregular mass, 
between the calipers in the image. 

Note: Mammograms were taken directly from [11] 

1.2. NIR diffuse optical tomography (DOT) 

The use of Near-infrared (NIR) biomedical imaging for the detection of breast 

cancer has been studied and applied for the past three decades, showing promising 

results[12]–[19]. This imaging technique exposes breast tissue to a series of low-energy, 

non-ionizing NIR radiations between the wavelengths of 600 and 1000 nm and 

measures the diffusely scattered spectral response in reflectance geometry from the 

breast’s skin surface to solve for the in-vivo optical properties of the breast tissue. The 

physiological contents of the breast tissue can then be identified by leveraging the 

absorption and scattering spectra of different tissues within the NIR spectrum. 

When photons are injected into a turbid medium, they can migrate through the 

medium in three different ways. If the turbid medium is thin, the re-emerging photons 

follow either a ballistic (coherent), snake (quasi-coherent), or diffusive (incoherent) 

profile. In a ballistic (coherent) profile, a photon enters the medium from one end and 

exits from the other without being scattered. In a snake (quasi-coherent) profile, the 

injected photons from one end experience a few scattering events within the medium, 

still re-emerging from the other end of the medium eventually. In a diffusive (incoherent) 

profile, the injected photons from one end of the medium experience multiple scattering 

events, re-emerging at the same side where it was initially introduced [20]. 
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Figure 7  Photon profiles within a turbid medium 

Light scattering in heterogeneous media is primarily governed by the fluctuation 

of optical refractive indices throughout the biological material due to the different cellular 

organelles within cells belonging to the same tissue and extracellular matrix between 

different tissues [21]. The absorption of light within a heterogeneous medium is 

instigated by chromophores present within the cells. Cells belonging to different tissues 

have different chromophores that possess unique absorption peaks within the visible 

light spectrum. The ability of a biological medium to scatter an incident beam of light can 

be represented using the reduced scattering coefficient 𝜇𝑠
′ while the total amount of light 

absorbed by a medium can be represented using the absorption coefficient 𝜇𝑎. The 

reduced scattering coefficient 𝜇𝑠
′ = 𝜇𝑠(1 − 𝑔) considers the anisotropic light-scattering 

property of biological tissues through the inclusion of an anisotropy factor g – that is 

tissue-dependent – that modifies the original scattering coefficient 𝜇𝑠 that assumes 

isotropic scattering of light. 

1.2.1. Healthy breast tissue 

The healthy female breast tissue consists of glandular, connective, and adipose 

tissues. Glandular tissues consist of lobules and ducts that produces and transports milk 

to the nipple. The milk lobules are typically clustered into larger structures called lobes, 
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which are suspended in adipose tissue. Adipose tissue or fatty tissue is the most 

abundant tissue type found in the breast, constituting between 50 – 70 % of the total 

breast volume. The connective tissue consisting of the fascial system and the 

suspensory ligaments of Cooper holds the adipose and glandular tissues in place. 

Extending cephalad from the abdomen's superficial fascia, separation on the sixth rib 

divides the fascia into a superficial layer and a deep layer. The superficial layer wraps 

around the outside of the breast, distal to the torso while the deep layer wraps around 

the underside of the breast, proximal to the torso, holding the glandular and adipose 

tissue to the chest wall. Cooper ligaments run throughout the breast tissue, forming 

connections between the superficial fascial layer and the deep fascial layer. Their elastic 

properties provide structural support and maintains the overall shape of the breast [22]. 

 
Figure 8 Cross-sectional view of the breast tissue 
Picture: Cross-sectional breast view was taken from [22] 

1.2.2. Benign growths 

Benign tumors account for the vast majority of abnormal lumps/growths 

diagnosed during breast examinations [23], [24]. They are non-cancerous growths within 

the breast tissue that do not pose any immediate health risks to the patient but can often 

be uncomfortable and even painful if left untreated. 

Fibrocystic changes of the breast tissue are benign conditions that affect 50 to 

60% of all women [23]. This umbrella term covers a broad spectrum of fibrous and cystic 

changes within the breast tissue that most often leads to breast cysts' formation. Breast 

cysts can be classified into simple and complex cysts. Simple cysts are fluid-filled 
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cavities that can exist in different sizes and different numbers at a given time within the 

breast tissue. On the other hand, complex cysts tend to have liquid and solid debris 

mixed within their cavities. On most occasions, simple cysts are treated by fine-needle 

aspiration and post-procedural monitoring. Most of the simple aspirated cysts disappear 

following the procedure. Complex cysts, although usually benign, require closer 

monitoring to look out for potentially concerning histopathological changes. In the rare 

event that malignancy signs are discovered from the aspirated fluid or biopsied tissue 

debris of the complex cyst, surgical excision of the complex cyst could be performed 

[25]. 

Fibroadenoma is the most common type of benign, solid breast tumor detected 

during breast screening. Hormonal triggers during the premenopausal stages, 

pregnancy, estrogen therapy, and regression during menopause are all likely causes for 

its growth [24], [26]. Fibroadenomas are solid lumps that consist of epithelial (skin) and 

stromal (connective) tissues. For most cases, fibroadenomas are left untreated as they 

typically shrink and disappear over time. However, should a fibroadenoma continue to 

grow rapidly or is large (larger than 2 cm), surgical excision of the tumor would be 

recommended [26]. 

1.2.3. Malignant growths 

Most malignant tumors tend to appear as single hard lumps that are usually 

painless. Malignant growths are generally discovered by the patient or during routine 

breast screening. Indicative symptoms of its existence include discovering a solid lump, 

nipple discharges, changes in the breast’s shape or size, changes in the nipple’s 

appearance, or tenderness in the nipple region [23], [27]. 

The formation of malignant breast tumors are results of damaged DNA and 

genetic mutation within the cells of the breast tissue that can be influenced by aging, 

exposure to the estrogen hormone secreted by the body itself, or through exogenous 

use or having a family history of predisposition to the disease [27].  

Malignant tumors can present themselves as being invasive or non-invasive. 

Non-invasive malignant growths can be classified as lobular carcinoma in-situ or ductal 

carcinoma in-situ. Lobular carcinomas in-situ develop and proliferates within the milk 



11 

lobules, not extending beyond the lobule itself. The same can be said for ductal 

carcinoma in situ, where its proliferation is only confined within the milk ducts. Both 

lobular and ductal carcinomas in situ have the potential of developing into invasive 

carcinomas. Invasive/infiltrating carcinomas proliferate beyond the lobules or ducts, 

permeating into and eventually throughout the breast tissue. Suppose the 

invasive/infiltrating carcinoma grows into the blood circulatory or lymphatic system and 

breaks off its original growth site. In that case, the free-moving cancerous cell(s) can re-

attach themselves to other parts of the body and continue to grow [28]. This process is 

known as the metastasis of cancerous cells.  

As the malignant tumor continues to grow, the concentration of hemoglobin 

around the tumor has been observed to increase. Like every other cell in the body, 

invasive/non-invasive cancerous cells require oxygen and nutrients to survive and grow. 

When cancerous cells compete for oxygen with their neighboring cells, the oxygen levels 

in the cancerous growth area will decrease. The low oxygen or hypoxic region triggers 

the growth of additional blood vessels, angiogenesis, to the affected area so that more 

oxygen may be supplied to the cells [29], [30]. 

When the cancer is non-invasive, surgical excision without radiotherapy is 

enough to control the spread of the disease. If the risk of metastasis is high, systemic 

therapy in any combination of hormonal therapy, chemotherapy, or targeted therapy may 

be recommended. For invasive cancers that have not reached metastasis, systemic 

therapy is used as a palliative therapy with a small or no surgery role [27]. 

1.2.4. Healthy and cancerous breast tissue in the NIR spectrum 

It can be concluded from the previous section that in addition to the tissues 

commonly found in healthy breasts, breast tissues with malignant growths tend to have 

higher concentrations of hemoglobin and breast tissues with benign growths will either 

have higher fluid content (benign cysts) or epithelial and stromal content (fibroadenoma). 

Applying the principles of NIR spectroscopy outlined in section 1.2, the presence of 

malignant growths can be differentiated from healthy breast tissues by selecting a 

wavelength in the NIR spectrum that is readily absorbed by hemoglobin but has low 

absorption when exposed to adipose, glandular and stromal tissues. Benign cysts can 

be detected by selecting another wavelength in the NIR spectrum that is readily 
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absorbed by water but has low absorption when exposed to hemoglobin, adipose, 

glandular and stromal tissues. 

Looking first into the absorption coefficients of different tissues commonly found 

in healthy breasts, the results reported in [31] reveals that the calculated absorption 

coefficients for stromal and fatty tissues above the 650 nm wavelengths are very close to 

0. 

 
Figure 9  Absorption coefficient comparison between fatty and stromal tissue 
Note: Plot was taken directly from [31] 

Results from [32] show with greater precision, the absorption coefficients for fatty, 

normal tissues on wavelengths 749 nm, 789 nm, and 836 nm are consistently higher 

than that of fibrous, normal tissues. Given that fatty tissues are the primary constituents 

of breast tissues, it can be generalized that fatty tissues account for the majority of NIR 

light absorption between the wavelengths of 650 nm and 840 nm. 

Table 1 Comparison of absorption coefficients between healthy and cancerous breast tissues  
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Note: Table taken directly from [33] 

Having fatty tissues established to be the primary absorber for healthy breasts in 

the NIR spectrum, an analysis on the difference in absorption coefficients between fatty 

tissues and benign growths will need to be analyzed. As mentioned in the section 

describing benign growths, the two commonly diagnosed benign growths are benign 

cysts – fluid-filled cavities – and fibroadenomas – solid lump containing primarily 

epithelial and stromal tissues. According to the results presented in [17], it was shown 

that the absorption coefficients of ductal carcinomas and benign fibroadenomas were 

1.25 to 3 times higher when compared to healthy breast tissues in the NIR spectrum. 

The authors implemented a frequency-domain photon migration (FDPM) diffuse 

reflectance technique to measure breast tissues' in vivo optical properties at different 

wavelengths. Additional findings from [34] reveal that fibroadenomas tend to have higher 

vascularization and contain higher contents of water than healthy breast tissue, showing 

absorption peaks at shorter (635 – 785 nm) wavelengths at 975 nm, respectively. The 

findings were obtained from in-vivo time-domain diffuse transmittance measurements of 

different breast conditions from a group of patients recruited for the study. Regions of the 

highest water contents are still primarily found in mammary glands. A plot below shows 

the difference in optical densities for different tissues measured at different wavelengths 

within the NIR spectrum: 
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Figure 10  Absorption spectra of the four main tissue components primarily 

found in the breast of postmenopausal women 
Note: Plot was taken from [17] 

Fluid-filled benign cysts contain higher water contents than adipose tissues but 

could potentially have similar water contents to mammary glands. Diffuse optical 

tomography (DOT) measurements of breast tissues with benign cysts presented in [16] 

show the Philips DOT system can reliably detect cysts at least 15 mm in diameter. Cysts 

that are smaller in diameter and closer to the chest wall remain undetected by the 

system. According to Figure 10, water has a peak absorption at approximately 975 nm, 

while the NIR light-absorbing strength of lipid at this wavelength is considerably lower. If 

a healthy breast or one with a benign cyst were to be exposed to NIR light at around 975 

nm, the transmitted or diffusely reflected light measured would be significantly lower for 

the breast with the benign growth when compared against the healthy breast tissue. This 

difference in light transmission or reflectance between the healthy and abnormal breast 

can be used to identify the benign cyst's presence. 

Breast tissues with malignant tumors tend to have higher concentrations of 

hemoglobin than healthy breast tissues. As presented in Figure 10, fatty tissues have 

significantly lower absorption at the 650 and 800 nm wavelengths compared to the 

absorption of oxy and deoxyhemoglobin. The larger disparity in absorption coefficients 

between deoxyhemoglobin and fatty tissues over oxyhemoglobin and fatty tissues at 
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shorter wavelengths makes deoxyhemoglobin a better indicator of malignant growths 

within the breast tissue over oxyhemoglobin. Reading directly from Figure 10, the 

absorption coefficient for fatty tissues at 650 nm is approximately 0.0002𝑚𝑚−1 and 

0.009𝑚𝑚−1 for deoxyhemoglobin which is close to a hundred times larger. The larger 

disparity in absorption coefficients allows for more sensitive transmission or diffuse 

reflectance measurements, facilitating the detection of malignant growths. 

1.2.5. The Diffuse Optical Breast Scanner Probe (DOB-Scan Probe) 

The findings presented in section 1.2.4 motivated the development of a handheld 

probe that uses NIR diffuse optical spectroscopy principles to detect abnormal growths 

within the breast tissue. This collaborative brainchild of Dr. Majid Shokoufi and Dr. Farid 

Golnaraghi is called the Diffuse optical breast scanner probe (DOB-Scan Probe). As 

shown in Figure 11, the probe uses two NIR L690/750/800/850-40B59 encapsulated 

LEDs (eLEDs) and a linear charge-coupled device (CCD). Each eLED, from Marubeni 

America Corporation, contains four individual LEDs. The LEDs have wavelengths 690, 

750, 800, and 850 nm, respectively, as illumination sources for the breast tissue. The 

SONY ILX511 2048-pixel linear charge-coupled device (CCD) image sensor is arranged 

in reflectance geometry to measure the diffusely scattered NIR light from the surface of 

the breast tissue. 

 
Figure 11  DOB-Scan Probe (Left) and its design schematic (Right) 
Picture: Taken directly from [35] 
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Each of the LEDs (eight in total) are sequentially switched on for a short period. During 

this time, a diffuse reflectance measurement is taken from the surface of the breast 

using the linear CCD optical sensor – and then off before the illumination of the 

subsequent LED. A single instance of data collection contains eight diffuse reflectance 

measurements – 4 for each eLED – taken from the surface of the breast and sent off to 

a custom imaging software installed either on a PC or laptop for image reconstruction 

physiological analysis.  

 
Figure 12  System diagram of the DOB-Scan Probe 
System diagram: Taken directly from [35] 

The optical powers of the LEDs (8 in total) are controlled using a TLC5916IDR LED 

driver from Texas Instruments and the reflectance readouts from the CCD handled by an 

AD9826 16-Bit analog-to-digital converter from Analog Devices. The coordination of LED 

illumination and reflectance readouts is controlled by an onboard Texas Instruments 

TM4C123GH6PM microcontroller that also acts as an intermediary between the custom 

imaging software and the DOB-Scan Probe. 

In the next chapter, methods capable of predicting in-vivo optical properties of 

breast tissues from diffuse reflectance measurements will be explored along with their 

merits and limitations. A prediction model will then be selected with justification and 

subsequently tested on breast mimicking optical phantoms and eventually on diffuse 

reflectance measurements taken from participants with abnormal breast growths.  
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Chapter 2.  
 
Optical property prediction methods and literature 
review 

2.1. Diffuse optical imaging methods 

Three general imaging techniques within diffuse optical tomography are 

commonly used to identify abnormal growths within the breast tissue, and they are 

known as time-domain (TD), frequency domain (FD), and continuous wave (CW) 

systems. 

In time-domain systems, short pico-second pulsed NIR lasers are injected into 

the breast tissue via fibre optic cables. Light sensing fibres are placed close to the light-

emitting fibres – in reflectance geometry – to detect the diffusely scattered photons 

emitting from the surface of the skin. The detected light's temporal and spectral profiles 

are used to quantify the homogeneous optical properties of the breast tissue through the 

use of a time-resolved diffuse optical spectroscopy model proposed in [36]. 

In frequency-domain photon migration (FDPM) systems, amplitude modulated 

laser light (at hundreds of MHz) is introduced into the biological medium through a fibre 

optic cable whose interrogating end is placed in contact with the skin. Scattering events 

within the biological medium produce photon density waves (PDW) are detected by 

another sensing fibre placed in transmission geometry to the incident laser beam [38]. 

The amplitude and the phase of the emerging (PDW) signal is a function of the tissue’s 

optical property and can be directly solved by fitting to a non-linear analytical model 

developed by the authors in this paper [39] . 

Similar to the TD and FD systems, CW systems use NIR laser light sources 

coupled to optical fibre cables to illuminate and measure the reflectance from a 

biological tissue sample. During operation, the NIR light source is switched on to 

illuminate the tissue, and a series of multi-distant reflectance measurements are taken 

from the surface of the tissue. The reflectance measurements can be directly fitted to a 

spatially resolved diffuse reflectance model defined by the authors in [39] to solve for the 

tissue's optical properties. Compared to TD and FD systems, imaging systems using the 
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CW technique are typically lower in cost and used in real-time imaging applications due 

to its simpler algorithm in solving for the homogenous optical properties of the tissue. 

The descriptions provided for all three systems above only pertains to the usage 

of NIR lasers at a single wavelength for reflectance measurements and solving for the 

homogeneous optical properties – 𝜇𝑠′  and 𝜇𝑎 – at that particular wavelength. In practice, 

multi-wavelength optical properties are computed from multi-wavelength diffuse 

reflectance measurements from a single turbid sample. By incorporating the wavelength 

dependant, optical properties with prior knowledge of the tissue types that are to be 

expected within the under-sample medium and their spectra of molar extinction 

coefficients, the respective concentrations of each tissue type can be computed. Taking 

the breast organ as an example, the primary tissue types that are to be expected within 

the organ are Oxygenated blood (𝐻𝑏𝑜), Deoxygenated blood (𝐻𝑏), Water (𝐻2𝑂) and Fat. 

Each of these tissue variants will have different reduced scattering coefficients and 

absorption coefficients when exposed to NIR light of different wavelengths due to the 

difference in cellular structures and chromophore variants between different tissue types. 

By obtaining multi-wavelength reflectance measurements from the surface of the breast 

tissue, the wavelength dependant absorption coefficients 𝜇𝑎(𝜆) can be solved for each 

wavelength. With four primary constituents expected to be present within the breast 

tissue, there will be four chromophore concentrations to solve for 𝐶𝐻𝑏𝑜, 𝐶𝐻𝑏, 𝐶𝐻20, and 

𝐶𝐹𝑎𝑡 respectively. 

 𝝁𝒂(𝝀) = 𝜺𝒛𝟏
(𝝀)𝑪𝒛𝟏

+ 𝜺𝒛𝟐
(𝝀)𝑪𝒛𝟐

+ 𝜺𝒛𝟐
(𝝀)𝑪𝒛𝟐

+ ⋯ (1) 

where 

 

 

𝜇𝑎(𝜆)(𝑚𝑚−1) = 𝑎𝑏𝑠𝑜𝑟𝑝𝑡𝑖𝑜𝑛 𝑐𝑜𝑒𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑡 𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑑 𝑎𝑡 𝑤𝑎𝑣𝑒𝑙𝑒𝑛𝑔𝑡ℎ 𝜆 

𝜀𝑧(𝜆)(𝑚𝑚−1 ∙ 𝑚𝑜𝑙−1) = 𝑀𝑜𝑙𝑎𝑟 𝑒𝑥𝑡𝑖𝑛𝑐𝑡𝑖𝑜𝑛 𝑐𝑜𝑒𝑓𝑓𝑖𝑐𝑒𝑛𝑡 𝑜𝑓 𝑐𝑜𝑛𝑠𝑡𝑖𝑡𝑢𝑒𝑛𝑡 𝑧 𝑎𝑡 𝑤𝑎𝑣𝑒𝑙𝑒𝑛𝑔𝑡ℎ 𝜆 

𝐶𝑧(𝑚𝑜𝑙) = 𝐶ℎ𝑟𝑜𝑚𝑜𝑝ℎ𝑜𝑟𝑒 𝑐𝑜𝑛𝑐𝑒𝑛𝑡𝑟𝑎𝑡𝑖𝑜𝑛 𝑜𝑓 𝑐𝑜𝑛𝑠𝑡𝑖𝑡𝑢𝑒𝑛𝑡 𝑧 𝑤𝑖𝑡ℎ𝑖𝑛 𝑡𝑖𝑠𝑠𝑢𝑒 𝑚𝑒𝑑𝑖𝑢𝑚  

𝑧𝑛 = 𝑇ℎ𝑒 𝑛𝑡ℎ 𝑡𝑖𝑠𝑠𝑢𝑒 𝑐𝑜𝑛𝑠𝑡𝑖𝑡𝑢𝑒𝑛𝑡 𝑒𝑥𝑝𝑒𝑐𝑡𝑒𝑑 𝑤𝑖𝑡ℎ𝑖𝑛 𝑡ℎ𝑒 𝑚𝑒𝑑𝑖𝑢𝑚 𝑜𝑓 𝑖𝑛𝑡𝑒𝑟𝑒𝑠𝑡  
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[
 
 
 
 
𝜇𝑎(690)

𝜇𝑎(750)

𝜇𝑎(800)

𝜇𝑎(850)]
 
 
 
 

=

[
 
 
 
 
 𝜀𝐻𝑏𝑜(690)

𝜀𝐻𝑏𝑜(750)

𝜀𝐻𝑏𝑜(800)

𝜀𝐻𝑏𝑜(850)

𝜀𝐻𝑏(𝜆690)

𝜀𝐻𝑏(750)

𝜀𝐻𝑏(800)

𝜀𝐻𝑏(850)

𝜀𝐻20
(690)

𝜀𝐻20
(750)

𝜀𝐻20
(800)

𝜀𝐻20
(850)

𝜀𝐹𝑎𝑡(690)

𝜀𝐹𝑎𝑡(750)

𝜀𝐹𝑎𝑡(800)

𝜀𝐹𝑎𝑡(850)]
 
 
 
 
 

∙

[
 
 
 
 
𝐶𝐻𝑏𝑜

𝐶𝐻𝑏

𝐶𝐻20

𝐶𝐹𝑎𝑡 ]
 
 
 
 

 

(2) 

 

[
 
 
 
 
𝐶𝐻𝑏𝑜

𝐶𝐻𝑏

𝐶𝐻20

𝐶𝐹𝑎𝑡 ]
 
 
 
 

=  

[
 
 
 
 
 𝜀𝐻𝑏𝑜(690)

𝜀𝐻𝑏𝑜(750)

𝜀𝐻𝑏𝑜(800)

𝜀𝐻𝑏𝑜(850)

𝜀𝐻𝑏(𝜆690)

𝜀𝐻𝑏(750)

𝜀𝐻𝑏(800)

𝜀𝐻𝑏(850)

𝜀𝐻20
(690)

𝜀𝐻20
(750)

𝜀𝐻20
(800)

𝜀𝐻20
(850)

𝜀𝐹𝑎𝑡(690)

𝜀𝐹𝑎𝑡(750)

𝜀𝐹𝑎𝑡(800)

𝜀𝐹𝑎𝑡(850)]
 
 
 
 
 
−1

∙

[
 
 
 
 
𝜇𝑎(690)

𝜇𝑎(750)

𝜇𝑎(800)

𝜇𝑎(850)]
 
 
 
 

 

(3) 

Equation 1 demonstrates the absorption contributions from the individual chromophores 

to the bulk absorption coefficient resolved at a particular wavelength, and Equation 3 

shows the method of solving for the chromophore concentrations of the different primary 

constituents expected within the breast organ through matrix multiplications. The matrix 

containing the 𝜀𝑧(𝜆) constants are the wavelength dependant molar extinction 

coefficients that are to be explicitly known beforehand and used together with the 

resolved wavelength dependant absorption coefficients to arrive at the chromophore 

concentrations. With knowledge of the different chromophore concentrations at hand, 

preliminary diagnosis on the possible presence of abnormal growths within the breast 

can be made, assisting early detection of breast cancer. 

The DOB-Scan probe utilizes the CW imaging technique with 2 NIR eLEDs 

instead of collimated laser light as the tissue illumination source. Each eLED contains 

four individual NIR LEDs of wavelengths 690 nm, 750nm, 800 nm, and 850 nm that are 

sequentially illuminated during reflectance measurements. In the following sections, the 

derivation of the analytical solution describing the reflectance profile for a medium with 

known optical properties 𝜇𝑠′  and 𝜇𝑎 will first be explored to provide a better 

understanding of how light propagates through a highly scattering medium. A literature 

review on the different CW methods in solving for the homogenous optical properties of 

biological tissue samples from different researchers in the field will be explored. Findings 

can then be used to decide upon a preferable method that best suits the construction 

and geometry of the DOB-Scan Probe. 
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2.2. Steady-state diffuse optical tomography 

In steady-state/ continuous wave (CW) diffuse optical systems, the magnitude of 

diffusely scattered NIR light measured at some distance (𝜌) away from an illumination 

site can be modelled using the diffusion equation (DE), which is an approximation to the 

Boltzmann radiative transfer equation (RTE): 

 
𝑫𝑬 = 𝛁𝟐𝚿(𝒓) − 

𝝁𝒂

𝑫
𝚿(𝒓) = −

𝑺𝟎(𝒓)

𝑫
+ 𝟑𝛁 ∙ 𝑺𝟏(𝒓) (4) 

 𝚿(𝒓) = 𝑓𝑙𝑢𝑒𝑛𝑐𝑒 𝑟𝑎𝑡𝑒  

 𝑫 = 𝑑𝑖𝑓𝑓𝑢𝑠𝑖𝑜𝑛 𝑐𝑜𝑛𝑠𝑡𝑎𝑛𝑡 = {3[𝜇𝑎 + (1 − 𝑔)𝜇𝑠]}
−1 (5) 

This approximation was derived by Farrell et al. [39] and is a function of the 

reduced scattering coefficient and absorption coefficient of the under-study 

tissue/medium. The model treats the light source as a pencil beam that is normal to the 

boundary between the tissue and a non-scattering medium with refractive indices of 𝑛𝑡 

and 𝑛𝑣, respectively. The 𝑆0(𝑟) and 𝑆1(𝑟) terms in Equation 4 are the zeroth and first-

order spherical harmonics of weakly anisotropic photon sources represented by 

exponentially decreasing point source intensities distributed along the z-axis within the 

tissue. By assuming that the light sources within the tissue/medium being isotropic 

photon scatterers, only 𝑆0(𝑟) remains in Equation 4. These point sources represent the 

initial scattering sites of the incident beam within the tissue.  
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Figure 13  Exponentially decreasing point sources 
Note: Figure adapted from [39] 

A semi-infinite medium is a concept known in the study of heat transfer as a medium that 

extends to infinity from one identifiable surface. Biological tissues are often modeled as 

semi-infinite mediums in diffuse optical spectroscopy. This is due to the sheer 

dimensional disparity between the source and detector distance (𝜌), typically in 

millimeters and the dimensions of the under-study tissue (e.g., brain, breast tissue, etc.) 

and generally are many times larger than 𝜌. To arrive at a closed-form solution for the 

DE, boundary conditions will have to be specified to handle the refractive index 

mismatch at the tissue and air interface boundary. Keijzer et al. [40] shown that when 

there is a refractive index mismatch between two mediums, the boundary condition will 

need to include the effect of internal reflection. This can be written as: 

 𝚿(𝒓) −  𝟐𝑨𝑫�̂�𝒏 ∙ 𝛁𝚿(𝒓) = 𝟎 (6) 
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𝑨 =

𝟐
(𝟏 − 𝑹𝟎) − 𝟏 + |𝐜𝐨𝐬𝜽𝒄|

𝟐⁄

𝟏 − |𝐜𝐨𝐬𝜽𝒄|
 

(7) 

 
𝑹𝟎 = [

(𝒏𝒓𝒆𝒍 − 𝟏)
(𝒏𝒓𝒆𝒍 + 𝟏)⁄ ]

𝟐

 
(8) 

 
𝑨 =

(𝟏 + 𝒓𝒅)

(𝟏 − 𝒓𝒅)
 (9) 

 𝒓𝒅 = −𝟏. 𝟒𝟒𝟎𝒏𝒓𝒆𝒍
−𝟐 + 𝟎. 𝟕𝟏𝟎𝒏𝒓𝒆𝒍

−𝟏 + 𝟎. 𝟔𝟔𝟖 + 𝟎. 𝟎𝟔𝟑𝟔𝒏𝒓𝒆𝒍 (10) 

 𝒏𝒓𝒆𝒍 = 
𝒏𝒕

𝒏𝒗
⁄  (11) 

Where 𝜃𝑐 is the critical refractive angle for the tissue and air interface, and A is a 

parameter related to internal reflection, which can be derived from the Fresnel reflection 

coefficients. Equation 9 is an empirical form for A derived by Groenhuis et al. [41] that 

depends on the relative refractive index 𝑛𝑟𝑒𝑙 described in Equation 11. 

 
Figure 14  Extrapolated boundary condition 
Note: Figure adapted from [39] 
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It is shown by Moulton [41] that the mismatched boundary condition can be satisfied by 

setting the fluence to be 0 on an extrapolated boundary at a position 𝑧𝑏 = 2𝐴𝐷. To 

achieve this, the fluence from a point source within a semi-infinite medium can be set to 

0 on a plane by introducing a “negative image source” situated at distance −2𝑧𝑏 − 𝑧0 

from the extrapolated boundary, equidistant from the photon source to the extrapolated 

boundary [43]. 

The closed-form solution to the DE can be solved by first approximating the 

incident light source as a series of discrete interaction sites of decreasing intensities, 

depicted in Figure 13, within the turbid medium and integrating the Green’s function 

each of these sites accordingly. The Green’s function for the fluence at a point (𝜌, 𝑧) due 

to an isotropic point source at (0, 𝑧0) within an infinite medium is: 

 
𝚿(𝝆, 𝒛𝟎) =

𝟏

𝟒𝝅𝑫
(
𝒆−𝝁𝒆𝒇𝒇𝒓𝟏

𝒓𝟏
) 

(12) 

 
𝒓𝟏 = [(𝒛 − 𝒛𝟎)

𝟐 + 𝝆𝟐]
𝟏

𝟐⁄  (13) 

By incorporating the modification proposed by Moulton and Eason et al., Equation 6 can 

be modified and applied to a semi-infinite medium. The addition of the proposed 

“negative image source” to Equation 12 implies that the fluence at a point (𝜌, 𝑧) due to 

an isotropic point source at (0, 𝑧0) and a negative image source at (0,−2𝑧𝑏 − 𝑧0) within a 

semi-infinite medium will be: 

 
𝚿(𝝆, 𝒛𝟎) =

𝟏

𝟒𝝅𝑫
(
𝒆−𝝁𝒆𝒇𝒇𝒓𝟏

𝒓𝟏
− 

𝒆−𝝁𝒆𝒇𝒇𝒓𝟐

𝒓𝟐
) 

(14) 

 
𝒓𝟐 = [(𝒛 + 𝒛𝟎 + 𝟐𝒛𝒃)

𝟐 + 𝝆𝟐]
𝟏

𝟐⁄  (15) 

 𝝁𝒆𝒇𝒇 = [𝟑𝝁𝒂(𝝁𝒂 + 𝝁𝒔′)]
𝟏 𝟐⁄  (16) 

The reflectance/fluence rate at a distance 𝑅(𝜌) away from the pencil beam light 

source can be calculated from the fluence at location (𝜌, 𝑧 = 0) as: 
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 𝑹(𝝆) = −𝑫𝛁𝚿(𝝆, 𝒛)|𝒛=𝟎 (17) 

By combining Equations 14 and 16, the reflectance at location (𝜌) away from the pencil 

beam as a result of an isotropic point source at  𝑧 = 𝑧0 and a negative image source at 

𝑧 =  −2𝑧𝑏 − 𝑧0 can be modelled as: 

 
𝑹(𝝆, 𝒛𝟎) =

𝟏

𝟒𝝅
[𝒛𝟎 (𝝁𝒆𝒇𝒇 +

𝟏

𝒓𝟏

)
𝒆−𝝁𝒆𝒇𝒇𝒓𝟏

𝒓𝟏
𝟐

+ (𝒛𝟎 + 𝟐𝒛𝒃) (𝝁𝒆𝒇𝒇 +
𝟏

𝒓𝟐

)
𝒆−𝝁𝒆𝒇𝒇𝒓𝟐

𝒓𝟐
𝟐

] (18) 

A model describing multiple interaction sites within the tissue as isotropic light sources 

can be expressed as an exponentially decreasing source strengths of the form: 

 𝑺(𝒛) = 𝒂′𝝁𝒕
′𝒆−𝝁𝒕

′𝒛 (19) 

 𝝁𝒕
′ = 𝝁𝒂 + 𝝁𝒔

′ (20) 

Farrell et al. [39] suggested a simpler alternative to the exponentially decreasing source 

terms by assuming that all individual interaction sites can be represented by a single 

interaction site located at a depth of one mean free path below the surface of the skin. 

This changes the source term in Equation 19 to: 

 
𝑺(𝒛) = 𝒂′𝜹(𝒛 −

𝟏

𝝁𝒕
′
) (21) 

The closed-form solution for the diffusion equation for a single scatter source can then 

be derived by substituting 𝑧0 for 1

𝜇𝑡
′ in Equation 18 to obtain  

 
𝑹(𝝆) =

𝒂′

𝟒𝝅
[

𝟏

𝝁𝒕
′
(𝝁𝒆𝒇𝒇 +

𝟏

𝒓𝟏

)
𝒆−𝝁𝒆𝒇𝒇𝒓𝟏

𝒓𝟏
𝟐

+ (
𝟏

𝝁𝒕
′
+ 𝟐𝒛𝒃) (𝝁𝒆𝒇𝒇 +

𝟏

𝒓𝟐

)
𝒆−𝝁𝒆𝒇𝒇𝒓𝟐

𝒓𝟐
𝟐

] (22) 
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2.3. Solving for optical tissue properties 

The solution to the spatially resolved diffuse reflectance in Equation 22 is derived 

for a model whose light source is of a pencil beam profile. Laser light sources are 

typically selected to model the pencil beam profile in practical applications due to their 

collimated and coherent emission profiles. Multi-distant reflectance measurements 

obtained from a turbid medium that is illuminated by a laser light source can then be 

fitted to Equation 22 to solve for its homogeneous optical properties 𝜇𝑠′  and 𝜇𝑎. The 

emitted light profile from the NIR LEDs of the DOB-Scan Probe is not collimated (i.e., the 

light rays within the beams are not parallel to one another), nor are they coherent. This 

implies that attempts to solve for the homogeneous optical properties of biological tissue 

with reflectance measurements obtained from the DOB-Scan Probe using Equation 22 

could be erroneous as the DE derived in Equation 22 does not account for the emission 

light profiles of LED light sources. In the following sections, literature reviews of various 

optical property solving methods for different light source profiles – collimated and non-

collimated – are presented to identify a suitable solving technique that can be reliably 

implemented on the DOB-Scan Probe. 

2.3.1. Laser DOT Systems 

Parametric model fitting 

Fitting the measured reflectance curve to an analytical model is the most popular 

method for solving tissue homogeneous optical properties. Farrell et al. [39] 

implemented a nonlinear least-square fitting algorithm to Equation 22 to solve for the 

bulk optical properties from reflectance measurements of calibrated tissue-mimicking 

liquid phantom solutions, in vivo reflectance measurements from the forearms of human 

volunteers, and reflectance measurements from Monte Carlo simulations of photon 

propagation through a semi-infinite turbid medium. Due to uncertainty in the actual 

intensity of the single scatter source approximation within the phantom, the reflectance 

measurements were relative measurements normalized to the theoretical curves using 

an overall scaling factor applied to the relative reflectance measurements. The predicted 

optical properties for the liquid phantoms showed an agreement of 7 – 10% when 

compared against the optical properties predicted from another well-received model [42] 

that utilizes an added absorber technique. When applied to reflectance measurements 
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obtained from the skin surface of the forearm of human volunteers, the model showed 

nearly identical 𝜇𝑠′ values for the two different individuals and higher 𝜇𝑎 values for the 

participant with the darker skin complexion. When in vivo reflectance measurements are 

low in intensity or weaker than the noise level of the optical sensor due to low source 

intensity or highly absorbing tissues, the measured reflectance is no longer practical. 

The authors reported that having fewer reflectance measurements whose values are 

sufficiently higher than the noise level of the optical sensor available for fitting could 

result in higher inaccuracies in the predicted optical properties. It was also stated that 

potential inhomogeneities (layered tissues) within the biological tissue could result in 

reflectance measurements deviating away from the homogeneous assumption of the DE 

that is to be fitted to, impeding the prediction accuracy of the optical properties. This 

method has been well received by several other researchers who are using collimated 

CW DOT systems to determine in vivo tissue optical properties via reflectance 

measurements from the skin's surface [43]–[46]. 

Artificial neural networks (ANN) 

ANNs are non-parametric statistical models that can be trained to model the 

responses of highly nonlinear functions. As shown in Figure 15, an ANN consists of an 

input layer, a single or multiple hidden layer(s), and an output layer in its simplest form. 

Each of these layers contains nodes that are also known as hidden units. The hidden 

units between different layers are connected by lines that represent the weights of the 

ANN. 

 
Figure 15  Structure of an artificial neural network 
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To compute the output of the ANN shown in Figure 15, an affine transform is to be first 

applied to the nodes of the input layer with the weights between the input and hidden 

layer: 

 
[
𝑾𝟏

𝑾𝟐

𝑾𝟑

𝑾𝟒

𝑾𝟓

𝑾𝟔

] ∙  [
𝑰𝟏

𝑰𝟐
] = [

𝒉𝟏

𝒉𝟐

𝒉𝟑

] 
(23) 

 𝒉𝟏 = 𝑾𝟏𝑰𝟏 + 𝑾𝟒𝑰𝟐 

𝒉𝟐 = 𝑾𝟐𝑰𝟏 + 𝑾𝟓𝑰𝟐 

𝒉𝟑 = 𝑾𝟑𝑰𝟏 + 𝑾𝟔𝑰𝟐 

(24) 

Followed by another affine transform applied to the hidden nodes of the hidden layer and 

the weights between the hidden layer and the output layer: 

 
[𝑾𝟕 𝑾𝟖 𝑾𝟗] ∙ [

𝒉𝟏

𝒉𝟐

𝒉𝟑

] =  𝒐𝟏 
(25) 

 𝑶𝟏 = 𝑾𝟕𝒉𝟏 + 𝑾𝟖𝒉𝟐 + 𝑾𝟗𝒉𝟑 (26) 

The derivation from Equations 23 to 26 show that the output for a given ANN involves a 

linear combination of its hidden units and weights: 

 𝑶𝟏 = 𝑾𝟕(𝑾𝟏𝑰𝟏 + 𝑾𝟒𝑰𝟐) + 𝑾𝟖(𝑾𝟐𝑰𝟏 + 𝑾𝟓𝑰𝟐) + 𝑾𝟗(𝑾𝟑𝑰𝟏 + 𝑾𝟔𝑰𝟐) (27) 

The goal is to find the set of weights 𝑊1,𝑊2,𝑊3,𝑊4,𝑊5,𝑊6,𝑊7,𝑊8 that will allow 

Equation 27 to model linear and nonlinear functions. While this can be achieved for 

linear functions, it is impossible for a function consisting only of the linear combination of 

terms to model nonlinear functions. An additional modification in the form of the 

introduction of activation functions solves this problem. At each stage of the affine 

transformation described in Equations 24 and 26, the output of the linear combination is 

fed into a nonlinear activation function 𝑔(𝑥) such that: 

 



28 

 𝒉𝟏 =  𝒈(𝑾𝟏𝑰𝟏 + 𝑾𝟒𝑰𝟐) (28) 

 𝒉𝟐 =  𝒈(𝑾𝟐𝑰𝟏 + 𝑾𝟓𝑰𝟐) (29) 

 𝒉𝟑 =  𝒈(𝑾𝟑𝑰𝟏 + 𝑾𝟔𝑰𝟐) (30) 

 𝒀𝒑𝒓𝒆𝒅 = 𝒈(𝑶𝟏) =  𝒈(𝑾𝟕𝒉𝟏 + 𝑾𝟖𝒉𝟐 + 𝑾𝟗𝒉𝟑) (31) 

 𝒀𝒑𝒓𝒆𝒅 = 𝒈[𝑾𝟕 ∙ 𝒈(𝑾𝟏𝑰𝟏 + 𝑾𝟒𝑰𝟐) + 𝑾𝟖 ∙ 𝒈(𝑾𝟐𝑰𝟏 + 𝑾𝟓𝑰𝟐) + 𝑾𝟗 ∙ 𝒈(𝑾𝟑𝑰𝟏 + 𝑾𝟔𝑰𝟐)] (32) 

Some of the more popular activation functions 𝑔(𝑥) commonly used in ANN applications 

include Sigmoid, Hyperbolic tangent / tanh(x), and Rectified linear unit (x) / relu (x) as 

demonstrated in the table below: 

Table 2 Common activation functions available for ANN models 

𝒔𝒊𝒈𝒎𝒐𝒊𝒅(𝒙) =  
1

1 + 𝑒−𝑥
 𝒕𝒂𝒏𝒉(𝒙) =  

𝑒2𝑥 − 1

𝑒2𝑥 + 1
 

𝒓𝒆𝒍𝒖(𝒙) =  max (0, 𝑥) 

 

 
 

 

The choice of activation function depends on the application. With the inclusion of 

activation functions to the ANN, the model depicted in Figure 15 is to be updated to 

include the modifications: 
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Figure 16  ANN model with activation functions 

The ANN can now be trained to model a vast majority of linear and nonlinear functions 

through the proper computation of its weights. In practice, the number of hidden layers 

and hidden units can be modified. Increasing the number of hidden layers enables the 

ANN to model highly nonlinear functions while increasing the number of hidden units 

within a given hidden layer allows for predicting a larger variety of input values. 

However, this does not mean increasing the number of hidden layers and units would 

lead to the ANN model's improved prediction accuracy. These quantities will have to be 

customized to the application of interest. 

The weights of the ANN are the free parameters that allow the non-parametric 

model to mimic the responses of linear or nonlinear functions. The model will have to 

train using data, an objective function, and a weight updating algorithm to obtain these 

weights. First, an objective/loss function is to be defined by the user. Common types of 

loss functions include RMS Error, Mean Squared Error, Mean Absolute Error, Mean 

Percentage Error, Mean Absolute Percentage Error, and much more. The choice of 

objective/loss function is again dependent on the application. 

For the following example, the Mean Squared Error loss function will be selected 

to demonstrate the mechanics of error backpropagation, a commonly used method of 

weight updating during ANN models' training. Say that we have a set of input data 

(independent variables) that is denoted as [𝑖1,𝑗, 𝑖2,𝑗] and their corresponding 

expected/true response denoted as [𝑦𝑡𝑟𝑢𝑒,𝑗],where j denotes the sample numbers 

(𝑗 = 1, 2, 3,⋯ , 𝑛𝑠𝑎𝑚𝑝𝑙𝑒𝑠),collected from a survey or science experiment, there is an 

unknown function 𝒇(𝐼1, 𝐼2) that maps [𝑖1,𝑗, 𝑖2,𝑗] to [𝑦𝑡𝑟𝑢𝑒,𝑗] which is of interest. The ANN 

model depicted in Figure 16 can be trained to approximate 𝒇(𝐼1, 𝐼2) using the input data 



30 

[𝑖1,𝑗, 𝑖2,𝑗] and their corresponding expected/true response [𝑦𝑡𝑟𝑢𝑒,𝑗] through computing the 

set of weights 𝑊1,𝑊2,𝑊3,𝑊4,𝑊5,𝑊6,𝑊7,𝑊8,𝑊9 that will result in the smallest error 

between the predicted response [𝑦𝑝𝑟𝑒𝑑,𝑗] and [𝑦𝑡𝑟𝑢𝑒,𝑗]. Before training, the weights of the 

ANN are first randomly initialized. The input data is then fed into the ANN via the input 

layer, and its response is computed using Equation 32. Since the ANN weights were 

randomly initialized, the predicted responses for the given input data would most likely 

be far from their true/expected response. Based upon the loss function selected, a loss 

value can be computed between the predicted true responses: 

 
𝑳𝒐𝒔𝒔 = 𝑴𝒆𝒂𝒏 𝑺𝒒𝒖𝒂𝒓𝒆𝒅 𝑬𝒓𝒓𝒐𝒓 =  

𝟏

𝑵
∑(𝒚𝒕𝒓𝒖𝒆,𝒋 − 𝒚𝒑𝒓𝒆𝒅,𝒋)

𝟐
𝒏

𝒋=𝟏

 
(33) 

 

𝒚𝒕𝒓𝒖𝒆,𝒋 = 

[
 
 
 
 
𝑦𝑡𝑟𝑢𝑒,1

𝑦𝑡𝑟𝑢𝑒,2
𝑦𝑡𝑟𝑢𝑒,3

⋮
𝑦𝑡𝑟𝑢𝑒,𝑛]

 
 
 
 

 ;  𝒚𝒑𝒓𝒆𝒅,𝒋 = 

[
 
 
 
 
𝑦𝑝𝑟𝑒𝑑,1

𝑦𝑝𝑟𝑒𝑑,2

𝑦𝑝𝑟𝑒𝑑,3

⋮
𝑦𝑝𝑟𝑒𝑑,𝑛]

 
 
 
 

 

 

Looking at Figure 16 as reference, a partial derivative of the computed loss is first taken 

with respect to 𝑦𝑝𝑟𝑒𝑑: 

 𝝏𝑳𝒐𝒔𝒔

𝝏𝒚𝒑𝒓𝒆𝒅
= −

𝟐

𝑵
∑(𝒚𝒕𝒓𝒖𝒆,𝒋 − 𝒚𝒑𝒓𝒆𝒅,𝒋)

𝒏

𝒋=𝟏

 
(34) 

𝑦𝑝𝑟𝑒𝑑 can be written as a nonlinear, sigmoid mapping – usually denoted as 𝜎(𝑥) – of 𝑜1.  

 𝝏𝑳𝒐𝒔𝒔

𝝏𝒚𝒑𝒓𝒆𝒅
= −

𝟐

𝑵
∑(𝒚𝒕𝒓𝒖𝒆,𝒋 − 𝝈(𝒐𝟏,𝒋))

𝒏

𝒋=𝟏

 
(35) 

Through chain rule, the partial derivative of the computed loss with respect to 𝑜1,𝑗 can be 

written as: 

 𝝏𝑳𝒐𝒔𝒔

𝝏𝒐𝟏
= 

𝝏𝑳𝒐𝒔𝒔

𝝏𝒚𝒑𝒓𝒆𝒅
∙
𝝏𝒚𝒑𝒓𝒆𝒅

𝝏𝒐𝟏
 (36) 
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 𝝏𝒚𝒑𝒓𝒆𝒅

𝝏𝒐𝟏
=  𝝈(𝒐𝟏,𝒋) ∙ [𝟏 − 𝝈(𝒐𝟏,𝒋)] 

(37) 

 𝝏𝑳𝒐𝒔𝒔

𝝏𝒐𝟏
= −

𝟐

𝑵
∑(𝒚𝒕𝒓𝒖𝒆,𝒋 − 𝝈(𝒐𝟏,𝒋))

𝒏

𝒋=𝟏

∙ (𝝈(𝒐𝟏,𝒋) ∙ [𝟏 − 𝝈(𝒐𝟏,𝒋)]) 
(38) 

Further expanding the equation, the partial derivative of the loss with respect to the 

individual weights connecting between ℎ1, ℎ2, ℎ3 and 𝑜1can be expressed as:  

 𝝏𝑳𝒐𝒔𝒔

𝝏𝑾𝟕

=
𝝏𝑳𝒐𝒔𝒔

𝝏𝒚𝒑𝒓𝒆𝒅

∙
𝝏𝒚𝒑𝒓𝒆𝒅

𝝏𝒐𝟏

∙
𝝏𝒐𝟏

𝝏𝑾𝟕

 (39) 

 𝝏𝑳𝒐𝒔𝒔

𝝏𝑾𝟖

=
𝝏𝑳𝒐𝒔𝒔

𝝏𝒚𝒑𝒓𝒆𝒅

∙
𝝏𝒚𝒑𝒓𝒆𝒅

𝝏𝒐𝟏

∙
𝝏𝒐𝟏

𝝏𝑾𝟖

 (40) 

 𝝏𝑳𝒐𝒔𝒔

𝝏𝑾𝟗

=
𝝏𝑳𝒐𝒔𝒔

𝝏𝒚𝒑𝒓𝒆𝒅

∙
𝝏𝒚𝒑𝒓𝒆𝒅

𝝏𝒐𝟏

∙
𝝏𝒐𝟏

𝝏𝑾𝟗

 (41) 

According to Equation 26, the partial derivative of 𝑜1 with respect to the weights 

𝑊7,𝑊8,𝑊9 can be expressed as follows: 

 𝝏𝒐𝟏

𝝏𝑾𝟕

= 𝒉𝟏 (42) 

 𝝏𝒐𝟏

𝝏𝑾𝟖

= 𝒉𝟐 (43) 

 𝝏𝒐𝟏

𝝏𝑾𝟗

= 𝒉𝟑 (44) 

And the partial derivatives in Equation 36 can be computed by combining Equations 35 

and 37: 

 𝝏𝑳𝒐𝒔𝒔

𝝏𝑾𝟕

= − 
𝟐

𝑵
∙ ∑ (𝒚𝒕𝒓𝒖𝒆,𝒋 − 𝝈(𝒐𝟏,𝒋)) ∙ (𝝈(𝒐𝟏,𝒋) ∙ (𝟏 − 𝝈(𝒐𝟏,𝒋)))

𝒏

𝒋=𝟏

∙ 𝒉𝟏 
(45) 

 𝝏𝑳𝒐𝒔𝒔

𝝏𝑾𝟖

= − 
𝟐

𝑵
∙ ∑ (𝒚𝒕𝒓𝒖𝒆,𝒋 − 𝝈(𝒐𝟏,𝒋)) ∙ (𝝈(𝒐𝟏,𝒋) ∙ (𝟏 − 𝝈(𝒐𝟏,𝒋)))

𝒏

𝒋=𝟏

∙ 𝒉𝟐 
(46) 
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 𝝏𝑳𝒐𝒔𝒔

𝝏𝑾𝟗

= − 
𝟐

𝑵
∙ ∑ (𝒚𝒕𝒓𝒖𝒆,𝒋 − 𝝈(𝒐𝟏,𝒋)) ∙ (𝝈(𝒐𝟏,𝒋) ∙ (𝟏 − 𝝈(𝒐𝟏,𝒋)))

𝒏

𝒋=𝟏

∙ 𝒉𝟑 
(47) 

If an ANN is to approximate the unknown function 𝒇(𝐼1, 𝐼2) with relatively high accuracy, 

the predicted response 𝑦𝑝𝑟𝑒𝑑 should be close to the expected/true response 𝑦𝑡𝑟𝑢𝑒. When 

this happens, the partial derivatives of the loss with respect to the individual weights of 

the ANN – Equations 45 to 47 – should be small as this would mean that the weights are 

well optimized for the approximation. Since the weights were initially randomly assigned, 

they are very likely not ideal for the approximation, resulting in a large value for its partial 

derivatives. The randomly initialized weights can be modified to better approximate the 

expected/true response using the weight update equation described below that uses the 

partial derivatives computed in Equation 38 to modify the individual values of the 

weights: 

 
𝑾𝟕,𝒏𝒆𝒘 = 𝑾𝟕 −  𝜼

𝝏𝑳𝒐𝒔𝒔

𝝏𝑾𝟕
 (48) 

 
𝑾𝟖,𝒏𝒆𝒘 = 𝑾𝟖 −  𝜼

𝝏𝑳𝒐𝒔𝒔

𝝏𝑾𝟖
 (49) 

 
𝑾𝟗,𝒏𝒆𝒘 = 𝑾𝟗 −  𝜼

𝝏𝑳𝒐𝒔𝒔

𝝏𝑾𝟗
 (50) 

 𝜂 𝑖𝑠 𝑎 𝑢𝑠𝑒𝑟 𝑑𝑒𝑓𝑖𝑛𝑒𝑑 𝑠𝑡𝑒𝑝 𝑠𝑖𝑧𝑒 𝑑𝑢𝑟𝑖𝑛𝑔 𝑚𝑜𝑑𝑒𝑙 𝑡𝑟𝑎𝑖𝑛𝑖𝑛𝑔  

The update of the remaining weights 𝑊1,𝑊2,𝑊3,𝑊4,𝑊5,𝑊6 can be performed in a similar 

manner by first computing their partial derivatives as described in Equations 34 –> 47 

and modifying their values by applying the update method described in Equations 48 to 

50. Essentially, the error computed at the output of the ANN is “backpropagated” through 

the network and used to modify the weights that are causing the deviation of 𝑦𝑝𝑟𝑒𝑑 from 

𝑦𝑡𝑟𝑢𝑒 so that the ANN may perform better. When all of the weights in the ANN has been 

updated once, it can be said that one epoch of backpropagation has elapsed, and the 

ANN had learned to better approximate the unknown function 𝒇(𝐼1, 𝐼2) through 

observation of the inputs and the expected/true response. The training of the ANN on 

the same input and output data is then repeated for multiple epochs, typically until the 

change in loss values between epochs is lower than a user-defined threshold. 
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The dataset used to train the weights of the ANN model to better approximate the 

unknown function 𝒇(𝐼1, 𝐼2) that maps the independent variables to the true response is 

known as the training dataset. As the number of epochs increases during model training, 

the ANN model will learn to predict the expected/true response within the training 

dataset's scope with very high accuracy. This accuracy, however, is not necessarily 

observed in predictions made outside the scope of the training dataset. Following a 

complete model training, it is expected for the model to perform well on predictions made 

within the scope of the training dataset. However, the demonstrated accuracy is not 

necessarily translatable to predictions made on data previously unseen by the model 

during training. When a trained ANN model shows better prediction accuracy on the 

training dataset, the ANN has overfitted to the training data sample and does not 

generalize well to predictions made outside the training scope. To prevent this from 

happening, the data for training the ANN model is sub-divided into three datasets, the 

training dataset, the validation dataset, and the testing dataset. The training dataset, as 

its name suggests, is used to train the ANN model so that it may learn to approximate 

the unknown function 𝒇(𝐼1, 𝐼2). The loss computed for backpropagation during each 

training epoch is from the training dataset. When all of the weights in the ANN have 

been updated at the end of the epoch, another loss value is computed on the validation 

dataset – called the validation error – which has not been nor will be used to train the 

ANN model. This validation error tests the ANN’s ability to generalize to predictions 

made outside the training dataset's scope. As the ANN model continues to learn, the 

training and validation error decreases with increasing epochs. However, it may reach a 

point in training when the training error continues to decrease, but the validation error 

starts to increase due to overfitting of the ANN model to the training dataset.  

Therefore, to ensure that the ANN model generalizes well to the predictions 

made outside the training data scope, the validation error is typically used as a 

termination metric to the ANN training. Unlike the training and validation data samples, 

the test data sample is not used to train the ANN model, nor is it used as a stopping 

criterion to its learning. Evaluating the ANN’s accuracy on the test data sample as a final 

step after training provides a reliable estimate of its actual implementation performance. 

In the context of diffuse reflectance spectroscopy, the forward problem describes 

the computation of the distance dependant reflectance values based on given 

information of the optical properties 𝜇𝑠′  and 𝜇𝑎 of a homogeneous turbid medium. An 
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analytical solution to the forward problem is the closed-form approximation of the 

diffusion equation described in Equation 22. Conversely, solving for the optical 

properties of a homogenous turbid medium from its reflectance measurements is called 

the inverse problem. Following an analytical approach, the inverse problem involves 

optimizing Equation 22 for a given reflectance measurement to determine its 

corresponding optical properties. Like the forward problem, the inverse problem is a 

nonlinear function, which means that as an alternative to the analytical inverse problem, 

an ANN could potentially be trained to perform the task of predicting optical properties 

given reflectance measurements of a homogeneous turbid medium. Shortly after Farrell 

et al. had published their paper on the analytical model of the forward problem [39], the 

group published another paper that attempts to use an ANN model – that was trained on 

linearized reflectance measurements generated by the forward model described in 

Equation 22 – as the inverse problem to solve for its optical properties 𝜇𝑡′  and 𝜇𝑒𝑓𝑓 [47]. 

The authors reported that the accuracy of the predicted optical properties using the ANN 

was slightly better than the predictions made from nonlinear fitting to the diffusion 

approximation's analytical solution. Additionally, the authors found that the ANN 

performed better in situations where the analytical model is inaccurate (e.g., at small 

values of 𝜌 where the 𝜇𝑠′  and 𝜇𝑎 values are comparable). Other researchers have also 

implemented ANN to solve the inverse problem on different applications, with their 

model trained from different data sources and varying degrees of accuracy. 

In the study presented by Chen et al. [49], ANN models were trained to solve to 

inverse problem using reflectance measurements generated from Monte Carlo 

simulations. Separate diffuse reflectance measurements were then collected from 

calibrated liquid optical phantom and skin tissues at small source-detector separations (1 

and 2 mm). It was revealed in [39] that diffuse reflectance measurements collected 

within this regions does not adhere to the diffusion approximation’s closed-form solution. 

For liquid phantom studies, they had reported prediction errors of less than 0.6%. As for 

skin tissue's optical properties, their results were comparable to in vivo and ex vivo 

optical properties reported in other studies. 

Tsui et al. [48] used 21,000 reflectance measurements generated from Monte 

Carlo simulation to train 3 ANN models to solve the forward problem for three different 

source-detector separations. The ANN models accepted nine input paratmers that 

described the geometric structure and optical properties of a multi-layered skin tissue 
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model. They were then trained to solve the forward problem (i.e. predicting reflectance 

profiles) for three different source-detector separations. Upon verification of the forward 

problems’ accuracy, the weights calculated for the forward problem were applied to the 

inverse problem for calculating optical properties and the volumes of water, blood, and 

oxygen saturation. They had reported accurate estimates for chromophore 

concentrations when using the ANN to extract optical properties from Monte Carlo 

simulated reflectance spectra. It was noted that signal noise present within the 

reflectance values fed into the ANN adversely affected the prediction accuracy of the 

scattering properties for the epidermal layer of the multi-layer tissue model. 

Wang et al. [50] used a condensed two-layer MC model to generate multi-

distance reflectance values for a two-layered skin model from 20,000 sets of optical 

properties. The generated data were used to train four ANN models to predict four 

wavelength-dependent optical properties of a two-layered skin model. The ANN models 

were initially separated so that two were trained on Monte Carlo simulated reflectance 

measurements for a top skin layer thickness (D) of 0.22 mm and the other for a top skin 

layer thickness of 0.44 mm. For each of the two models within a specified D, one model 

was trained to predict absorption coefficient for both the top and bottom skin layers 

ranging between 0.1 – 25 𝑐𝑚−1 (NN#1) and the second model trained to predict 

absorption coefficient for both the top and bottom skin layers ranging between 0.01 – 5 

𝑐𝑚−1 (NN#2).The range of reduced scattering coefficients used to train both the models 

within a given top skin layer thickness were in between 1 – 50 𝑐𝑚−1. During 

implementation, a priori knowledge of D is required to select ANN models properly. With 

the correct model chosen, the reflectance measurement of interest is fed into NN#1 for 

optical property estimation. If the estimated absorption coefficient for the bottom skin 

layer is below 4 𝑐𝑚−1, the optical property prediction for the current reflectance input is 

assigned to NN#2. Otherwise, the prediction from NN#1 will be used as the final results 

for the current reflectance input. In an effort to reduce the effect of the erratic predicton 

of optical properties from either NN#1 or NN#2, the predicted values were fitted to two 

nonlinear functions. The nonlinear functions described the change in scattering and 

absorption coefficients of the first and second-layer tissues as a function of increasing 

wavelengths. The optimized optical properties from the nonlinear fitting (FIT) were then 

evaluated against theoretical optical properties (TAR) calculated using Beer’s law 

applied to hypothetical optical phantoms. The FIT routine for solving optical properties 
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was also applied to experimental reflectance measurements obtained from two-layered 

optical phantoms – through the use of a fibre optic-based reflectance measurement 

system – designed to simulate normal and dysplastic epithelial tissues with different D 

values. It was reported that while predictions using the FIT approach for theoretical 

optical properties were favourable, the addition of 5% noise to the reflectance input to 

the ANN – to simulate noise during actual data collection – resulted in an increase of 

prediction error by 48%. For the optical phantoms experiment, the results showed good 

agreement between the predicted and true optical properties, but at certain longer 

wavelengths, the error of the predicted absorption coefficient for the bottom skin layer 

exceeded 40%. 

Jager et al. [51] used multiple ANNs to solve the inverse problem from 

reflectance measurements generated from Monte Carlo simulations describing a turbid 

medium. The simulated reflectance measurements were linearized and then fitted to an 

empirical model to reduce the noise in the reflectance signal and subsequently 

converted into a relative scale. An additional preprocessing step of removing reflectance 

measurements that are out of a defined pair of upper and lower limit values is applied to 

the linearized and scale modified reflectance values to reduce nonlinear artifacts within 

the reflectance signal caused by sensor limitations and inconsistent illumination profiles. 

Eleven discrete reflectance measurements are then selected from each of the 100 pre-

processed reflectance curves and normalized before model training. The input 

reflectance values to each of the eleven input nodes of the ANN range only between 0.1 

to 0.9. The target values of the ANN models – the reduced scattering coefficient 𝜇𝑠′  and 

the absorption coefficient 𝜇𝑎 – were also subjected to a similar normalization routine as 

for the input data. To increase the ANN's prediction accuracy on the inverse problem, 

the authors trained an additional 23 ANNs to solve the inverse problem. The linearized, 

fitted, and rescaled reflectance curves that are to be used to train the ANN models are 

classified according to their shapes. The prediction of optical properties from each class 

of reflectance curves are then individually managed by an ANN to minimize the range of 

optical properties that can be predicted and consequently increase the prediction 

accuracy from each group. When evaluating the single ANN model on 2000 linearized, 

rescaled and normalized reflectance measurements obtained from a testing dataset, an 

average relative error of 9.5% was observed when predicting the absorption coefficient 

and 4.1% for the prediction of the reduced scattering coefficient. As for the predictions 
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using multiple ANNs, the average error for the prediction of absorption coefficient was 

6.1% and 2.9 % for the reduced scattering coefficient. The results show that training 

multiple ANNs, each responsible for predicting a small range of optical properties 

instead of having 1 ANN to predict a larger range of optical properties, proved to a better 

implementation strategy for inverse modeling. 

2.3.2. Light-emitting diode (LED) DOT systems 

The methods described in the previous section for solving the inverse problem 

are only for CW DOT systems that use laser light as illumination sources whose light 

emission profiles are collimated and coherent. The DOB Scan Probe contrarily uses 

non-collimated NIR LED light as its illumination sources for reflectance measurements. 

To directly use the methods above to solve the inverse problem will require further 

analysis. However, other researchers have explored the use of LED light sources for 

diffuse reflectance spectroscopy. This sub-section will focus on the literature review of 

the different LED CW DOT systems available and their methods of solving the inverse 

problem.  

Yuan et al. [52] created a custom imaging system in the form of a handheld 

probe that combined NIR LED-based CW DOT with an ultrasound guidance system for 

deep tissue scanning. For the system's DOT side, eight clusters of NIR LEDs with each 

cluster containing LEDs of four different wavelengths (740, 780, 810, and 830 nm) are 

used as illumination light sources. The emitted NIR light from the LEDs is modulated at a 

frequency of 20kHz to reduce the amount of noise measured during reflectance 

measurements. The diffusely scattered light is measured in reflectance geometry at ten 

different locations via detector fiber-optic cables attached to the probe's surface. The 

measured signals are bandpass filtered at the source modulation frequency of 20kHz, 

amplified, and digitized at 200 kHz using an NI PCI-6251 data acquisition card. To solve 

for the homogeneous optical properties 𝜇𝑠′  and 𝜇𝑎 from the reflectance measurements, 

the authors employed an approximation method that uses linearized reflectance 

measurements taken from source-detector separations larger than 2 cm and predicts the 

absorption coefficient based on the slope of the linearized reflectance profile and the 

reduced scattering coefficient based on its intercept. Liquid phantoms were used to 

verify the accuracy of the linear approximation method in evaluating optical properties. 

The liquid phantoms were prepared using varying concentrations of Intralipid 20% to 
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simulate different reduced scattering coefficients and different concentrations of ink to 

simulate different absorption coefficients of the phantom solutions. The optical properties 

were calibrated using a laser-diode-based FD system. To evaluate the ultrasound 

system's performance in detecting inhomogeneities of different sizes and at different 

depths within the tissue, solid phantoms with spherical absorbers of varying sizes 

situated at different depths were prepared. The optical properties of the spherical 

absorbers are computed using the DOT system. Additionally, to evaluate the ultrasound 

and DOT system on inhomogeneous mediums, a pork loin with deep-seated absorbers 

was prepared for the task. The optical property evaluations made by the LED DOT 

system on the homogeneous and inhomogeneous phantoms were compared directly 

against the evaluation from the laser diode-based FD system – that was used for the 

optical property calibration of the liquid phantom solutions – as a benchmark for 

accuracy. Evaluation of the linear approximation’s method on retrieving optical 

properties from linearized reflectance measurements taken from calibrated liquid 

phantoms solutions using the NIR LED CW system was very promising, with an 0.988 

𝑅2 correlation between the predicted reduced scattering coefficient and concentration of 

scatterers within the liquid phantom and an 𝑅2 correlation of 0.973 for the calculated 

absorption coefficient. For the homogeneous solid phantom embedded with a 3 cm-

sized spherical absorber, the absorption coefficient computed by the FD laser system 

was 93.6% of its initially calibrated value. In contrast, the CW LED DOT system 

calculated an absorption coefficient that was 80.1% of the original value. It was reported 

that the computed absorption coefficients from both the LED and laser systems were the 

most accurate when the 3 cm sized absorber was at a depth of 3 cm below the surface 

of the phantom and that calculations made for absorbers beyond depths of 3 cm were 

significantly less accurate. Evaluation was extended to another phantom containing two 

1 cm sized spherical absorbers, one having higher absorption coefficient that the other. 

The predicted absorption coefficient for the higher contrast absorber, using the LED CW 

system, was on average 7% less than the values calculated using the much more 

accurate FD system. The average was obtained for high contrast absorbers embedded 

at depths varying from 1 to 5 cm beneath the phantom. The depth at which both systems 

computed absorption coefficients that were closest to the calibrated value was 2 cm. As 

for the 1 cm sized spherical absorber with a lower absorption coefficient, the computed 

absorption coefficients from the LED CW system for embedded depths ranging between 

1 and 3 cm were on average 16.8 % larger than the calibrated value, while the results for 
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the FD laser system were 24.5 % larger than the calibrated value on average. Within the 

pork loin, spherical absorbers with high absorption coefficients of two different 

diameters, 1 and 3 cm, were embedded at depths of 2.0 and 2.5 cm below the surface, 

respectively. The maximum computed absorption coefficients using the CW LED DOT 

system for the 1, and 3 cm sized spherical absorbers at all depths were 68% and 77% of 

the calibrated absorption coefficient, respectively. The absorption coefficient calculated 

for the 1 cm sized absorber within the pork loin was 15% lower than the value obtained 

for a similar sized absorber embedded within the Intralipid solid phantom. As for the 

larger, 3 cm sized absorber, the calculated absorption coefficient was similar to that from 

the Intralipid solid phantom. The findings demonstrate the potential for the LED based 

DOT system to detect larger sized absorbers within an inhomogeneous medium within 

an acceptable range of accuracy. 

Vishwanath et al.[53] created and evaluated three different CW diffuse 

reflectance systems’ performances in characterizing the homogeneous optical properties 

of liquid phantom solutions and of tumors in animal studies. The first system (System 1) 

utilizes an OceanOptics HL2000-HP tungsten halogen lamp whose spectral emissions 

were between 400 and 2500 nm as its illumination source. The emitted light spectrum is 

coupled to a source fibre from which the interrogating end is placed in contact with the 

liquid phantom / biological tissue for the delivery of light into the medium. The diffusely 

reflected light is then measured from the liquid phantom / biological tissue’s surface by 

another detection fibre, placed at a distance of 2.3 mm away from the source fibre. This 

source-detector separation is fixed for all three systems. The detected light from the first 

system is then coupled to an OceanOptics USB4000 CCD sensor for spectral analysis. 

The second system (System 2) uses the same detector set up as the first system, but 

instead of the halogen lamp, the system's light source is generated from a high-powered 

XR-E LED source from Cree with spectral emissions between 400 and 700 nm. Similar 

to the first system, the emitted light is coupled into a source fiber using a collimating lens 

and a fiber-optic collimator. The third system (System 3) uses the same halogen light 

source as the first system with the exception of its detector being swapped out for an 

AvaSpec2048 CCD spectrophotometer from Avantes. The authors wished to 

characterize the effects of the different warm-up times and intensity drifts of different 

light sources during reflectance measurements and see if one light source had an 

advantage over the other. As for the use of different CCD detectors, the authors were 
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interested in their dynamic ranges as a function of sensor integration time and signal-to-

noise ratios at different intensity measurements. All three systems' performances were 

compared against a widely used and accurate commercially available diffuse reflectance 

CW system called the SkinSkan by JY Horiba, set as the benchmark system – light 

source properties, detector, and accuracy of calculated optical properties. Of all three 

systems, the high-powered collimated LED light source utilized in System #2 showed the 

least intensity drift during constant illumination for a period of 2 hours. The degree of 

intensity drift observed in System #2’s light source was reported to be comparable with 

the intensity drift measured from the SkinSkan system. On the detector side of things, 

the two different CCDs used in Systems 1 to 3 were reported to have high signal-to-

noise ratios and their responses to increasing optical integration times were linear at 

three different wavelengths (460, 550, and 610 nm). Solving the inverse problem from 

reflectance measurements of Systems 1 to 3 involved the implementation of a custom 

algorithm that interatively optimizes for the absorber concentration, scatter size and 

density. The optimization algorithm selects the best absorber concentration, scatter size 

and density parameters that minimizes the sum of squares error between the predicted 

and measured reflectance value. The predicted reflectance measurements are 

generated from a Monte Carlo forward model.A detailed description of its implementation 

can be found here [54]. Accuracy evaluation of the SkinSkan and all three systems on 

predicting calibrated liquid phantoms' optical properties revealed cumulative errors of 

less than 10% on a wide range of scattering and absorption coefficients. Additional 

characterization of optical properties from small animal studies revealed System #1’s 

ability to detect increasing oxygen saturation levels in the tumor region of mice 

undergoing radiation therapy. Similar trends were observed  from the SkinSkan system. 

Nichols et al.[43] developed a CW diffuse reflectance spectroscopy system as an 

intra-operative tool that facilitates margin assessments on excised tumors during breast-

conserving surgery. In their most recent iteration, they had developed a 49-channel (7x7 

array) system that consists of 49 fibre optic channels, each containing 8 illuminating 

optical fibres arranged in a circular pattern with a single detection fibre location in the 

middle of the circular pattern. The source-detector separation distances between the 8 

illumination fibres and the detection fibre within a single optical channel – each optical 

channel contains 9 optical fibres – are 700 µm. A custom-developed high-powered dual-

channel LED source powers the illumination fibres. Each LED channel consists of two 
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cool-while high-power LEDs, a single cyan LED with its peak wavelength at 510 nm, and 

a blue LED with its peak wavelength at 470 nm. The LEDs were chosen to approximate 

a spectrally flat while light source between 420 nm to 600 nm. Light emitted from the 4 

individual LEDs is coupled to the probe on the imaging platform via a polycarbonate 

collimating lens developed by Polymer Optics. All 49 detection fibres – one from each 

channel – are bundled and coupled to an Andor iDUS thermo-electrically cooled CCD 

and spectrograph by Oxford Instruments for spectral analysis of the measured 

reflectance. The 49 fibre optic channels are arranged in a 7x7 square grid pattern, with 

each optical channel being 6 mm apart. The interrogating ends of all 49 optical channels 

are mounted flush onto a 62 x 62 mm flat metallic plate, which itself is part of a custom 

raster scanning imaging platform developed by the team. During operation, the 

illumination of the 49 optical channels are divided into even and odd sequences to 

reduce the magnitude of crosstalk that may be present between the channels that are 

close in proximity. The wavelength-dependent absorption coefficient 𝜇𝑎(𝜆) and reduced 

scattering coefficient 𝜇𝑠′(𝜆) for all 49 interrogating sites were calculated using a 

patented, scalable Monte Carlo model developed by Palmer GM and Ramanujam N [54]. 

Their DOT system includes a pressure sensing feature at the probe-tissue interface that 

ensures a constant application of pressure onto the under-sample tissue at all times to 

eliminate variabilities that may be introduced into the measured reflectance as a result of 

inconsistent pressure application during measurements. The accuracy in the 

reconstruction of their system's optical properties was verified on a set of 12 tissue-

mimicking liquid phantom solutions with calibrated absorption and reduced scattering 

coefficients whose scatterers are simulated using polystyrene microspheres and 

absorption simulated using isolated ferrous hemoglobin. The optical properties of the 

different phantom solutions were varied by changing the concentrations of hemoglobin 

added to each of the 12 phantoms. To investigate the system’s performance on 

biological tissue samples, reflectance measurements were obtained from a total of 32 

margins of excised tissue specimens taken from 20 patients participating in their study. 

The optical properties of the various margins are computed using the Monte Carlo 

method from which the ratio between the concentration of 𝛽-carotene and reduced 

scattering coefficient 𝜇𝑠′ are computed for each of the sub-pixel sampled locations to 

construct a 2-dimensional map revealing pathological information of the under-sample 

tissue margins at different locations. Accuracy assessment on the system’s evaluation of 

optical properties from calibrated liquid phantom solutions revealed average error values 
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for the computed wavelength-dependent scattering coefficients 𝜇𝑠′(𝜆) and absorption 

coefficients 𝜇𝑎(𝜆) to be 8.4 ± 2.4% and 9.6 ± 6.7% of the expected values. The effects of 

pressure variation on the accuracy of the predicted optical properties found that the 

optical properties calculated for samples with thin margins (2 mm) were only accurate 

when the exerted pressure onto the tissue sample was within a narrow window between 

8 and 14 mmHg. When the exerted pressure exceeded 15 mmHg, the thin margin's 

predicted optical properties were influenced by the deeper tissues' optical properties 

below the 2 mm margin. The effects of pressure variation for specimens with thicker top 

layers (4 mm) were not obvious at 15 mmHg. The reconstructed map of 𝛽-carotene to 

reduced scattering coefficient 𝜇𝑠′ ratios of excised tissues from the sub-pixel raster-

scanning imaging platform was able to identify – with relatively high accuracy – regions 

of fibrous tissues from fatty tissues in a sample of excised benign mass as well as 

malignant growths from normal tissue. 

2.3.3. Research objective 

The DOB Scan Probe was created to serve as a better alternative to the manual 

CBE procedures practiced by health care professionals in the identification of location 

and size of abnormal growths – malignant or benign – within the breast tissue and to 

non-invasively extract morphological information of tissue through the evaluation of 

chromophore concentrations of different tissue constituents from in vivo diffuse 

reflectance measurements. The goal is to have a compact handheld system readily 

deployable at a moment’s notice by healthcare professionals during routine breast 

examinations or to monitor tumor size changes through the progression of 

chemotherapy treatments. Therefore, it is vital for the DOB Scan Probe to be small (to 

account for variations in breast sizes in different women), portable, and easy to use to 

satisfy the functional requirements intended for the probe. However, the restriction on 

the probe's overall form factor influences the choice of hardware components that can 

be fitted into the probe. For instance, all the systems outlined in sections 2.3.1 to 2.3.2 

uses optical fibers to measure the diffuse reflectance from the surface of the medium of 

interest. The use of detection fibers fulfills the semi-infinite medium boundary condition 

established for the diffusion approximation in Equation 22 and ensures that the 

measured reflectance signal is unique to the specific point of interest and is not polluted 

by photons emitted from close neighboring regions. To measure the spatial reflectance 
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profile from the surface of a turbid medium would then require the positioning of multiple 

detection fibers at varying distances from the illumination source, increasing the overall 

size and bulk of the DOB Scan Probe. To ensure that the probe remains compact in 

size, a decision was made during the design process not to use detection optical fibers 

but instead to directly use a linear CCD sensor to measure the diffusely reflected light 

from the turbid medium. The cooling of CCD sensors is a usual practice not uncommon 

among medical imaging applications. It reduces the level of dark noise emitted from the 

sensor, which provides a higher signal-to-noise ratio. In large imaging systems, cooling 

is typically achieved by passing a constant flow of liquid nitrogen across the CCD sensor 

to reduce the temperature. In smaller systems, it is achieved by mounting a 

thermoelectric cooling device near or onto the CCD sensor. Both cooling approaches are 

not applicable to the DOB Scan Probe due to the space limitation imposed by its 

geometry. Therefore, it is not unreasonable to expect lower signal-to-noise ratios within 

lower intensity measurements taken with the probe. An LP665 Dark Red Longpass Filter 

from Midwest Optical Systems Inc. was included in the DOB Scan Probe, situated in 

front of the CCD sensor to reduce the degree of signal pollution by preventing light 

below 630 nm from being detected by the CCD. The Figure below shows the 

approximate location of the long pass filter within the probe: 

 

Figure 17  LP665 longpass filter within the DOB Scan Probe 

 
All of the systems outlined in sections 2.3.1 to 2.3.2 have their sensors attached flush 

against the medium of interest during reflectance measurements. By situating the CCD 
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sensor in the DOB Scan Probe to be at some distance away from the medium of 

interest, contamination of reflectance signal by stray photons emitted from regions 

surrounding the point of interest is a very likely occurrence. Hence, to imply a potential 

loss in resolution of the measured reflectance as a result of having some separation 

between the medium of interest and the CCD sensor would not be an implausible 

proposition.  

Unlike laser light, the profile of light emitted from an LED is dispersive in the 

absence of collimating lenses. This delegitimizes the use of nonlinear fit to the diffusion 

equation in Equation 22 to solve the homogeneous optical properties of a tissue/medium 

of interest due to violation of the pencil beam requirement imposed during the 

formulation of the equation itself. Of the systems explored in section 2.3.2, only the 

system in [52] did not use collimating lenses to focus the emitted beam from the LEDs. 

The authors’ approach to solving the inverse problem involved the use of linearized 

reflectance measurements taken from source-detector separations larger than 2 cm. The 

absorption coefficients are modelled as a function of the slope of the linearized 

reflectance measurements, and the reduced scattering coefficients modelled off its 

intercept. For the remaining LED systems collimating lenses were used to focus the 

emitted beam from the diodes. However, instead of fitting the measured reflectance to 

the diffusion equations, the authors opted for Monte Carlo-based optimization algorithms 

to resolve the homogeneous optical properties from the reflectance measurements of 

their respective CW DOT systems. 

ANNs are non-parametric statistical models because they do not make any 

underlying assumptions on the behaviour of the nonlinear function that is to be modelled. 

Only through adequate training on an unbiased dataset can the ANN models learn to 

approximate the nonlinear function of interest with very high accuracy. This unique 

feature of ANNs allows for the modelling of a wide variety of nonlinear functions, 

including the inverse problem for CW DOT systems whose analytical solutions are either 

too complicated to be expressed in the closed-form solution or simply do not exist. For 

instance, Chen et al. [49] trained an ANN to solve the inverse problem using reflectance 

measurements taken from small distances (1 and 2 mm) away from the light source in a 

region where the analytical solution typically performs very poorly. Tsui et al. [48] and 

Wang et al. [50] trained ANN models to solve the inverse problems from reflectance 

measurements of multi-layered skin tissues whose analytical solutions describing the 
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spatial reflectance profiles are either not representable in a closed-form solution similar 

to Equation 22 or simply does not exist. For the ANN models to work, however, data in 

the form of reflectance measurements and their corresponding optical properties are 

required to train the models before deployment. The data required can typically be 

obtained through separate Monte Carlo simulations of the forward problem or direct 

measurements from solid/liquid optical phantoms that are specifically prepared to mimic 

the tissue morphology of interest. Once trained, the speed at which ANN models are 

able to solve for the homogeneous optical properties from a given set of multi-distance 

reflectance measurements is of magnitudes faster than Monte Carlo-based algorithms 

mentioned in this section, making the use of ANN models ideal for real-time DOT 

applications.  

In this section, detailed analyses of the DOB Scan Probe’s hardware and 

construction were presented, and methods of solving for the inverse problem of different 

CW DOT systems explored to select one that would best suit the DOB Scan Probe. As 

elaborated, solving the homogeneous optical properties through nonlinear fitting to the 

diffusion equation is not suitable for the current system due to the uncollimated light 

profile of the eLEDs used as illumination light sources, the DOB Scan Probe. Monte 

Carlo-based algorithms' ability to model unique setups of different DOT systems and 

complicated tissue geometries presents itself as a promising candidate in solving the 

inverse problem of the DOB Scan Probe. It can, however, be argued that ANN models 

are the better candidate for the DOB Scan Probe, given its application requirements and 

hardware constructions. Of the three methods presented in this section for solving the 

inverse problem – analytical, Monte Carlo and ANNs – ANN models are able to solve the 

inverse problem in the least amount of time, making it an ideal method for the DOB Scan 

Probe that is designed for quick, on the spot imaging for abnormal growths during 

regular patient visits. The data required to train the ANN model can be obtained from 

calibrated liquid phantom measurements easily prepared using off-the-shelf materials. In 

the absence of any analytical model describing the reflectance profile to be expected 

from a fiberless LED CW diffuse optical system, for a given set of 𝜇𝑠′  and 𝜇𝑎 parameters 

(i.e., An equation similar to Equation 22 but for fiberless LED CW systems instead of 

Laser CW systems), ANN models are potentially good candidates to solve the inverse 

problem. 
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The research presented in this thesis will explore the feasibility of using an ANN 

model to solve the inverse problem (i.e., solving for 𝜇𝑠′  and 𝜇𝑎 from reflectance 

measurements) using reflectance measurements collected from tissue mimicking liquid 

phantoms, using the DOB Scan Probe. Additionally, the prospect of using the DOB Scan 

Probe as a platform capable of reconstructing 2-dimensional topographical maps, 

describing the breast tissues’ morphological structures, will be explored. The goal is to 

have the probe reveal regions of abnormal growths within the breast tissue through a 

series of systematic reflectance measurements. This could potentially be used to 

determine the presence, size, and location of any abnormal growths within the breast 

tissue, facilitating early detection and expediting treatment. 
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Chapter 3.  
 
Structuring and training ANN models 

3.1. Optical phantoms 

The ANN model that will be trained to solve the inverse problem will use the 

spatial reflectance profile measured from the surface of the breast’s skin and use it to 

predict the corresponding homogeneous optical properties. To acquire the necessary 

spatial reflectance data to train the model, reflectance measurements will have to be 

collected either from actual breast tissues or optical phantoms that mimic breast tissue's 

optical properties. Using tissue-mimicking optical phantoms would be a better choice for 

data collection given the ability to calibrate the optical properties to cover a wide range of 

biological tissues. Having an extensive dataset to train the ANN model would allow it to 

generalize well to a wide range of predictions. 

There are three main types of tissue-mimicking optical phantoms synthesizable 

for reflectance measurements. They include solid phantoms, gelatin/agar phantoms, and 

liquid phantoms. For solid optical phantoms, materials including polymer microspheres, 

metallic oxide powders, and quartz glass materials are used to simulate a biological 

tissue's scattering properties. Absorbers like ink or molecular dyes can be mixed with the 

scatterers during the curing process to modify the solid phantom’s absorption properties. 

Solid phantoms have the advantage of retaining their optical properties for an extended 

time as their chemical compositions are not affected by ambient conditions. However, to 

synthesize a large number of solid phantoms – each having a unique set of optical 

properties – for data collection would be a costly endeavour. 

In liquid optical phantoms, milk, oil, fat, lipid, Intralipid, or Nultralipid are common 

materials used to modify the phantom’s scattering characteristics. Ink, molecular dyes, 

and blood can also be introduced into the liquid phantom to change its absorbing 

characteristics. Intralipid – a soy-based liquid emulsion – demonstrates stable inter-

batch reproducibility – in terms of its scattering properties [55] – making it an ideal 

candidate in simulating the scattering characteristics of a liquid phantom. To modify the 

magnitude of scattering between different liquid phantoms, pure Intralipid solutions can 
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be diluted with different volumes of distilled water to change the concentration of 

scatterers within the phantom solution reduced scattering coefficient. 

 
Figure 18  Intralipid 20% used for the preparation of liquid phantoms. 

To modify the liquid phantom’s absorption properties, dyes are added to the phantom 

mix. Molecular dyes are well received for their accuracies. However, they are not the 

cheapest to purchase for use in larger quantities. Black India Ink is another common 

type of absorber used in liquid phantoms. They are much more affordable than 

molecular dyes and are readily available off the shelf. However, the undiluted ink 

solutions' absorption coefficients vary from brand to brand, and there are even 

differences within different batches of the same brand. Hence, to ensure consistency of 

absorption coefficients between inks of different batches, calibration of the inks’ 

concentrations will need to be manually performed to ensure that the resulting 

absorption coefficients are in line with the desired values. 

Agar and gelatin optical phantoms are hydrogel-based phantoms that can be 

molded and shaped into various forms, providing excellent geometric mimicry of the 

target tissue of interest for device calibration without requiring expensive equipment. 

Additionally, the introduction of inhomogeneities into the phantoms at custom locations 
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can be easily performed simply through the use of hypodermic needles. Titanium dioxide 

or aluminum oxide powders are typically used to simulate the scattering coefficients of 

these phantoms. It is not uncommon to find the use of whole blood samples or ink to 

simulate their absorption coefficients. One of the downsides associated with using 

gar/gelatin-based optical phantoms is attributed to the effort required for its 

maintenance. To prevent the phantoms from going bad, they need to be stored in 

refrigerators when not in use. Bacterial suppressing additives like wood preservatives, 

mild acid ethylenediaminetetraacetic acid (EDTA), or sodium azide are typically added to 

the phantoms, allowing them to last for days or weeks without going bad. 

Additionally, agar/gelatin phantoms tend to dry out if left exposed to the 

elements. To prevent this from happening, they will need to be stored in airtight bags or 

kept immersed in vegetable oil. Additional information on the phantom types and the 

potential materials that can be used to simulate either their reduced scattering or 

absorption coefficients may be found in [56]. 

It is expected that the ANN model to be capable of differentiating between 

cancerous, benign, and normal breast tissues during deployment. As elaborated in 

chapter 1, different types of sub-tissues exist within each of the three classes, each 

having a unique set of optical properties. To train the ANN model to accurately predict 

the plethora of optical properties that are to be expected from the different types of 

tissues, reflectance measurements from phantoms of various optical properties will be 

required to train the ANN model. The number of phantoms needed for such an 

application could potentially be significant, rendering the use of solid phantoms to be 

potentially costly and the preparation and maintenance of agar/gelatin phantoms a 

hassle. In this situation, liquid phantoms offer the best compromise between affordability 

and quantity. Liquid phantoms offer the compromise between affordability and the 

number of phantoms required. They can be synthesized using off-the-shelf materials that 

are easily attainable and affordable in price. It is for this reason that liquid phantoms will 

be selected for the investigation. Of the materials available for simulating the liquid 

phantom's reduced scattering coefficient, Intralipid 20% emulsion will be selected for its 

stability in the expected reduced scattering coefficients from samples of different batches 

and for the abundance in research available on the material used in different 

applications. Black India ink will be selected as the absorber for the liquid phantom 
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solutions for its affordability at the expense of manual calibration of its absorption 

coefficient. 

3.1.1. Synthesis scope of optical properties  

The ANN model requires the corresponding reflectance measurements related to 

malignant, benign, and normal breast tissue types to enable the prediction of their 

related optical properties. An analysis of the optical properties that are expected from 

malignant, benign, and normal breast tissues will need to be performed to establish the 

upper and lower bounds for the reduced scattering and absorption coefficients. This 

information can then be used to decide the total number of liquid phantoms required for 

synthesis whose corresponding reflectance measurements are used to train the ANN 

model. The larger the number of liquid phantoms synthesized, whose optical properties 

are between the established upper and lower bounds, the better the ANN model will get 

at interpolating the optical properties. Looking first at the results presented in [57], the 

authors developed a method of measuring the reduced scattering and absorption 

coefficients from 33 different samples of 5 breast tissue variants (normal glandular 

tissue, adipose tissue, fibrocystic tissue, fibroadenoma, and ductal carcinoma) using a 

Monte Carlo method that takes in reflectance and transmission measurements of the 

sample of interest as inputs and by setting the total attenuation coefficient 𝜇𝑡′ of each 

tissue variant to be of some fixed value. Their optical properties at wavelengths 540, 

700, and 900 nm are listed in the table below: 

Table 3  Mean and standard deviations of 𝝁𝒂 and 𝝁𝒔′ of different tissues at different wavelengths 

Tissue type 540 nm 700 nm 900 nm 

 𝜇𝑎(𝑚𝑚−1) 𝜇𝑠′(𝑚𝑚−1) 𝜇𝑎(𝑚𝑚−1) 𝜇𝑠′(𝑚𝑚−1) 𝜇𝑎(𝑚𝑚−1) 𝜇𝑠′(𝑚𝑚−1) 

Glandular 0.358±0.156 2.44±0.58 0.047±0.011 1.42±0.30 0.062±0.005 0.99±0.20 

Adipose 0.227±0.057 1.03±0.19 0.070±0.0008 0.86±0.13 0.075±0.008 0.79±0.11 

Fibrocystic 0.164±0.066 2.17±0.33 0.022±0.009 1.34±0.19 0.027±0.011 0.95±0.17 

Fibroadenoma 0.438±0.314 1.11±0.30 0.052±0.047 0.72±0.17 0.072±0.053 0.53±0.14 

Carcinoma 0.307±0.099 1.90±0.51 0.045±0.012 1.18±0.31 0.050±0.015 0.89±0.26 

Note: Table was adapted directly from [57] 

The results show that at 700 nm, the reduced scattering coefficients of all breast tissue 

variants lie between 0.8 𝑚𝑚−1 and 1.5 𝑚𝑚−1 and their absorption coefficients between 

0.02 𝑚𝑚−1 and 0.071 𝑚𝑚−1. These upper and lower bounds for the reduced scattering 
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and absorption coefficients will be the references used to decide upon the 

concentrations of Intralipid 20% and black India ink to be used to prepare the liquid 

phantoms whose reflectance measurements are used to train the ANN model. 

3.1.2. Intralipid calibration 

Various publications have shown that the reduced scattering coefficient 𝜇𝑠′ of 

Intralipid 20% tends to decrease with increasing NIR wavelength. To better understand 

this behaviour, the journal published by Aernouts et al. [58] provides an excellent review 

on the subject matter. Diffuse reflectance, total transmittance, and unscattered 

transmittance measurements were performed on 57 different liquid phantoms between 

the wavelengths of 500 – 2250 nm. The phantoms were illuminated by a high-powered 

supercontinuum laser that emitted light over the spectral range from 450 – 2400 nm. The 

white laser light is then focused on a high-precision Czerny-Turner monochromator 

capable of emitting light covering the Vis-NIR range. The monochromator's emitted light 

is then routed via a series of optical elements to a setup consisting of two integrating 

spheres with the sample of interest situated in between for diffuse reflectance and 

transmittance measurements. For unscattered transmittance measurements, two 7.5 

mm rounds slits are placed before and after the sample, with a third similar slit placed at 

a distance of 1.5 m behind the sample to reduce the number of scattered photons 

detected. Estimation of the bulk optical properties of the sample can then be performed 

through an inverse adding doubling method that accepts the diffuse reflectance, 

transmittance, and unscattered transmittance measurements as its inputs for its 

computation. Each of the 57 liquid phantom samples has unique sets of reduced 

scattering 𝜇𝑠′ and absorption coefficients 𝜇𝑎. The reduced scattering coefficient of each 

liquid phantom is set by modifying the volumetric concentration of pure Intralipid 20% 

added to each sample and their absorption coefficients set by changing the volumetric 

concentration of Methylene Blue dye added to each sample. The volume of Intralipid 

20% within the liquid phantoms are set to be 1, 2, 4, 8, 16, 32, and 64 ml, and the 

volume of stock Methylene Blue added to the liquid phantoms were 0, 1, 2, 4, 8, 16, 32, 

and 36 ml, respectively. The total permutations of liquid phantoms attainable using 

seven different volumes of Intralipid 20% and eight different volumes of stock Methylene 

Blue absorbers amount to 56 unique liquid phantom solutions. An additional liquid 

phantom solution of pure Intralipid 20% and 0 ml of Methylene Blue was also included 
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for measurements resulting in a total of 57 phantom solutions. The volumetric 

concentrations of Intralipid 20% within each phantom solution can be calculated using 

the following equations: 

 
𝑽𝑪𝑰𝒏𝒕𝒓𝒂𝒍𝒊𝒑𝒊𝒅 = 

𝑽𝒐𝒍𝒖𝒎𝒆 𝒐𝒇 𝑷𝒖𝒓𝒆 𝑰𝒏𝒕𝒓𝒂𝒍𝒊𝒑𝒊𝒅 𝟐𝟎%

𝑻𝒐𝒕𝒂𝒍 𝒗𝒐𝒍𝒖𝒎𝒆 𝒐𝒇 𝒍𝒊𝒒𝒖𝒊𝒅 𝒑𝒉𝒂𝒏𝒕𝒐𝒎
 (51) 

Since each liquid phantom's total volume is 100 ml, the volumetric concentrations of 

Intralipid 20% used in their measurements were 1, 2, 4, 8, 16, 32, 64, and 100%, 

respectively. According to the journal, pure Intralipid 20% emulsion consists of 22.7% of 

scattering particles. Using the computed volumetric concentration of Intralipid 20%, the 

percentage of scattering particles within the phantom solutions can be calculated simply 

by multiplying the volumetric concentrations of Intralipid 20% with 0.227, resulting in 

0.227, 0.454, 0.908, 1.816, 3.632, 7.264, 14.528, and 22.7% of scattering particles 

corresponding to Intralipid volumetric concentrations of 1, 2, 4, 8, 16, 32, 64 and 100% 

within the liquid phantom solutions. The stock solution of Methylene Blue dye used in 

their experiment contains 400 𝜇𝑀 of absorbers, using an approach analogous to the 

computation of the volumetric concentration of Intralipid 20% within the phantom 

solutions, the concentration of absorbers present within each phantom solution can be 

computed using the following equation: 

 
𝑪𝑴𝑩(𝝁𝑴) =  

𝑽𝒐𝒍𝒖𝒎𝒆 𝒐𝒇 𝒔𝒕𝒐𝒄𝒌 𝑴𝒆𝒕𝒉𝒚𝒍𝒆𝒏𝒆 𝑩𝒍𝒖𝒆

𝑻𝒐𝒕𝒂𝒍 𝒗𝒐𝒍𝒖𝒎𝒆 𝒐𝒇 𝒍𝒊𝒒𝒖𝒊𝒅 𝒑𝒉𝒂𝒏𝒕𝒐𝒎
∗ 𝟒𝟎𝟎 (52) 

Resulting in molar concentrations of 0, 4, 8, 16, 32, 64, 128, and 144 𝜇𝑀 within the liquid 

phantom solutions. Looking at the reduced scattering spectra for the liquid phantoms 

with different concentrations of Intralipid 20%, it can be seen that the reduced scattering 
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coefficient for Intralipid 20% decreases with an increasing wavelength between 500 and 

2250 nm: 

 
Figure 19  Spectra of reduced scattering coefficients for Intralipid 20% taken at 

two different sample thicknesses a) 0.55 mm b) 1.1mm. 
Note: Plots were taken directly from [58] 

In the figures, A* represents the liquid phantoms with the lowest amount of scatterers – 

volumetric concentration of Intralipid 20% at 1% – and G* representing liquid phantoms 

with the highest amount of scatterers at 64%. The IL spectra represent the reduced 

scattering coefficient of pure, undiluted Intralipid 20%. To estimate the reduced 

scattering coefficient of pure Intralipid 20% at a particular wavelength of interest, the 

authors fitted a three-parameter exponential model to their data from which the following 

expression is obtained: 

 𝝁𝒔,𝒑𝒖𝒓𝒆
′ (𝝀)(𝒎𝒎−𝟏)  = (−𝟕𝟔. 𝟕 + 𝟏. 𝟕𝟏 × 𝟏𝟎𝟓 ∗ 𝝀−𝟎.𝟗𝟓𝟕) ∗ 𝟎. 𝟏 (53) 

 𝝀 =   𝑤𝑎𝑣𝑒𝑙𝑒𝑛𝑔𝑡ℎ 𝑜𝑓 𝑖𝑛𝑡𝑒𝑟𝑒𝑠𝑡 𝑖𝑛 (𝑛𝑚)  

Equation 53 provides an estimate of the reduced scattering coefficient of pure Intralipid 

20% at the wavelength of choice. To compute the reduced scattering coefficients for 

liquid phantoms with lower concentrations of Intralipid 20%, the authors suggest the use 

of the following linear rescaling model to calculate the reduced scattering coefficient: 
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𝝁𝒔,𝒅𝒊𝒍𝒖𝒕𝒆

′ (𝝀) =  𝝁𝒔,𝒑𝒖𝒓𝒆
′ (𝝀) ∗

𝚽𝒑

𝟎. 𝟐𝟐𝟕
 (54) 

  𝚽𝒑 =  𝑃𝑒𝑟𝑐𝑒𝑛𝑡𝑎𝑔𝑒 𝑜𝑓 𝑠𝑐𝑎𝑡𝑡𝑒𝑟𝑖𝑛𝑔 𝑝𝑎𝑟𝑡𝑖𝑐𝑙𝑒𝑠 𝑤𝑖𝑡ℎ𝑖𝑛 𝑡ℎ𝑒 𝑑𝑖𝑙𝑢𝑡𝑒𝑑 𝑝ℎ𝑎𝑛𝑡𝑜𝑚 𝑠𝑜𝑙𝑢𝑡𝑖𝑜𝑛  

Given that black India ink will be used as the absorbers for the current study, the 

analysis provided on the Methylene Blue absorber in this journal will not be analyzed. In 

section 3.1.1, it was determined that the reduced scattering coefficients of the liquid 

phantoms synthesized for data collection should span the range between 0.8 𝑚𝑚−1 and 

1.5 𝑚𝑚−1 at 700 nm to account for the different variants of breast tissue that are to be 

expected during deployment. Using 700 nm as 𝜆 in Equation 53, the estimated reduced 

scattering coefficient of pure Intralipid 20% at this wavelength is estimated to be ≈

24.7071 𝑚𝑚−1. To obtain a lower bound reduced scattering coefficient of 0.8 𝑚𝑚−1, 

using Equation 54, the pure Intralipid 20% emulsion will need to be diluted to contain 

0.73501% of scattering particles within the phantom solution. Applying a similar analysis 

in finding the percentage of scattering particles required to attain the upper bound of 

reduced scattering coefficients yields 1.3781% of scattering particles. These two 

percentage bounds for scattering particles will be used later in this chapter to decide 

upon the volume of Intralipid 20% required for this study. 

3.1.3. Ink calibration 

Unlike Intralipid 20%, the identification of the optical properties of black India ink 

is not as direct. According to the journal published by Paola et al.[59], large variations in 

absorption coefficients were observed between black inks of different brands. Similar 

observations were also made for black inks from different batches belonging to the same 

brand. These findings motivated the need to measure the absorption coefficient of the 

India ink sample that is to be used to synthesize liquid phantoms for the current study. 

A non-waterproof black India ink of the name Higgins Fountain Pen (46030) from 

Chartpak was used as the absorber for the liquid phantoms. The absorption coefficient 

of pure India ink is to be determined at the four NIR wavelengths used by the DOB Scan 

Probe as its light sources. This can be done by using a CARY-60 UV-VIS 

spectrophotometer from Agilent technologies that measure the transmittance of a liquid 

sample stored in a cuvette. However, to directly measure the absorption coefficient of 
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pure, undiluted India ink using the spectrophotometer would not be possible due to the 

high absorption coefficient of ink. Instead, the pure ink will first need to be diluted down 

to samples of varying ink concentrations and transmittance measurements performed on 

these samples. Using the Beer-Lambert law and knowledge on the absorption 

coefficients of water at the four NIR wavelengths, the diluted ink samples' absorption 

coefficients can be obtained. Following the approach suggested in [59], pure India ink's 

absorption coefficient can then be determined through a linear fit of the India ink 

concentration to their respective absorption coefficients evaluated using the Beer-

Lambert law. 

A beaker of distilled water is first filled up to 200 𝑚𝐿 and weighed with an Ohaus 

Adventurer Pro balance with a precision of up to 0.01 𝑔𝑟𝑎𝑚𝑠. The resulting mass of the 

distilled water used for the ink dilution was 202.46 𝑔𝑟𝑎𝑚𝑠. 100 𝜇𝐿 of pure, undiluted ink 

was pipetted out of the bottle using a MICROLIT RBO 20 − 200𝜇𝐿 pipette with a mean 

uncertainty of ±0.0014% and transferred on to a higher precision balance to measure its 

corresponding mass. The balance used was an Ohaus Pioneer balance with a precision 

of up to 0.0001 𝑔𝑟𝑎𝑚𝑠 and the resulting mass of ink used for dilution was 

0.0872 𝑔𝑟𝑎𝑚𝑠 ≈ 87.2 𝜇𝐿, 12.8 𝜇𝐿 lesser the intended use 100 𝜇𝐿. The measured ink is 

then transferred into the beaker containing the distilled water and stirred thoroughly with 

a glass rod. The resulting ink dilution had an ink concentration of 0.0430517% (𝑔𝑟𝑎𝑚𝑠/

𝑔𝑟𝑎𝑚𝑠). Twelve 3 𝑚𝐿 plastic cuvettes were prepared and numbered accordingly. 

Distilled water was added to each of the cuvettes, using the MICROLIT RBO 20 − 200𝜇𝐿 

pipette, with 2.00 𝑚𝐿 added to the first cuvette, followed by adding 2.05 𝑚𝐿 added to the 

second cuvette and increments of 0.05 𝑚𝐿 added to the total volume of each of the 

subsequent cuvettes all the way up to the twelfth. Each of the 12 cuvettes was weighed 

with the Ohaus Adventurer Pro balance before and after the addition of water and their 

corresponding masses recorded. Transmittance measurements were then performed for 

all 12 distilled water-filled cuvettes using the CARY-60 spectrophotometer at 

wavelengths of 690, 750, 800, and 850 nm, respectively, and recorded. Let the 

measured transmittance of distilled water and the plastic cuvette be labeled as 

𝑇𝑛
𝐻20+𝐶𝑢𝑣(𝜆)%, where n is the cuvette number and 𝜆 the corresponding wavelength. With 

the same pipette, diluted ink was pipetted from the beaker into the cuvettes until the total 

volume of the sample within each of the plastic cuvettes was ≈ 3 𝑚𝑙. The mass of each 

cuvette was re-measured after the addition of diluted ink with their collective mass 
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recorded, necessary information for obtaining the total concentration of ink within each 

cuvette later in the study. Transmittance measurements were once again performed for 

all 12 cuvettes, now with varying amounts of ink mixtures within them, and recorded for 

all four wavelengths. Let the measured transmittance with the addition of diluted ink be 

labeled as 𝑇𝑛
𝐻20+𝐶𝑢𝑣+𝐼𝑛𝑘(𝜆)%, where n is the cuvette number and 𝜆 the corresponding 

wavelength. The Beer-Lambert equation describing the transmittance of a sample can 

be expressed in terms of the absorption coefficient as follows: 

 
𝑨𝒃𝒔𝒐𝒓𝒃𝒂𝒏𝒄𝒆

𝒍𝒐𝒈𝟏𝟎(𝒆)
=  

𝒍𝒐𝒈𝟏𝟎 (
𝟏

𝑻𝒏(𝝀)%
)

𝒍𝒐𝒈𝟏𝟎(𝒆)
= 𝝁𝒂𝒏

(𝝀) ∗ 𝒍 
(55) 

 𝑻𝒏(𝝀)% = 𝑀𝑒𝑎𝑠𝑢𝑟𝑒𝑑 𝑡𝑟𝑎𝑛𝑠𝑚𝑖𝑡𝑡𝑎𝑛𝑐𝑒 𝑎𝑡 𝑤𝑎𝑣𝑒𝑙𝑒𝑛𝑔𝑡ℎ 𝜆 𝑓𝑜𝑟 𝑠𝑎𝑚𝑝𝑙𝑒 𝑛 

𝒍 = 𝑂𝑝𝑡𝑖𝑐𝑎𝑙 𝑝𝑎𝑡ℎ 𝑙𝑒𝑛𝑔𝑡ℎ 𝑜𝑓 𝑖𝑛𝑘 𝑑𝑖𝑙𝑢𝑡𝑖𝑜𝑛 𝑤𝑖𝑡ℎ𝑖𝑛 𝑡ℎ𝑒 𝑐𝑢𝑣𝑒𝑡𝑡𝑒 ≈ 10𝑚𝑚 

𝝁𝒂𝒏
(𝝀) = 𝑇ℎ𝑒 𝑎𝑏𝑠𝑜𝑟𝑝𝑡𝑖𝑜𝑛 𝑐𝑜𝑒𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑡 𝑜𝑓 𝑠𝑎𝑚𝑝𝑙𝑒 𝑛 (𝑚𝑚−1) 𝑎𝑡 𝜆 

 

The 𝜇𝑎𝑛
(𝜆) term in itself contains contributions of absorption coefficients from the diluted 

ink 𝜇𝑎𝑛
𝐷𝑖𝑙𝑢𝑡𝑒 𝐼𝑛𝑘(𝜆), water 𝜇𝑎𝑛

𝐻20(𝜆), and the plastic walls of the cuvette itself 𝜇𝑎𝑛
𝐶𝑢𝑣𝑒𝑡𝑡𝑒(𝜆). 

Hence, 𝜇𝑎𝑛
(𝜆) can be deconstructed into: 

 𝝁𝒂𝒏
(𝝀) =  𝝁𝒂𝒏

𝑫𝒊𝒍𝒖𝒕𝒆 𝑰𝒏𝒌(𝝀) + 𝝁𝒂𝒏
𝑯𝟐𝟎(𝝀) + 𝝁𝒂𝒏

𝑪𝒖𝒗𝒆𝒕𝒕𝒆(𝝀) (56) 

 𝝁𝒂𝒏
𝑫𝒊𝒍𝒖𝒕𝒆 𝑰𝒏𝒌(𝝀) =  𝝁𝒂𝒏

(𝝀) − 𝝁𝒂𝒏
𝑯𝟐𝟎(𝝀) − 𝝁𝒂𝒏

𝑪𝒖𝒗𝒆𝒕𝒕𝒆(𝝀) (57) 

Using the Beer-Lambert equation in Equation 55, 𝜇𝑎𝑛
(𝜆) and 𝜇𝑎𝑛

𝐻20(𝜆) + 𝜇𝑎𝑛
𝐶𝑢𝑣𝑒𝑡𝑡𝑒(𝜆) can 

be found directly from the measured spectrum of absorbance values. 

 

𝝁𝒂𝒏
(𝝀) =  

𝒍𝒐𝒈𝟏𝟎 (
𝟏

𝑻𝒏
𝑯𝟐𝟎+𝑪𝒖𝒗+𝑰𝒏𝒌(𝝀)%

)

𝒍𝒐𝒈𝟏𝟎(𝒆) ∗ 𝒍
 

(58) 
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𝝁𝒂,𝑯𝟐𝟎(𝝀) + 𝝁𝒂,𝑪𝒖𝒗𝒆𝒕𝒕𝒆(𝝀) =  

𝒍𝒐𝒈𝟏𝟎 (
𝟏

𝑻𝒏
𝑯𝟐𝟎+𝑪𝒖𝒗(𝝀)%

)

𝒍𝒐𝒈𝟏𝟎(𝒆) ∗ 𝒍
 

(59) 

 

𝝁𝒂𝒏
𝑫𝒊𝒍𝒖𝒕𝒆 𝑰𝒏𝒌(𝝀) =  

[
 
 
 
 𝒍𝒐𝒈𝟏𝟎 (

𝟏

𝑻𝒏
𝑯𝟐𝟎+𝑪𝒖𝒗+𝑰𝒏𝒌(𝝀)%

) − 𝒍𝒐𝒈𝟏𝟎 (
𝟏

𝑻𝒏
𝑯𝟐𝟎+𝑪𝒖𝒗(𝝀)%

)

𝒍𝒐𝒈𝟏𝟎(𝒆) ∗ 𝒍

]
 
 
 
 

 

(60) 

Assuming that India ink contains 100% of absorbing particles, the mass concentration of 

absorbers within each of the 12 cuvettes can be calculated as follows: 

 
𝑴𝑪𝒏

𝑷𝒖𝒓𝒆 𝑰𝒏𝒌 = 
𝑫𝑰𝑽𝒏 ∗ 𝑴𝑪𝑫𝒊𝒍𝒖𝒕𝒆 𝑰𝒏𝒌

𝑷𝒖𝒓𝒆 𝑰𝒏𝒌

𝑫𝑰𝑽𝒏 + 𝑾𝑽𝒏 
 

(61) 

 𝑫𝑰𝑽𝒏 = 𝑉𝑜𝑙𝑢𝑚𝑒 𝑜𝑓 𝑑𝑖𝑙𝑢𝑡𝑒𝑑 𝑖𝑛𝑘 𝑎𝑑𝑑𝑒𝑑 𝑡𝑜 𝑐𝑢𝑣𝑒𝑡𝑡𝑒 𝑛 

𝑴𝑪𝑫𝒊𝒍𝒖𝒕𝒆 𝑰𝒏𝒌
𝑷𝒖𝒓𝒆 𝑰𝒏𝒌 =  𝑀𝑎𝑠𝑠 𝑐𝑜𝑛𝑐𝑒𝑛𝑡𝑟𝑎𝑡𝑖𝑜𝑛 𝑜𝑓 𝑎𝑏𝑠𝑜𝑟𝑏𝑒𝑟𝑠 𝑤𝑖𝑡ℎ𝑖𝑛 𝑑𝑖𝑙𝑢𝑡𝑒𝑑 𝑖𝑛𝑘 

𝑾𝑽𝒏 = 𝑉𝑜𝑙𝑢𝑚𝑒 𝑜𝑓 𝑑𝑖𝑠𝑡𝑖𝑙𝑙𝑒𝑑 𝑤𝑎𝑡𝑒𝑟 𝑖𝑛 𝑐𝑢𝑣𝑒𝑡𝑡𝑒 𝑛 

 

Using Equations 55 to 61 and the absorbance measurements obtained for all 12 cuvette 

samples are shown in Table 4 and Figure 20 – describing the spectra of absorption 

coefficients at each wavelength. 

Table 4  Absorption spectra for different ink dilutions 

  𝜇𝑎𝑛
𝐷𝑖𝑙𝑢𝑡𝑒 𝐼𝑛𝑘(𝜆) 

Sample (n) 𝑀𝐶𝑛
𝑃𝑢𝑟𝑒 𝐼𝑛𝑘 𝜆 = 690 nm 𝜆 = 750 nm 𝜆 = 800 nm 𝜆 = 850 nm 

1 1.46507E-04 0.02104 0.01700 0.01449 0.01256 

2 1.25442 -04 0.01939 0.01596 0.01395 0.01225 

3 1.17510E-04 0.01825 0.01502 0.01299 0.01145 

4 1.9160E-05 0.01631 0.01342 0.01163 0.01021 

5 9.79842E-05 0.01500 0.01236 0.01070 0.00943 

6 9.04198E-05 0.01414 0.01165 0.01007 0.00885 

7 8.14139E-05 0.01252 0.01022 0.00888 0.00781 

8 6.64250E-05 0.01040 0.00862 0.00753 0.00663 

9 6.16710E-05 0.01003 0.00825 0.00721 0.00641 

10 5.23623E-05 0.00837 0.00680 0.00603 0.00520 
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11 4.73719E-05 0.00773 0.00632 0.00545 0.00479 

12 3.85603E-05 0.00612 0.00504 0.00437 0.00384 

 

The following plot better illustrates the relationship between the spectra of absorption 

coefficients for different wavelengths: 

 
Figure 20  Absorption spectra of diluted ink samples at the four source 

wavelengths of the DOB Scan Probe 

Linear models are fitted to the computed absorption coefficients at each wavelength as a 

function of the ink samples' volume concentrations within all 20 cuvettes, and the 

gradients and intercepts for the respective linear models are listed in Table 5. 

Table 5  Gradients and intercepts for linear models at each wavelength 

Wavelength (nm) 𝑮𝒊𝒏𝒌(𝝀)  Gradient 𝑰𝒊𝒏𝒌(𝝀) Intercept 

690 143.23940 0.00097 

750 116.64951 0.00086 

800 99.74570 0.00087 

850 87.00870 0.00081 

Looking back at Table 3, the upper and lower bounds for the absorption coefficients 

required to be simulated in the liquid phantom solutions are 0.02 𝑚𝑚−1 and 0.071 𝑚𝑚−1 

at 700 𝑛𝑚. Given that the measurements for the absorption coefficient of ink at 700 𝑛𝑚 
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were not performed, the gradient and intercept required to compute the volume 

concentration of ink required to simulate the upper and lower boundary values of the 

absorption coefficients will be approximated to parameters calculated for 690 𝑛𝑚. 

However, in addition to the ink’s contribution to the liquid phantoms' total absorption 

coefficient, water also absorbs NIR light differently at different wavelengths. To ensure 

adherence to the upper and lower bounds of the absorption coefficients, the contribution 

of absorption from the water will also have to be considered during the calculation of ink 

concentration required for the synthesis of the optical phantoms. In the next section, the 

absorption spectra of water at different NIR wavelengths will be explored, followed by 

the calibration of the inks’ concentration for the liquid phantoms to simulate the desired 

absorption's upper and lower bounds coefficients. 

3.1.4. The absorption coefficient of water 

Distilled water is selected to be the liquid phantoms' solvent for dissolving the 

Intralipid 20% scatterers and India ink absorbers. While water does not scatter light, it 

absorbs light differently at different wavelengths. In the journal by George et al. [60], the 

authors compiled a wide range of extinction coefficients 𝑘(𝜆) from fifty-eight different 

articles and books and provided 𝑘(𝜆) values of best fit to the different 𝑘(𝜆) available at 

selected wavelengths between 200 𝑛𝑚 and 200 µ𝑚 from the literature review. The 

absorption coefficient at each wavelength can be computed using the following equation: 

 
𝝁𝒂 (𝒎𝒎−𝟏) 𝒐𝒇 𝒘𝒂𝒕𝒆𝒓 𝒂𝒕 𝝀(𝒏𝒎) = 𝝁𝒂𝑯𝟐𝟎

(𝝀𝒏𝒎) =  
𝟒𝝅 ∗ 𝒌(𝝀𝝁𝒎)

𝝀𝝁𝒎
 

(62) 

 𝝀𝒏𝒎 =  𝑊𝑎𝑣𝑒𝑙𝑒𝑛𝑔𝑡ℎ 𝑜𝑓 𝑒𝑙𝑒𝑐𝑡𝑟𝑜𝑚𝑎𝑔𝑛𝑒𝑡𝑖𝑐 𝑤𝑎𝑣𝑒 𝑒𝑥𝑝𝑟𝑒𝑠𝑠𝑒𝑑 𝑖𝑛 𝑛𝑚 

𝝀𝝁𝒎 =  𝑊𝑎𝑣𝑒𝑙𝑒𝑛𝑔𝑡ℎ 𝑜𝑓 𝑒𝑙𝑒𝑐𝑡𝑟𝑜𝑚𝑎𝑔𝑛𝑒𝑡𝑖𝑐 𝑤𝑎𝑣𝑒 𝑒𝑥𝑝𝑟𝑒𝑠𝑠𝑒𝑑 𝑖𝑛 𝜇𝑚 

𝒌(𝝀𝝁𝒎) =  𝐸𝑥𝑡𝑖𝑛𝑐𝑡𝑖𝑜𝑛 𝑐𝑜𝑒𝑓𝑓𝑐𝑖𝑒𝑛𝑡 𝑎𝑡 𝑤𝑎𝑣𝑒𝑙𝑒𝑛𝑔𝑡ℎ 𝜆𝜇𝑚 

 

The values for 𝑘(𝜆𝜇𝑚) are available in Table 1 within the journal, and they are averaged 

from the different extinction coefficients reported in the fifty-eight different articles and 

books on the selected wavelengths in the table. The averaged extinction coefficients for 

wavelengths 750, 800, and 850 𝑛𝑚 can be directly obtained from Table 1 within the 
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journal, and they are 1.56 × 10−7, 1.25 × 10−7 and 2.93 × 10−7respectively. Close 

examination of Figure 2 within the journal reveals that the averaged extinction 

coefficients for these three wavelengths are not too far off from the reported values from 

two other articles. The extinction coefficient for 690 𝑛𝑚 is not reported within Table 1 of 

the journal. However, this value can be approximated through linear interpolation with 

the available extinction coefficients in Table 1 of the journal whose wavelengths are 

closest to 690 𝑛𝑚. The two available wavelengths that are closest to 690 𝑛𝑚 are 675 𝑛𝑚 

and 700 𝑛𝑚 and their corresponding extinction coefficients are 2.23 × 10−8 and 

3.35 × 10−8 respectively. The extinction coefficient at 690 𝑛𝑚 can then be approximated 

using the method below: 

 
𝑘(690 𝑚𝑚) =  

0.690 𝜇𝑚 − 0.675 𝜇𝑚

(
0.700 𝜇𝑚 − 0.675 𝜇𝑚

𝑘(0.700 𝜇𝑚) − 𝑘(0.675 𝜇𝑚)
)

+ 𝑘(0.675 𝜇𝑚) 

𝑘(0.690 𝜇𝑚) =  
0.15 

(
0.25 

3.35 × 10−8 − 2.23 × 10−8)
+ 2.23 × 10−8 = 2.902 × 10−8 

(63) 

With the extinction coefficients available at all four wavelengths, the absorption spectrum 

can be computed using Equation 62 with the results tabulated below: 

Table 6 Absorption coefficient of water at four respective wavelengths 

Wavelength (nm) 𝜇𝑎𝐻20
(𝜆)(𝑚𝑚−1) 

690 0.00052852 

750 0.00261381 

800 0.00196350 

850 0.00433170 

The total absorption coefficient that is to be expected from a liquid phantom can be 

deconstructed into contributions from each of the constituents used in its synthesis [61]. 

Since the liquid phantoms in this study are synthesised from Intralipid 20%, diluted India 

ink, and water, the total absorption coefficient for each liquid phantom can be expressed 

as follows: 

 𝝁𝒂𝑷𝒉𝒂𝒏𝒕𝒐𝒎
(𝝀) (𝒎𝒎−𝟏)  =  𝝁𝒂𝑰𝒏𝒌

 (𝝀) + 𝝁𝒂𝑯𝟐𝟎,𝑷𝒉𝒂𝒏𝒕𝒐𝒎
  (𝝀) + 𝝁𝒂𝑰𝒏𝒕𝒓𝒂𝒍𝒊𝒑𝒊𝒅

 (𝝀)  (64) 
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 𝝁𝒂𝑰𝒏𝒌
 (𝝀)(𝒎𝒎−𝟏) = (𝑮𝒊𝒏𝒌(𝝀) ∗ 𝑴𝑪𝑷𝒖𝒓𝒆 𝑰𝒏𝒌) + 𝑰𝒊𝒏𝒌(𝝀) (65) 

 𝝁𝒂𝑯𝟐𝟎,𝑷𝒉𝒂𝒏𝒕𝒐𝒎
 (𝝀) = 𝑴𝑪𝑾𝒂𝒕𝒆𝒓 ∗ 𝝁𝒂𝑯𝟐𝟎

(𝝀𝒏𝒎) 

𝑴𝑪𝑾𝒂𝒕𝒆𝒓 =
𝑀𝑎𝑠𝑠 𝑜𝑓 𝑤𝑎𝑡𝑒𝑟 𝑖𝑛 𝑙𝑖𝑞𝑢𝑖𝑑 𝑝ℎ𝑎𝑛𝑡𝑜𝑚 (𝑔)

𝑇𝑜𝑡𝑎𝑙 𝑚𝑎𝑠𝑠 𝑜𝑓 𝑙𝑖𝑞𝑢𝑖𝑑 𝑝ℎ𝑎𝑛𝑡𝑜𝑚 (𝑔) 
  

(66) 

 𝝁𝒂𝑰𝒏𝒕𝒓𝒂𝒍𝒊𝒑𝒊𝒅
 (𝝀) =  𝜺𝑰𝒏𝒕𝒓𝒂𝒍𝒊𝒑𝒊𝒅(𝝀) ∗ 𝑪𝑰𝒏𝒕𝒓𝒂𝒍𝒊𝒑𝒊𝒅 

𝜺𝑰𝒏𝒕𝒓𝒂𝒍𝒊𝒑𝒊𝒅(𝝀) =  𝑀𝑜𝑙𝑎𝑟 𝑒𝑥𝑡𝑖𝑛𝑐𝑡𝑖𝑜𝑛 𝑐𝑜𝑒𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑡 𝑜𝑓 𝐼𝑛𝑡𝑟𝑎𝑙𝑖𝑝𝑖𝑑 20% 𝑎𝑡 𝜆(𝑀𝑜𝑙−1𝑚𝑚−1) 

𝑪𝑰𝒏𝒕𝒓𝒂𝒍𝒊𝒑𝒊𝒅 = 𝐶𝑜𝑛𝑐𝑒𝑛𝑡𝑟𝑎𝑡𝑖𝑜𝑛 𝑜𝑓 𝐼𝑛𝑡𝑟𝑎𝑙𝑖𝑝𝑖𝑑 20% 𝑖𝑛 𝑝ℎ𝑎𝑛𝑡𝑜𝑚 (𝑀𝑜𝑙) 

(67) 

According to the results reported by the authors in [61], on the wavelength of 750 𝑛𝑚, 

𝜀𝐼𝑛𝑡𝑟𝑎𝑙𝑖𝑝𝑖𝑑(750 𝑛𝑚)  ≈  𝜇𝑎𝐻20,𝑃ℎ𝑎𝑛𝑡𝑜𝑚
 (750 𝑛𝑚). Additionally, the molar extinction of 

diluted India ink was reported to be at least 10000 times larger than that of water on the 

wavelength of 750 𝑛𝑚. Given that all of the liquid phantoms in this study will contain 

diluted India ink within its mixture, the 𝜇𝑎𝐼𝑛𝑡𝑟𝑎𝑙𝑖𝑝𝑖𝑑
 (𝜆) in Equation 64 is ignored due to the 

negligible contribution of absorption from Intralipid 20% to the liquid phantom's total 

absorption coefficient. This modifies Equation 64 to: 

 𝝁𝒂𝑷𝒉𝒂𝒏𝒕𝒐𝒎
(𝝀)   =  𝝁𝒂𝑰𝒏𝒌

 (𝝀) + 𝝁𝒂𝑯𝟐𝟎,𝑷𝒉𝒂𝒏𝒕𝒐𝒎
(𝝀)  (68) 

 𝝁𝒂𝑷𝒉𝒂𝒏𝒕𝒐𝒎
(𝝀)  =  (𝑮𝒊𝒏𝒌(𝝀) ∗ 𝑴𝑪𝑷𝒖𝒓𝒆 𝑰𝒏𝒌) + 𝑰𝒊𝒏𝒌(𝝀) + (𝑴𝑪𝑾𝒂𝒕𝒆𝒓 ∗ 𝝁𝒂𝑯𝟐𝟎

(𝝀)) (69) 

As seen in Equation 69, the absorption coefficient of a liquid phantom depends 

primarily on two of its components, the mass concentrations of ink and water within the 

mixture. At this stage, the total volume of the liquid phantoms has not been established. 

Without knowledge on the total volume of water to be added to the liquid phantoms, the 

𝑀𝐶𝑊𝑎𝑡𝑒𝑟 parameter – which is required for the calculation of 𝜇𝑎𝑃ℎ𝑎𝑛𝑡𝑜𝑚
(𝜆) – can not be 

calculated. In the following section, steps describing the preparation of the liquid 

phantoms will be outlined. With knowledge of the total volume of water that is to be 

added to the liquid phantoms decided upon then, can 𝑀𝐶𝑃𝑢𝑟𝑒 𝐼𝑛𝑘 be determined. 
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3.1.5. Preparation of liquid phantoms 

It has been established in section 3.1.1 that liquid phantoms within the reduced 

scattering range of 0.8 𝑚𝑚−1 and 1.5 𝑚𝑚−1 and absorption range of 0.02 𝑚𝑚−1 and 

0.071 𝑚𝑚−1 will need to be prepared at 700 𝑛𝑚 (approximated to apply to 690 𝑛𝑚 in this 

study) to acquire reflectance measurements covering the different variants of tissues 

that are to be expected during the screening for breast cancer, necessary for training the 

ANN model. Section 3.1.2 shows that the lower and upper bounds for the reduced 

scattering coefficients can be simulated by having a liquid phantom with 0.73501% of 

scattering particles – from pure Intralipid 20% – within its solution and another one with 

1.3781% of scattering particles for simulating the upper bound. As for the upper and 

lower bounds for the absorption coefficients, the total volume of water that is to be added 

to the liquid phantoms will need to be identified first. The upper and lower bounds should 

be set such that the absorption coefficients to be expected from the different tissue 

variants present during breast cancer screening are inclusive. 

A custom acrylic box was manufactured to hold the liquid phantom mixtures. The 

box has dimensions of 15 × 15 × 15 𝑐𝑚, and it was decided that the liquid phantoms 

that are to be prepared within the acrylic box contain 1900 𝑚𝑙 of distilled water, prior to 

adding Intralipid 20% or India ink, to ensure a proper simulation of a semi-infinite during 

reflectance measurement. According to Table 3, simulating the lowest scattering 

coefficient required, the liquid phantom is required to have a reduced scattering 

coefficient of 0.8 𝑚𝑚−1 at 700 𝑛𝑚. Using Equations 53 and 54, this translates to a liquid 

phantom mixture having 0.73501% of scattering particles. Say that it was decided that 

36 𝑚𝑙 of pure Intralipid 20% was mixed with the 1900 𝑚𝑙 of distilled water to simulate the 

lowest reduce scattering coefficient. The volume concentration of scatterers within the 

liquid phantom can be calculated as follows: 

 
Φ𝑝   =  

36 𝑚𝑙

1900 𝑚𝑙 +  36 𝑚𝑙
 ∗ 22.7% =  0.4221%  

With the volume concentration of scatterers known, the reduced scattering coefficient of 

the liquid phantom with 36 𝑚𝑙 of pure Intralipid 20% added at 700 𝑛𝑚 can be calculated 

using Equations 53 and 54: 
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 𝜇𝑠,𝑝𝑢𝑟𝑒
′ (700)  = (−76.7 + 1.71 × 105 ∗ 700−0.957) ∗ 0.1 = 24.7071 𝑚𝑚−1  

 𝜇𝑠,𝑑𝑖𝑙𝑢𝑡𝑒
′ (700) =  24.7071 𝑚𝑚−1 ∗

0.004221

0.227
= 0.4594  𝑚𝑚−1  

The results show that when 36 𝑚𝑙 of pure Intralipid 20% is mixed with the 1900 𝑚𝑙 of 

distilled water, the resulting reduced scattering coefficient of 0.4594  𝑚𝑚−1 is lower than 

the minimum reduced scattering coefficient of 0.8  𝑚𝑚−1 at 700 𝑛𝑚, required for 

reflectance measurement. 36 𝑚𝑙 will be set as a placeholder the minimum volume of 

Intralipid 20% necessary for the phantom study. To simulate the maximum reduced 

scattering coefficient required, say that 150 𝑚𝑙 is to be added to another liquid phantom 

containing 1900 𝑚𝑙 of distilled water. Using the similar approach in calculating for the 

reduced scattering coefficient for the liquid phantom with 36 𝑚𝑙 of added Intralipid 20%, 

the reduced scattering coefficient for the liquid phantom with 150 𝑚𝑙 of added Intralipid 

20% can be computed as follows: 

 
Φ𝑝   =  

150 𝑚𝑙

1900 𝑚𝑙 +  150 𝑚𝑙
 ∗ 22.7% =  1.661%  

 
𝜇𝑠,𝑑𝑖𝑙𝑢𝑡𝑒

′ (700) =  24.7071 𝑚𝑚−1 ∗
0.01661

0.227
= 1.8081 𝑚𝑚−1  

The results show that the addition of 150 𝑚𝑙 of Intralipid 20% results in a liquid phantom 

with reduced scattering coefficient of 1.8081 𝑚𝑚−1 at 700 𝑛𝑚, higher than the maximum 

requirement of 1.5 𝑚𝑚−1. Hence, 150 𝑚𝑙 of Intralipid 20% will be set as the placeholder 

for the maximum volume that is to be added to simulate the maximum reduced 

scattering coefficient required for the study. 

A diluted ink solution of 10% was prepared by mixing 270 𝑚𝑙 of distilled water 

with 30 𝑚𝑙 of pure India ink, pipetted from the same batch whose absorption spectrum 

was established in Table 6. Absorption coefficients calibration of the liquid phantoms in 

this study will be performed using the 10% diluted ink sample instead of pure ink to 

enable more refined calibrations with the tools available. To simulate the maximum and 

minimum absorption coefficients that are to be expected during breast cancer screening, 

liquid phantoms with a minimum absorption coefficient of 0.02 𝑚𝑚−1 and a maximum of 
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0.071 𝑚𝑚−1 at 700 𝑛𝑚 will need to be synthesised for reflectance measurements This 

value can be computed using Equation 69 with knowledge of the 𝑀𝐶𝑃𝑢𝑟𝑒 𝐼𝑛𝑘 and 

𝑀𝐶𝑊𝑎𝑡𝑒𝑟 parameters. Given the absence of transmittance measurements at 700 𝑛𝑚 for 

diluted ink, 𝐺𝑖𝑛𝑘(700 𝑛𝑚) ≈ 𝐺𝑖𝑛𝑘(690 𝑛𝑚) and 𝐼𝑖𝑛𝑘(700 𝑛𝑚) ≈ 𝐼𝑖𝑛𝑘(690 𝑛𝑚) in Equation 

57. With the use of the 10% diluted ink sample and the addition of Intralipid 20% to the 

liquid phantom solutions, the 𝑀𝐶𝑊𝑎𝑡𝑒𝑟 term in Equation 69 will have to be slightly 

modified to include the contribution of water from pure Intralipid 20% and the 10% 

diluted ink sample. 

 𝑴𝑪𝑾𝒂𝒕𝒆𝒓 = 𝑴𝑪𝒃𝒂𝒔𝒆
𝑾𝒂𝒕𝒆𝒓 + 𝑴𝑪𝑰𝒏𝒕𝒓𝒂𝒍𝒊𝒑𝒊𝒅 𝟐𝟎%

𝑾𝒂𝒕𝒆𝒓 + 𝑴𝑪𝑫𝒊𝒍𝒖𝒕𝒆 𝑰𝒏𝒌
𝑾𝒂𝒕𝒆𝒓  (70) 

 
𝑀𝐶𝑏𝑎𝑠𝑒

𝑊𝑎𝑡𝑒𝑟 =  
1900 (𝑚𝑙)

1000 ∗ 𝑀𝐿𝑃 (𝑘𝑔)
  

 
𝑀𝐶𝐼𝑛𝑡𝑟𝑎𝑙𝑖𝑝𝑖𝑑 20%

𝑊𝑎𝑡𝑒𝑟 =  
𝑉𝐼𝑡𝑟𝑙𝑝𝑑 20%(𝑚𝑙) − (𝑉𝐼𝑡𝑟𝑙𝑝𝑑 20%(𝑚𝑙) ∗ 0.227 ∗ 0.988) 

1000 ∗ 𝑀𝐿𝑃 (𝑘𝑔)
  

 
𝑀𝐶𝐷𝑖𝑙𝑢𝑡𝑒 𝐼𝑛𝑘

𝑊𝑎𝑡𝑒𝑟 = 
𝑉𝐷𝑖𝑙 𝐼𝑛𝑘(𝑚𝑙) − (𝑉𝐷𝑖𝑙 𝐼𝑛𝑘(𝑚𝑙) ∗ 0.1) 

1000 ∗ 𝑀𝐿𝑃 (𝑘𝑔)
  

 𝑀𝐿𝑃 (𝑘𝑔) = 𝑇𝑜𝑡𝑎𝑙 𝑚𝑎𝑠𝑠 𝑜𝑓 𝑙𝑖𝑞𝑢𝑖𝑑 𝑝ℎ𝑎𝑛𝑡𝑜𝑚 

𝑉𝐼𝑡𝑟𝑙𝑝𝑑 20%(𝑚𝑙) = 𝑉𝑜𝑙𝑢𝑚𝑒 𝑜𝑓 𝐼𝑛𝑡𝑟𝑎𝑙𝑖𝑝𝑖𝑑 20% 𝑎𝑑𝑑𝑒𝑑 𝑡𝑜 𝑙𝑖𝑞𝑢𝑖𝑑 𝑝ℎ𝑎𝑛𝑡𝑜𝑚 

𝑉𝐷𝑖𝑙 𝐼𝑛𝑘(𝑚𝑙) = 𝑉𝑜𝑙𝑢𝑚𝑒 𝑜𝑓 10% 𝑑𝑖𝑙𝑢𝑡𝑒𝑑 𝑖𝑛𝑘 𝑎𝑑𝑑𝑒𝑑 𝑡𝑜 𝑙𝑖𝑞𝑢𝑖𝑑 𝑝ℎ𝑎𝑛𝑡𝑜𝑚 

 

The total mass of a liquid phantom can be calculated by adding all its constituents' 

individual masses. Given that every liquid phantom will contain 1900 𝑚𝑙 of distilled 

water, this constitutes to 1.9 𝑘𝑔 in mass. Then the volume of ink added to the liquid 

phantom is also approximated to have a density similar to that of water. Hence, the 

mass contribution from the addition of diluted ink to the mixture is the total volume of 

diluted ink added. Intralipid 20% contains 20% (w/w) soybean oil and emulsified (1.2% 

w/w egg lecithin) in water, constituting to 22.7% of scattering particles within its emulsion 

[58]. These scattering particles have a relative density of 0.988 with respect to water 

[62]. The mass for a given volume of Intralipid 20% added to the liquid phantom can be 

calculated by first identifying the total mass off scattering particles within the added 

volume and then subtracting it from the total volume added to obtain the mass of water 
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contributed from the emulsion. Hence, the mass of liquid phantom term 𝑀𝐿𝑃 (𝑘𝑔) 

expressed in 𝑀𝐶𝑏𝑎𝑠𝑒
𝑊𝑎𝑡𝑒𝑟,  𝑀𝐶𝐼𝑛𝑡𝑟𝑎𝑙𝑖𝑝𝑖𝑑 20%

𝑊𝑎𝑡𝑒𝑟 , and 𝑀𝐶𝐷𝑖𝑙𝑢𝑡𝑒 𝐼𝑛𝑘
𝑊𝑎𝑡𝑒𝑟  in Equation 70 can be 

expressed as: 

 
𝑀𝐿𝑃 (𝑘𝑔) = 1.9 + 

𝑉𝐷𝑖𝑙 𝐼𝑛𝑘(𝑚𝑙)

1000
+

(𝑉𝐼𝑡𝑟𝑙𝑝𝑑 20%(𝑚𝑙) ∗ 0.227 ∗ 0.988)

1000
+

(𝑉𝐼𝑡𝑟𝑙𝑝𝑑 20%(𝑚𝑙) ∗ 0.773)

1000
  

As discussed, liquid phantoms with absorption coefficients of 0.02 𝑚𝑚−1 and 

0.071 𝑚𝑚−1 700 𝑛𝑚 will need to be synthesised for reflectance measurements. Using 

Equation 69 and 70, the volume of added 10% diluted ink to a liquid phantom will need 

to be at least 2.57 𝑚𝑙 to simulate an absorption coefficient of 0.02 𝑚𝑚−1 and 9.44 𝑚𝑙 to 

simulate 0.071 𝑚𝑚−1 at 700 𝑛𝑚. However, when reflectance measurements were 

collected from liquid phantoms, with added ink dilutions above 3 𝑚𝑙 from a trial run, it 

was discovered that the signal-to-noise ratios of the measured reflectance signals for 

phantoms, with diluted ink volumes larger than 3 𝑚𝑙, are extremely low and difficult to 

differentiate. This could be attributed to the comparatively lower power output of the NIR 

LEDs used in the DOB Scan Probe instead of the higher power LEDs used in other CW 

DOT systems presented in Chapter 2. Before the verification of this assumption, the 

study will continue with the maximum volume of diluted ink added to the liquid phantom 

set to be at 2.8 𝑚𝑙, corresponding to a simulated absorption coefficient of 0.021 𝑚𝑚−1 at 

700 𝑛𝑚.  

Starting from 36 𝑚𝑙 of Intralipid 20% required to synthesize a liquid phantom with 

the minimum reduced scattering coefficient up to 150 𝑚𝑙 of Intralipid 20% required to 

synthesize a liquid phantom with the maximum reduced scattering coefficient, liquid 

phantoms between these bounds are prepared with Intralipid 20% increments of 9 𝑚𝑙. 

This equates to a total of 13 types of liquid phantoms with Intralipid 20% volumes of 
[36, 45, 54, 63, 72, 81, 90, 99, 108, 117, 126, 135, 144 ] 𝑚𝑙 added to their mixture. Within 

each reduced scattering class, an additional seven liquid phantoms with similarly 

reduced scattering coefficients are synthesized with varying volumes of 10% diluted ink 

solutions, ranging from [0.4, 0.8, 1.2, 1.6, 2.0, 2.4, 2.8] 𝑚𝑙 added to the mixture. However, 

due to time restrictions, not all reduced scattering options listed can be simulated and 

reflectance measured in time. Instead of 13 different reduced scattering mediums, the 

study will only explore 9 reduced scattering mediums of 
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[36, 45, 54, 63, 72, 81,90,117, 126, 144 ] 𝑚𝑙 for reflectance measurements, giving a total of 

10(𝐼𝑛𝑡𝑟𝑎𝑙𝑖𝑝𝑖𝑑 20%) × 7(𝐷𝑖𝑙𝑢𝑡𝑒 𝐼𝑛𝑘) = 70 liquid phantoms, each with a unique permutation of 

𝜇𝑠′ and 𝜇𝑎 values for reflectance measurements. Their unique permutations are shown 

in Table 7, with their corresponding 𝜇𝑠′ and 𝜇𝑎 values. All 70 phantoms in Table 7 are 

prepared using 1900 𝑚𝑙 of distilled water as its solvent. 

Table 7  Optical properties of liquid phantoms synthesized for reflectance measurements. 

Intralipid (𝑚𝑙) Dil. Ink (𝑚𝑙) 𝜇𝑠′ (𝑚𝑚−1) 𝜇𝑎(𝑚𝑚−1) Intralipid (𝑚𝑙) Dil. Ink (𝑚𝑙) 𝜇𝑠′(𝑚𝑚−1) 𝜇𝑎(𝑚𝑚−1) 

36 0.4 0.46768 0.00446 81 0.4 1.02838 0.00439 

36 0.8 0.46758 0.00742 81 0.8 1.02817 0.00728 

36 1.2 0.46749 0.01037 81 1.2 1.02797 0.01017 

36 1.6 0.46739 0.01333 81 1.6 1.02776 0.01306 

36 2.0 0.46729 0.01629 81 2.0 1.02755 0.01596 

36 2.4 0.46720 0.01925 81 2.4 1.02734 0.01885 

36 2.8 0.46710 0.02221 81 2.8 1.02714 0.02174 

45 0.4 0.58189 0.00444 90 0.4 1.13748 0.00437 

45 0.8 0.58178 0.00739 90 0.8 1.13725 0.00725 

45 1.2 0.58166 0.01033 90 1.2 1.13702 0.01013 

45 1.6 0.58154 0.01328 90 1.6 1.13679 0.01301 

45 2.0 0.58142 0.01622 90 2.0 1.13656 0.01589 

45 2.4 0.58130 0.01917 90 2.4 1.13634 0.01877 

45 2.8 0.58118 0.02212 90 2.8 1.13611 0.02165 

54 0.4 0.69506 0.00390 117 0.4 1.45893 0.00433 

54 0.8 0.69506 0.00443 117 0.8 1.45864 0.00717 

54 1.2 0.69492 0.00736 117 1.2 1.45835 0.01001 

54 1.6 0.69477 0.01029 117 1.6 1.45806 0.01286 

54 2.0 0.69463 0.01322 117 2.0 1.45778 0.01570 

54 2.4 0.69449 0.01616 117 2.4 1.45749 0.01854 

54 2.8 0.69435 0.01909 117 2.8 1.45720 0.02138 

63 0.4 0.80718 0.00441 126 0.4 1.56418 0.00432 

63 0.8 0.80702 0.00733 126 0.8 1.56387 0.00715 

63 1.2 0.80686 0.01025 126 1.2 1.56356 0.00998 

63 1.6 0.80669 0.01317 126 1.6 1.56325 0.01280 

63 2.0 0.80653 0.01609 126 2.0 1.56294 0.01563 

63 2.4 0.80636 0.01901 126 2.4 1.56264 0.01846 

63 2.8 0.80620 0.02193 126 2.8 1.56233 0.02129 

72 0.4 0.91829 0.00440 144 0.4 1.77189 0.00429 

72 0.8 0.91810 0.00731 144 0.8 1.77155 0.00710 

72 1.2 0.91791 0.01021 144 1.2 1.77120 0.00990 

72 1.6 0.91773 0.01312 144 1.6 1.77085 0.01270 

72 2.0 0.91754 0.01602 144 2.0 1.77051 0.01551 
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72 2.4 0.91736 0.01893 144 2.4 1.77016 0.01831 

72 2.8 0.91717 0.02183 144 2.8 1.76982 0.02111 

 

3.2. Training data collection and preparation 

In this subsection, the setup process and tools used for the collection of 

reflectance measurements from all 70 liquid phantoms will be outlined and defined. 

Software parameter inputs to a user interface controlling the NIR LEDs’ output intensities 

and optical integration time settings controlling the linear CCD sensor's exposure time 

will be presented in greater detail in Section 3.2.2. Finally, the motivation behind the 

need for a linear reflectance rescaling model is provided with its rescaling accuracy 

analyzed. 

3.2.1. Hardware setup 

As mentioned, the liquid phantom mixture is housed within a transparent acrylic 

box with dimensions of 0.15 𝑚 × 0.15 𝑚 × 0.15 𝑚. Distilled water is first added to the box 

using a glass beaker, whose total mass of 1.9 𝑘𝑔 was measured using a kitchen 

weighing scale. Then, emulsions of Intralipid 20% were pipetted into the box using a 

MICROLIT RBO 1 − 10 𝑚𝑙 pipette with a calibrated error of 3 %, according to the volume 

of Intralipid 20% required for each of the 70 batches listed in Table 7. In the last step, 

10% diluted ink solutions are pipetted into the box using the MICROLIT RBO 20 − 200𝜇𝐿 

pipette previously used for ink calibration. The mixture is then stirred using a glass rod 

for approximately 2  minutes to ensure a homogeneous mixture between the 3 

constituents is attained. 

During data collection, the DOB Scan Probe is to be partially submerged into the 

liquid phantom solution to ensure that the interrogating end of the DOB Scan Probe is in 

direct contact with the homogenous solution. This step is performed to ensure that the 

reflectance measurements will not be affected by air gaps that may exist between the 

face of the DOB Scan Probe and the surface of the liquid phantoms during reflectance 

measurements. However, water resistance was not an aspect that was implemented in 

its design. To prevent any water damage from happening during reflectance 

measurements, the interrogating end of the DOB Scan Probe is water sealed using clear 
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cellophane tapes and hot glue applications to the seams where seepage is most likely to 

occur. It is to be noted that the addition of the transparent cellophane tape layer may 

alter the original optical characteristics of the under-test material, ultimately affecting the 

accuracy of the optical properties predicted using the ANN model. The difference in 

reflectance measurements instigated by the addition of cellophane tape as a means for 

water-repelling will be studied and the results presented in Chapter 5. When the 

interrogating end of the probe is completely sealed, it is submerged ~ 3𝑚𝑚 deep into a 

distilled water-filled acrylic box for 30 𝑚𝑖𝑛𝑢𝑡𝑒𝑠 without connection to any power source to 

assess the quality of the seal. Once it has been verified through visual inspection that 

there are no water seepage into the probe after the 30 𝑚𝑖𝑛𝑢𝑡𝑒 submersion, only then will 

the reflectance measurements commence. 

 
Figure 21  DOB Scan Probe's interrogating end wrapped with cellophane tape 

for water resistance. 
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Figure 22  DOB Scan Probe partially submerged in liquid phantom contained in 

an acrylic box. 

3.2.2. Data collection procedure 

A custom user interface designed specifically for the DOB Scan Probe allows 

users to manually adjust the NIR LEDs' output intensities and the linear CCD sensor's 

optical integration time through parameters set in the software. The software enables 

users to individually modify the intensities of all 8 NIR LEDs – 4 NIR LEDs of different 

wavelengths encapsulated within each eLED at either end of the probe’s interrogating 

side – that are directly controlled through a TLC5916IDR LED driver from Texas 

Instruments. The adjustments of the NIR LEDs intensities (SI) ensures that the under-

test sample is sufficiently illuminated during reflectance measurements and not over 

saturated with light (loss of information) or weakly illuminated (low signal-to-noise ratio). 

The ability to control the optical integration time (ET) of the CCD sensor provides the 

users with an additional level of control over the measured reflectance profile. If even the 

highest intensity settings on the NIR LEDs result in a reflectance profile that is very low 

in intensity, the ET parameter can be increased to allow for the detection of more light at 

low intensity, increasing the signal-to-noise ratio of the measured reflectance. When 
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reflectance measurements are performed, the ET and SI values are manually adjusted 

such that the resulting reflectance for the first-pixel value measured from the medium of 

interest is just below the CCD saturation point. This “ideal” setting for ET and SI ensures 

that a reflectance measurement with a high signal-to-noise ratio is attained to predict 

optical properties. 

 
Figure 23  Raw reflectance measurements from eLED1 for different SI values 

taken from liquid phantom with 144 ml of Intralipid 20% and 2.8 ml of 
10% diluted ink solution. 

 
Figure 24  Normalized reflectance measurements from eLED1 for different SI 

values taken from liquid phantom with 144 ml of Intralipid 20% and 
2.8 ml of 10% diluted ink solution. 
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Looking at the normalized reflectance measurements in Figure 24, it can be observed 

that when the SI value decreases for a fixed ET setting, the shape of the normalized 

reflectance measurement changes as more information is lost with fewer photons being 

detected by the sensor. The loss in reflectance information is apparent based on the 

difference between the first and last pixel's reflectance values. Additionally, a lower 

signal-to-noise ratio is to be expected at lower intensities. This can be demonstrated by 

first applying a moving average filter to the normalized reflectance measurements for 

each of the reflectance curves in Figure 24 and taking the absolute difference between 

the smoothed reflectance curves and their corresponding original, unsmoothed 

counterpart in Figure 24. 

 
𝑻𝒐𝒕𝒂𝒍 𝒆𝒓𝒓𝒐𝒓 =  ∑ 𝒂𝒃𝒔(𝑷𝒊𝒙𝒆𝒍𝒏

𝑶𝒓𝒊𝒈𝒊𝒏𝒂𝒍
− 𝑷𝒊𝒙𝒆𝒍𝒏

𝑺𝒎𝒐𝒐𝒕𝒉𝒆𝒅)

𝟏𝟐𝟖

𝒏=𝟏

 
(71) 

The plot of the total error described in Equation 71 as a function of increasing SI setting 

is of a decreasing trend, as demonstrated in the plot below: 

 
Figure 25  The total error between smoothed and unsmoothed reflectance 

measurements as a function of increasing SI 

The decreasing total error implies that the higher SI settings' original reflectance 

measurements are closer to their smoothed version, suggesting a comparatively lower 

random noise component within the measured reflectance signals from higher SI 

settings than lower SI settings. The plot below shows different reflectance profiles 
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collected at other ET and SI settings from a single liquid phantom. It serves to 

illustratively provide a clearer concept of an “ideal” reflectance measurement: 

 
Figure 26  Reflectance profiles that are considered to be saturated, ideal, 

acceptable, and too low. 

The ability to control the SI and ET values complicates the reflectance measurement 

process as reflectance curves of unique profiles can be collected from a single liquid 

phantom with fixed optical properties. A rescaling method is to be developed to 

“collapse” the different reflectance measurements of a single material at different ET and 

SI settings into a single reflectance curve whose profile is unique to its 𝜇𝑠′ and 𝜇𝑎 

parameters. The next subsection details the formulation and implementation of a linear 

rescaling model that serves to rectify this issue. 

3.2.3. Linear rescaling model 

To be able to compare reflectance profiles from different liquid phantoms on an 

equivalent scale, a rescaling method is required to remove the dependence of the raw 

reflectance measurements on the ET and SI settings. To arrive at such a rescaling 

model, an understanding of the effects of changing the ET and SI settings on the 

corresponding measured reflectance should first be established. As depicted in Figure 

12, the CCD is controlled by a PWM generator on the microcontroller. The 

microcontroller receives digital input signals from the host computer via a custom user 
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interface. The available range of settings for ET within the user interface is between 

1800 𝜇𝑠 and 20000 𝜇𝑠. According to the datasheet of the CCD, the output voltage rate – 

the change in the output voltage of the CCD under uniform lighting conditions – 

increases linearly with increasing ET. 

 
Figure 27  Output voltage rate of ILX511 CCD as a function of optical 

integration time. 

Since ET is proportional to the output voltage rate of a pixel, which describes the 

gradient of voltage increase at a fixed ET setting, a linear model can be developed to 

describe the relationship between ET and the correspondingly measured reflectance at 

each of the 128 pixels. 

 𝑹𝒆𝒕,𝒔𝒊 = 𝜶 ∗ 𝒆𝒕 ∗ 𝑹𝑬𝑻′(𝑺𝑰) (72) 

 𝑅𝑒𝑡,𝑠𝑖 = 𝑀𝑒𝑎𝑢𝑠𝑟𝑒𝑑 𝑟𝑒𝑓𝑙𝑒𝑐𝑡𝑎𝑛𝑐𝑒 𝑎𝑡 𝐸𝑇 = 𝑒𝑡 𝑎𝑛𝑑 𝑆𝐼 = 𝑠𝑖 

𝑅𝐸𝑇′(𝑆𝐼) = 𝑇ℎ𝑒 𝐸𝑇 𝑟𝑒𝑠𝑐𝑎𝑙𝑒𝑑 𝑟𝑒𝑓𝑙𝑒𝑐𝑡𝑎𝑛𝑐𝑒 𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑚𝑒𝑛𝑡 𝑡ℎ𝑎𝑡 𝑖𝑠 𝑠𝑡𝑖𝑙𝑙 𝑎 𝑓𝑢𝑛𝑐𝑡𝑖𝑜𝑛 𝑜𝑓 𝑆𝐼 

𝛼 = 𝑃𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟 𝑡𝑜 𝑏𝑒 𝑑𝑒𝑡𝑒𝑟𝑚𝑖𝑛𝑒𝑑 

 

Solving for 𝛼 first, two ET settings are selected from 

[5000, 7500, 10000, 12500, 15000, 17500, 20000] 𝜇𝑠 and a single SI setting selected from 

[192, 201, 210, 219, 228, 237, 246,255]. Reflectance measurements are then collected for 

the two ET settings, and they are used to solve for 𝛼. To better illustrate the process, say 
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that ET settings of 5000 𝜇𝑠 and 20000 𝜇𝑠 were selected, and an SI setting of 255 was 

selected for reflectance measurements. The reflectance measurements for all 128 pixels 

from an ET setting of 5000 𝜇𝑠 and SI setting of 255 can be labeled as 𝑅𝑛
𝐸𝑇=5000 ,𝑆𝐼=255 

and for the latter, ET setting labeled as 𝑅𝑛
𝐸𝑇=20000 ,𝑆𝐼=255, where 𝑛 ∈ [1,2,3,4,… ,128] pixel 

numbers. Considering first the reflectance response for pixel 𝑛 = 1, a system of 

equations can be established using Equation 72: 

 𝑹𝟏
𝑬𝑻=𝟓𝟎𝟎𝟎 ,𝑺𝑰=𝟐𝟓𝟓  = 𝜶 ∗ 𝟓𝟎𝟎𝟎 ∗ 𝑹𝟏

𝑬𝑻′
(𝑺𝑰 = 𝟐𝟓𝟓) (73) 

 𝑹𝟏
𝑬𝑻=𝟐𝟎𝟎𝟎𝟎 ,𝑺𝑰=𝟐𝟓𝟓  = 𝜶 ∗ 𝟐𝟎𝟎𝟎𝟎 ∗ 𝑹𝟏

𝑬𝑻′
(𝑺𝑰 = 𝟐𝟓𝟓) (74) 

 
→ 𝛼 =

𝑅1
𝐸𝑇=5000 ,𝑆𝐼=255

5000 ∗ 𝑅1
𝐸𝑇′

(𝑆𝐼 = 255)
=

𝑅1
𝐸𝑇=20000 ,𝑆𝐼=255

20000 ∗ 𝑅1
𝐸𝑇′

(𝑆𝐼 = 255)
 

→ 𝛼 ∗ 20000 ∗ 𝑅1
𝐸𝑇′

(𝑆𝐼 = 255) = 4 ∗ 𝑅1
𝐸𝑇=5000 ,𝑆𝐼=255 = 𝑅1

𝐸𝑇=20000 ,𝑆𝐼=255 

→ (𝛼 ∗ 20000 ∗ 𝑅1
𝐸𝑇′

(𝑆𝐼 = 255)) − 𝑅1
𝐸𝑇=20000 ,𝑆𝐼=255 = (4 ∗ 𝑅1

𝐸𝑇=5000 ,𝑆𝐼=255) − 𝑅1
𝐸𝑇=20000 ,𝑆𝐼=255 

→ (𝛼 ∗ 20000 ∗ 𝑅1
𝐸𝑇′

(𝑆𝐼 = 255)) = (4 ∗ 𝑅1
𝐸𝑇=5000 ,𝑆𝐼=255) 

→ 𝛼 =
(4 ∗ 𝑅1

𝐸𝑇=5000 ,𝑆𝐼=255)

(20000 ∗ 𝑅1
𝐸𝑇′

(𝑆𝐼 = 255))
=

𝑅1
𝐸𝑇=5000 ,𝑆𝐼=255

5000 ∗ 𝑅1
𝐸𝑇′

(𝑆𝐼 = 255)
 

 

Here, 𝑅1
𝐸𝑇′

(𝑆𝐼 = 255) represents a placeholder variable that serves to represent a 

reflectance measurement that is independent of different ET settings or that the 

reflectance measurement has been ET rescaled but is still a function SI. A critical 

assumption is then made that the ET rescaling method described in the series of 

equations above extends to all possible SI settings. This means that for a given SI 

setting, the change in measured reflectance for pixel 𝑛 = 1 is linearly related to ET. It 

can be then suggested that the explicit value for 𝑅1
𝐸𝑇′

(𝑆𝐼 = 255) is not of great 

importance and can be assumed to be a constant value. By setting 𝑅1
𝐸𝑇′

(𝑆𝐼 = 255) = 1, 

it implies that a unit change in the raw reflectance measured at pixel 𝑛 = 1 is directly 

proportional to a unit change in ET. The value for 𝛼 then computed represents the 

sensitivity of pixel 𝑛 = 1 to the current wavelength. 
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Next, the relationship between SI and the measured reflectance will be 

investigated. All 8 NIR LEDs' intensities are controlled through the TLC5916IDR LED 

driver from Texas Instruments. The user interface on the host PC contains 8 individual 

fields accepting digital inputs – SI values – ranging from 192 to 255, allowing for 

independent intensity control for all of the LEDs. According to page 23 of the LED 

driver’s datasheet, the output currents supplied to the LEDs are governed by the 

following equation: 

 𝑰𝒐𝒖𝒕 = 𝟎. 𝟎𝟎𝟎𝟗𝟒𝟓 + (𝟏. 𝟒𝟕𝟔𝟔 × 𝟏𝟎−𝟓 ∗ 𝑫) (75) 

 𝐷 = 𝑅𝑎𝑛𝑔𝑒𝑠 𝑏𝑒𝑡𝑤𝑒𝑒𝑛 0 𝑎𝑛𝑑 63 

𝑅𝐸𝑇′(𝑆𝐼) = 𝑇ℎ𝑒 𝐸𝑇 𝑟𝑒𝑠𝑐𝑎𝑙𝑒𝑑 𝑟𝑒𝑓𝑙𝑒𝑐𝑡𝑎𝑛𝑐𝑒 𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑚𝑒𝑛𝑡 𝑡ℎ𝑎𝑡 𝑖𝑠 𝑠𝑡𝑖𝑙𝑙 𝑎 𝑓𝑢𝑛𝑐𝑡𝑖𝑜𝑛 𝑜𝑓 𝑆𝐼 

𝐶𝑀 = 1 𝑎𝑛𝑑 𝐻𝐶 = 1 (𝑟𝑒𝑓𝑒𝑟 𝑡𝑜 𝑝𝑎𝑔𝑒 23 𝑜𝑓 𝑡ℎ𝑒 𝑇𝐿𝐶5916𝐼𝐷𝑅 𝑑𝑎𝑡𝑎𝑠ℎ𝑒𝑒𝑡) 

 

The D parameter in Equation 75 is the aforementioned digital inputs ranging from 192 to 

255 that the user sets. This also suggests that the relationship between the SI values 

and the output intensities of the NIR LEDs is linear. Hence, similar to the rescaling 

method for different ET settings, a linear model can also be used to rescale other 

reflectance measurements from different SI settings. Equation 72 is modified to include 

the linear rescaling model for SI as follows: 

 𝑹𝒆𝒕,𝒔𝒊 = 𝜶 ∗ 𝒆𝒕 ∗ ((𝜸 ∗ 𝒔𝒊) + 𝝃) ∗ 𝑹𝑬𝑻′,𝑺𝑰′ (76) 

 𝑅𝑒𝑡,𝑠𝑖 = 𝑀𝑒𝑎𝑢𝑠𝑟𝑒𝑑 𝑟𝑒𝑓𝑙𝑒𝑐𝑡𝑎𝑛𝑐𝑒 𝑎𝑡 𝐸𝑇 = 𝑒𝑡 𝑎𝑛𝑑 𝑆𝐼 = 𝑠𝑖 

𝑅𝐸𝑇′,𝑆𝐼′ = 𝑇ℎ𝑒 𝐸𝑇 𝑎𝑛𝑑 𝑆𝐼 𝑟𝑒𝑠𝑐𝑎𝑙𝑒𝑑 𝑟𝑒𝑓𝑙𝑒𝑐𝑡𝑎𝑛𝑐𝑒 𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑚𝑒𝑛𝑡  

𝛾, 𝜉 = 𝑃𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟𝑠 𝑡𝑜 𝑏𝑒 𝑑𝑒𝑡𝑒𝑟𝑚𝑖𝑛𝑒𝑑 

 

Here, two variables need to be solved for 𝛾 and 𝜉. Using a similar approach to solving for 

𝛼, first reflectance measurements are taken from a single liquid phantom at a fixed ET 

setting but different SI settings. For illustration purposes, ET will be set to 12500 𝜇𝑠, and 

the SI parameters are set to be 192 and 255. Let the reflectance measured for pixel 𝑛 =

1 at ET = 12500 𝜇𝑠 SI = 192 be labeled as 𝑅1
𝐸𝑇=12500 ,𝑆𝐼=192 and for the latter SI setting, 
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be 𝑅1
𝐸𝑇=12500 ,𝑆𝐼=255. Using 𝛼, 𝑅𝐸𝑇′

 can be first computed through 𝑅𝐸𝑇′
=

 
𝑅𝑒𝑡,𝑠𝑖

𝛼 ∗ 12500 𝜇𝑠⁄  then, 𝑅𝐸𝑇′ can be expressed to be directly proportional to 𝑅𝐸𝑇′,𝑆𝐼′ as 

follows: 

 𝑹𝑬𝑻′
= ((𝜸 ∗ 𝒔𝒊) + 𝝃) ∗ 𝑹𝑬𝑻′,𝑺𝑰′ (77) 

Using a system of equations, 𝛾 and 𝜉 can be solved for: 

 𝑹𝟏
𝑬𝑻′=𝟏𝟐𝟓𝟎𝟎 ,𝑺𝑰=𝟏𝟗𝟐  = ((𝜸 ∗ 𝟏𝟗𝟐) + 𝝃) ∗ 𝑹𝑬𝑻′,𝑺𝑰′ (78) 

 𝑹𝟏
𝑬𝑻′=𝟏𝟐𝟓𝟎𝟎 ,𝑺𝑰=𝟐𝟓𝟓  = ((𝜸 ∗ 𝟐𝟓𝟓) + 𝝃) ∗ 𝑹𝑬𝑻′,𝑺𝑰′ (79) 

 → 𝑅1
𝐸𝑇′=12500,𝑆𝐼=192  = ((𝛾 ∗ 192) + 𝜉) ∗ 𝑅𝐸𝑇′,𝑆𝐼′ 

→ 𝛾 = 

𝑅1
𝐸𝑇′=12500,𝑆𝐼=192

𝑅𝐸𝑇′,𝑆𝐼′
− 𝜉

192
 

→ 𝑅1
𝐸𝑇′=12500,𝑆𝐼=255  =

(

 
 

(

𝑅1
𝐸𝑇′=12500,𝑆𝐼=192

𝑅𝐸𝑇′,𝑆𝐼′
− 𝜉

192
∗ 255) + 𝜉

)

 
 

∗ 𝑅𝐸𝑇′,𝑆𝐼′ 

→ 𝑅1
𝐸𝑇′=12500,𝑆𝐼=255  = ((

255

192
∗

𝑅1
𝐸𝑇′=12500,𝑆𝐼=192

𝑅𝐸𝑇′,𝑆𝐼′
) −

21 ∗ 𝜉

64
) ∗ 𝑅𝐸𝑇′,𝑆𝐼′ 

→ 𝜉 = −
4096

1785
∗

𝑅1
𝐸𝑇′=12500,𝑆𝐼=255

𝑅1
𝐸𝑇′=12500,𝑆𝐼=192

  

→ 𝛾 = 

𝑅1
𝐸𝑇′=12500,𝑆𝐼=192

𝑅𝐸𝑇′,𝑆𝐼′
+ (

4096
1785

∗
𝑅1

𝐸𝑇′=12500,𝑆𝐼=255

𝑅1
𝐸𝑇′=12500,𝑆𝐼=192

)

192
 

 

The 𝑅𝐸𝑇′,𝑆𝐼′ term in 𝛾 signifies the reflectance measurement that is independent of 

different ET and SI settings or that it has been ET and SI rescaled. This value can be 

thought of as the “true” reflectance value that is unique to the material of the liquid 

phantom, and it is required for the computation of 𝛾. To obtain this value, two additional 
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critical assumptions are made. The first is that the fitting parameters 𝛼, 𝛾 and 𝜉 are the 

same for all 𝑛 ∈ [1,2,3,4,… ,128] and the second being that the theoretical reflectance 

measurement computed using Equation 22 for a given set of 𝜇𝑠
′  and 𝜇𝑎 at some distance 

𝜌 𝑚𝑚 away from a light source within which the diffusion approximation is valid is exactly 

the same as the true, rescaled reflectance measurement – 𝑅𝐸𝑇′,𝑆𝐼′ – expected to be 

measured from a pixel on the CCD at a similar distance away from either eLEDs. 

Following the second assumption, the first pixel on the CCD – at a distance of 15 𝑚𝑚 

away from eLED1 – where the diffusion approximation is valid – is selected to the pixel 

at which the 𝑅𝐸𝑇′,𝑆𝐼′ is assumed to be precisely similar to the theoretical reflectance 

computed using Equation 22 at a distance of 15 𝑚𝑚, with the optical properties of the 

liquid phantom from which 𝑅𝐸𝑇′,𝑆𝐼′ is measured and rescaled from.  

 

→ 𝛾 = 

𝑅1
𝐸𝑇′=12500,𝑆𝐼=192

𝑅𝑇ℎ𝑒𝑜(𝜌 = 15 , 𝜇𝑠
′ =  𝜇𝑠,𝐶

′ , 𝜇𝑎 = 𝜇𝑎,𝐶)
+ (

4096
1785

∗
𝑅1

𝐸𝑇′=12500,𝑆𝐼=255

𝑅1
𝐸𝑇′=12500,𝑆𝐼=192

)

192
 

 

 𝑅𝑇ℎ𝑒𝑜(𝜌 = 15 , 𝜇𝑠
′ = 𝜇𝑠,𝐶

′ , 𝜇𝑎 = 𝜇𝑎,𝐶) = 𝑇ℎ𝑒𝑜𝑟𝑒𝑡𝑖𝑐𝑎𝑙 𝑟𝑒𝑓𝑙𝑒𝑐𝑡𝑎𝑛𝑐𝑒 𝑐𝑎𝑙𝑐𝑢𝑙𝑎𝑡𝑒𝑑 

𝜇𝑠,𝐶
′ = 𝑅𝑒𝑑𝑢𝑐𝑒𝑑 𝑠𝑐𝑎𝑡𝑡𝑒𝑟𝑖𝑛𝑔 𝑐𝑜𝑒𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑡 𝑜𝑓 𝑐𝑢𝑟𝑟𝑒𝑛𝑡 𝑙𝑖𝑞𝑢𝑖𝑑 𝑝ℎ𝑎𝑛𝑡𝑜𝑚  

𝜇𝑎,𝐶 = 𝐴𝑏𝑠𝑜𝑟𝑝𝑡𝑖𝑜𝑛 𝑐𝑜𝑒𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑡 𝑜𝑓 𝑐𝑢𝑟𝑟𝑒𝑛𝑡 𝑙𝑖𝑞𝑢𝑖𝑑 𝑝ℎ𝑎𝑛𝑡𝑜𝑚 

 

With 𝛼, 𝛾 and 𝜉 all computed, the linear rescaling model for pixel 𝑛 = 1 is assumed to be 

precisely the same for all other pixels 𝑛 ∈ [2,3,4,… ,128], following the assumption that all 

pixels on the CCD behave similarly. 

Figure 28 shows the reflectance measurements for all 70 different liquid 

phantoms in Table 7 before rescaling. Each distinct color represents liquid phantoms of 

different reduced scattering coefficients. Different hues of the same color represent liquid 

phantoms with the same reduced scattering coefficient but different absorption 

coefficients. The darker the hue of a particular color, the higher the ink volume within the 

liquid phantom. 
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Figure 28  Raw reflectance measurements before rescaling. 

Figure 29 shows the reflectance measurements after rescaling using Equation 76. 

 
Figure 29  Rescaled reflectance measurements 

The following figure shows the accuracy of the linear rescaling model when applied to 

rescaling the reflectance measurements of liquid phantoms on the 690 𝑛𝑚 wavelengths 

for both eLEDs 1 and 2. The mean absolute percentage error (MAP) is used as the 

metric to represent the linear rescaling model’s performance, and it can be computed as 

follows: 
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𝑴𝑨𝑷 = 

𝒂𝒃𝒔(𝑹𝒆𝒇𝒍𝑹𝒆𝒔𝒄𝒂𝒍𝒆𝒅 − 𝑹𝒆𝒇𝒍𝑻𝒓𝒖𝒆)

𝑹𝒆𝒇𝒍𝑻𝒓𝒖𝒆
× 𝟏𝟎𝟎% (80) 

 𝑅𝑒𝑓𝑙𝑅𝑒𝑠𝑐𝑎𝑙𝑒𝑑 = 𝑅𝑒𝑠𝑐𝑎𝑙𝑒𝑑 𝑟𝑒𝑓𝑙𝑒𝑐𝑡𝑎𝑛𝑐𝑒 𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑚𝑒𝑛𝑡𝑠 𝑠ℎ𝑜𝑤𝑛 𝑖𝑛 𝐹𝑖𝑔𝑢𝑟𝑒 26 

𝑅𝑒𝑓𝑙𝑇𝑟𝑢𝑒 = 𝑇ℎ𝑒 𝑡𝑟𝑢𝑒 𝑟𝑒𝑠𝑐𝑎𝑙𝑒𝑑 𝑟𝑒𝑓𝑙𝑒𝑐𝑡𝑎𝑛𝑐𝑒 

 

 
Figure 30  Precision of linear rescaling model for 690nm on eLEDs 1 and 2 

An ideal rescaling model should rescale the different reflectance profiles measured from 

a single liquid phantom such that only a single profile exists for a single liquid phantom 

material. Referring back to Figure 28, this means that reflectance profiles belonging to a 

color of a specific hue should be rescaled into a single reflectance profile (i.e., rescaled 

from multiple reflectance profiles to a single profile). Different reflectance profiles exist 

for a liquid phantom with unique optical properties due to the different ET and SI settings 

available from the DOB Scan Probe’s software side. However, as observed in Figure 29, 

this is not the case. It can be observed that the rescaled reflectance measurements 

corresponding to a single material are indeed clustered closely together. Still, they are 

not overlapping each other such that only a single reflectance profile exists. Since the 

actual, rescaled reflectance profile/shape for each phantom material is not known due to 

the absence of an analytical model describing the spatial reflectance profile of the DOB 

Scan Probe, the best way to approximate the true reflectance profile unique to each 

phantom material, 𝑅𝑒𝑓𝑙𝑇𝑟𝑢𝑒, is to take a mean of all of the rescaled reflectance profiles 
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corresponding to that phantom material. The green reflectance profiles in Figure 31 are 

similar to the reflectance profiles observed in Figure 29, with saturated reflectance 

measurements removed. Saturated reflectance measurements are the reflectance 

profiles that have saturated reading (i.e., flat profiles) in their first few pixels. Reflectance 

profiles that have negative reflectance measurements within their last few pixels are also 

removed when plotting Figure 31. Negative reflectance measurements exist as a result 

of having higher ambient light measurements than the actual reflectance measurements 

of a particular medium. Ambient light measurements are performed in the absence of 

illumination from all NIR LEDs, while the DOB Scan Probe is in contact with the medium 

of interest. The red reflectance profiles observed within the green reflectance clusters 

are the averaged reflectance profiles corresponding to each cluster (i.e., corresponding 

to each unique liquid phantom). The computation of the MAP errors shown in Figure 30 

through Equation 80 uses the green reflectance profiles within each cluster as the 

𝑅𝑒𝑓𝑙𝑅𝑒𝑠𝑐𝑎𝑙𝑒𝑑 and the red reflectance profiles as 𝑅𝑒𝑓𝑙𝑇𝑟𝑢𝑒. 

 
Figure 31  Rescaled reflectance measurements and their mean 

The results in Figure 30 show that the linear rescaling model performs considerably well 

in rescaling the reflectance measurements that are closer to their respective light 

sources of origin. The further away a reflectance measurement is from its illuminating 

light source, the poorer the linear rescaling model's performance. As the intensity of the 

measured reflectance gets darker, the signal-to-noise ratio of the reflectance signal 

becomes lower due to the inherent dark noise of the CCD. It can also be observed in 
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Figure 30 that the rescaled MAP error for eLED2 is higher than that of eLED1. This is 

due to the lower optical power of eLED2, which is up to 50 % lower than eLED1, leading 

to an overall lower signal-to-noise ratio for its reflectance measurements. 

3.3. ANN model training 

The rescaled reflectance measurements from different ET and SI settings are 

taken from all 70 different liquid phantom mixtures outlined in Table 7 will be used to 

train an ANN model to predict optical properties. Reflectance measurements with 

saturated and negative reflectance readings will not be used to train the ANN model. 

Additionally, the reflectance measurements used for training, validation, and testing will 

be rescaled to be within 0 and 1. This study will only look into the prediction of optical 

properties using reflectance measurements from 690 𝑛𝑚 of eLED1 and eLED2. Once it 

is verified that the approach works well for 690 𝑛𝑚, it can be easily extended to other 

wavelengths. The total number of training, validation, and testing normalized reflectance 

measurements used for this study for the training of the ANN models that will be outlined 

in the following subsections for eLEDs 1 and 2 is summarized in Table 8. 

Table 8 Number of training, validation and testing data for the ANN models of each eLED. 

eLED 1 (690 nm) 2 (690 nm) 

Training 2698 3470 

Validation 142 183 

Testing 150 193 

The ANN models are implemented and trained on Python 3.7.7 using Keras 2.3.1 

toolbox that is based on the TensorFlow library of version 1.15.0. A smaller subset of 

ANN models will be trained with the parameters listed in Table 9, and the combined loss 

and activation functions resulting in the most accurate ANN model within this subset will 

be selected to train the remaining models. 

Table 9 Training parameters to be optimized for 

Training Parameters  

Loss function Mean squared error (MSE), Mean Absolute Percentage Error (MAP) 

Activation function Sigmoid, Hyperbolic tangent (tanh), and Rectified linear unit (relu) 
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3.3.1. Prediction from full reflectance curve 

The DOB Scan Probe measures 2048 discrete reflectance signals from a 

medium of interest. To increase the signal-to-noise, reflectance measurements from 

every 16 consecutive pixels are binned together, and their corresponding reflectance 

measurements averaged to a single reflectance value. This results in a total of 2048

16
=

128 bins/pixels of discrete reflectance measurements. An ANN model could be set up 

such that a pair of optical properties 𝜇𝑠
′  and 𝜇𝑎 is predicted by using all 128 discrete 

reflectance measurements. 

 
Figure 32  Prediction of optical properties using all 128 reflectance 

measurements 

The implementation of such an ANN structure directly assumes that the medium from 

which the reflectance measurements are obtained is homogenous as the model 

assumes one distinct set of optical properties and does not allow for spatial variation of 

𝜇𝑠
′  and 𝜇𝑎 spanning across all 128 pixels. While the assumption of homogeneity can be 

assumed to hold for the liquid phantoms, implying the same on biological tissues would 

not be entirely accurate. Additionally, to say that the breast tissue is a homogeneous 

medium in the presence of a malignant or benign tumor would result in a model that is 

able to differentiate a healthy breast from an abnormal one at best but unable to provide 

any information on its size or location. The inability to reconstruct a 2-D topographical 

map of the breast tissue outlining its cellular morphology due to the lack of spatial 
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information when using all 128 reflectance measurements for the prediction of optical 

properties is not in line with the intended purpose of the DOB Scan Probe. It for this 

reason that the method will not be explored in this study. 

3.3.2. Prediction from sub-sections of the reflectance curve 

Instead of having one set of optical properties predicted from 128 reflectance 

measurements, prediction of optical properties can be made from a smaller grouping of 

reflectance measurements. As an example, if a set of 𝜇𝑠
′  and 𝜇𝑎 is to be predicted from 

groupings of 4 reflectance measurements, 128

4
= 32 sets of optical properties could be 

predicted from a single reflectance measurement, providing the spatial information 

necessary for image reconstruction. 

 
Figure 33  Four input reflectance measurements per section 

In Figure 33, 32 unique ANN models are trained to predict 32 sets of optical properties 

from 128 reflectance measurements. The number of input reflectance measurements/ 

pixels used to predict the optical properties for each section can be varied. For instance, 

if all 128 discrete reflectance measurements were to be used for prediction, there would 

only be one section available. Optical properties predicted from a single section offers no 

spatial resolution for image reconstruction as no image can be reconstructed from a 

single 𝜇𝑠
′  or 𝜇𝑎 value. Spatial resolution can be increased by having lesser input 

reflectance measurements/ pixels per section. Having lesser input reflectance 

measurements per section however decreases the prediction accuracy of optical 

properties for each section as a result of having lesser information to work with. The 

relationship between the total number of input pixels per section and their corresponding 

prediction accuracy is further studied in Section 4.1.2.The prediction accuracy as a 
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function of the total number of input reflectance measurements per section will be 

studied for [4, 8, 16, 32, 𝑎𝑛𝑑 64] number of reflectance measurements at the input of the 

ANN model. 

 
Figure 34  Eight input reflectance measurements per section 

 
Figure 35  Sixteen input reflectance measurements per section 

Referring to Figure 32, aside from being able to vary the number of reflectance 

measurements in the input layer, the number of hidden units in the hidden layer could 

also be varied. Increasing the number of hidden units allows the ANN model to have a 

larger number of internal representations of the input data, improving the predicted 

output's accuracy. However, increasing the number of hidden units does not always 

guarantee a corresponding increase in prediction accuracy. This leaves the number of 

hidden units as a hyperparameter to be tuned through experimentation. In this study, the 

accuracies for ANN models with the number of hidden units that are 
[0.5, 1, 1.5, 2, 𝑎𝑛𝑑 2.5] times that of the number of input nodes will be trained with their 

corresponding prediction accuracies presented to aid the selection for an ideal value for 

implementation. Additionally, the total number of hidden layers can be varied as well. 
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Increasing the number of hidden layers between the input and output layers helps the 

ANN model better deal with highly nonlinear transformations. Like the number of hidden 

units, the total number of hidden layers will also be set as a hyperparameter that is to be 

tuned through experimentation. This study looks into the performances of ANN models 

with one and two hidden layers. For completeness, the number of hidden units in the 

second hidden layer – for ANN models having two hidden layers – will be varied with its 

impact on the model’s prediction accuracy reported. The number of hidden units in the 

second layer is set to be [0, 0.5, 𝑎𝑛𝑑 1] times that of the number of input nodes of the 

models with two hidden layers. 

To maximize the prediction accuracy from each section, normalized reflectance 

measurements selected for the prediction of optical properties are distributed among 

both eLEDs to ensure reflectance measurements with the highest signal-to-noise ratios 

are attained in each section. For example, say that an ANN model is selected to have 

eight input reflectance measurements per section used to predict optical properties. This 

gives a total of 128

8
= 16 sections and consequently 16 different ANN models trained for 

predicting optical properties. However, there is now a dilemma of which eLED’s 

reflectance to choose from. The reflectance measurements fed into all 16 ANN models 

can be taken either from eLEDs 1 or 2. However, this approach would be unwise based 

on an observation that can be drawn from Figure 31. The figure shows the various 

rescaled reflectance measurements taken using eLED 1’s 690 nm NIR LED from liquid 

phantoms of different optical properties. Each of the rescaled reflectance profiles that 

are unique to a single liquid phantom material should be distinguishable from other 

rescaled reflectance profiles belonging to other liquid phantoms. This distinction is more 

prominent for reflectance measurements that are closer to the light source – the left side 

of the figure – and becomes less noticeable the further away the reflectance 

measurements are from the light source. Extensive overlap between reflectance 

measurements from different liquid phantoms can be observed for pixel 128 in Figure 

31. The inability to distinguish reflectance curves belonging to different liquid phantoms 

would certainly affect the ANN or any other model’s ability to predict their corresponding 

optical properties simply due to the lack of distinguishing information. Figure 36 below 

shows the number of overlapping reflectance measurements computed for each section 

– with eight input reflectance measurements per section – when taken from either eLED 

1 or 2’s 690 𝑛𝑚 NIR LED. The total number of overlaps is calculated using the rescaled 
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reflectance measurements with saturated and negative reflectance values removed from 

the 70 unique liquid phantoms listed in Table 7. 

 
Figure 36  Number of overlaps between different reflectance measurements for 

different eLEDs 

Of the two distinct reflectance measurements to choose from, it would be sensible to 

select reflectance inputs having fewer overlaps between reflectance profiles of different 

materials to increase prediction accuracy. Looking at the results generated in Figure 36, 

the frequency of overlapping reflectance measurements increases as they are further 

away from either light source. Looking first to Section 1 in Figure 34 as an example, 

pixels n = 1 to 8 will be used for the prediction of optical properties for this section. 

Referring to Figure 36, the reflectance measurements from eLED1’s 690 nm NIR LED 

have fewer overlapping rescaled reflectance profiles within this range. Fewer 

overlapping rescaled reflectance measurements imply a clearer distinction between 

rescaled reflectance measurements belonging to different liquid phantoms. A clearer 

distinction between rescaled reflectance measurements belonging to different liquid 

phantoms enables to ANN model to perform predictions more accurately. Therefore, 

when given a choice to select either to use the rescaled reflectance measurements from 

eLED 1 or 2 to predict optical properties for Section 1 in Figure 34, the reflectance 

measurements from eLED 1 would be the better choice. Performing a similar analysis on 

Section 16 in Figure 34 will reveal that the better option will be to select eLED 2’s 

rescaled reflectance measurements as the input for predicting optical properties. The 
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same selection principle is applied for the remaining sections, converging from Section 1 

and 16 to the centre of the CCD, with pixel 74 having the same number of overlapping 

reflectance profiles from reflectance measurements taken from eLED 1 and 2. This pixel 

lies in Section 9 of the ANN models accepting 8 input pixels per section. Therefore, 

Sections 1 to 9 will use reflectance measurements from eLED1’s 690 nm NIR LED to 

predict their optical properties, and Sections 10 to 16 will use reflectance measurements 

from eLED2’s 690 nm NIR LED for the prediction of optical properties. This is because 

the rescaled reflectance measurements from eLED 1’s 690 nm NIR LED offer input 

reflectance measurements with fewer overlaps for Sections 1 to 9, and eLED 2’s 690 nm 

NIR LED offers the same for Sections 10 to 16. 
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Chapter 4.  
 
Results and clinical studies 

4.1. Results 

The following subsections will present the prediction accuracies of different ANN 

models having unique hyperparameters and structures. The best model will then be 

selected for implementation on anonymized patient data.  

4.1.1. Varying the loss function 

A loss function is an essential tool required for an ANN model's training, 

providing the error to be used for backpropagation through the network to modify the 

existing, erroneous weights. The selection for an appropriate loss function will depend 

on the nature of the ANN model's predicted and actual responses. A go-to loss function 

typically used in other ANN applications will be the Mean Squared Error (MSE) that 

takes on the following form:  

 𝑴𝑺𝑬𝑴 = (𝑶𝒑𝒕. 𝑷𝒑𝒕.𝑻𝒓𝒖𝒆− 𝑶𝒑𝒕.𝑷𝒑𝒕.𝑴
𝑷𝒓𝒆𝒅𝒊𝒄𝒕𝒆𝒅 )

𝟐 (81) 

 𝑀𝑆𝐸𝑀 = 𝑀𝑒𝑎𝑛 𝑠𝑞𝑢𝑎𝑟𝑒𝑑 𝑒𝑟𝑟𝑜𝑟 𝑓𝑜𝑟 𝑚𝑜𝑑𝑒𝑙 𝑀 

𝑂𝑝𝑡. 𝑃𝑝𝑡.𝑇𝑟𝑢𝑒 = 𝑇𝑟𝑢𝑒 𝜇𝑠
′𝑎𝑛𝑑 𝜇𝑎 𝑣𝑎𝑙𝑢𝑒𝑠 

𝑂𝑝𝑡. 𝑃𝑝𝑡.𝑀
𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 = 𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 𝜇𝑠

′𝑎𝑛𝑑 𝜇𝑎 𝑣𝑎𝑙𝑢𝑒𝑠 𝑓𝑟𝑜𝑚 𝑚𝑜𝑑𝑒𝑙 𝑀 

 

However, given that the predicted and true optical properties are within the range of 

× 10−1 to × 10−2, taking and then squaring the difference between the predicted and 

true reflectance measurements would result in an MSE value that is small. Following the 

backpropagation equation established in Equations 48 to 50, a small error computed at 

the output layer will result in a small partial derivative of the error with respect to the 

weights, resulting in a minor update of the weights during each epoch. Additionally, the 

partial derivatives of the weights with respect to each weight parameter get progressively 

smaller as the update is performed in a layer further away from the output layer, 
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resulting in even slower convergence of the weights near the ANN model's input layer 

towards their ideal values. This is known as a vanishing gradient effect and in can 

potentially prevent an ANN model from converging towards its intended form due to the 

small updates in its weights during each epoch of training, hindering its ability to learn 

effectively. It can, however, be argued that the issue can be easily avoided by simply 

changing the step size parameter 𝜂 in Equations 48 to 50 to be of a more significant 

value. It can also be suggested that an alternate loss function that is scale-invariant be 

used to train the ANN model. The Mean Absolute Percentage Error (MAP) loss function 

fulfills this requirement, and it takes on the following form: 

 
𝑴𝑨𝑷𝑴 = 

𝒂𝒃𝒔(𝑶𝒑𝒕. 𝑷𝒑𝒕.𝑻𝒓𝒖𝒆− 𝑶𝒑𝒕. 𝑷𝒑𝒕.𝑴
𝑷𝒓𝒆𝒅𝒊𝒄𝒕𝒆𝒅 )

𝑶𝒑𝒕. 𝑷𝒑𝒕.𝑻𝒓𝒖𝒆
× 𝟏𝟎𝟎% 

(82) 

 𝑀𝐴𝑃𝑀 = 𝑀𝑒𝑎𝑛 𝑎𝑏𝑠𝑜𝑙𝑢𝑡𝑒 𝑝𝑒𝑟𝑐𝑒𝑛𝑡𝑎𝑔𝑒 𝑒𝑟𝑟𝑜𝑟 𝑓𝑜𝑟 𝑚𝑜𝑑𝑒𝑙 𝑀 

𝑂𝑝𝑡. 𝑃𝑝𝑡.𝑇𝑟𝑢𝑒 = 𝑇𝑟𝑢𝑒 𝜇𝑠
′𝑎𝑛𝑑 𝜇𝑎 𝑣𝑎𝑙𝑢𝑒𝑠 

𝑂𝑝𝑡. 𝑃𝑝𝑡.𝑀
𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 = 𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 𝜇𝑠

′𝑎𝑛𝑑 𝜇𝑎 𝑣𝑎𝑙𝑢𝑒𝑠 𝑓𝑟𝑜𝑚 𝑚𝑜𝑑𝑒𝑙 𝑀 

 

The remainder of the study will show accuracy results for optical property prediction 

structures that use the MAP error as its loss function, specifically for its scale invariance 

and to avoid the potential encounter of the vanishing gradient effect during model 

training. 

4.1.2. Varying input nodes at the input layer 

In typical ANN training, the validation dataset is used to decide when the model 

should stop training, and the test dataset is used to evaluate the model’s performance 

on an unseen dataset. All of the ANN models in this study completes their training after 

performing error backpropagation for 20000 epochs on the training dataset. The 

validation dataset is not used as a stopping criterion to the model training. This implies 

that the absence of any influence the validation dataset has over the ANN model's 

training effectively serves as a testing dataset to the trained models. Hence, the 

𝑂𝑝𝑡. 𝑃𝑝𝑡.𝑇𝑟𝑢𝑒 parameter described in Equation 82 is the validation dataset assigned before 

model training. 
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Figure 37  MAP errors for ANN models with different input nodes 

Each of the points in Figure 37 corresponds to a single ANN model, predicting the 

optical properties for a section whose position is indicated by the x-coordinate of each 

point. The section within the cyan region uses reflectance measurements from eLED 1’s 

690 𝑛𝑚 NIR LED and the sections within the pink region using reflectance 

measurements from eLED 2’s 690 𝑛𝑚 NIR LED. A trend that can be clearly observed 

from the figure is that as the number of inputs for each section increases, the prediction 

accuracy increases accordingly. However, as discussed previously, the increase in 

accuracy comes at the cost of a decrease in resolution, represented by the fewer points. 

The prediction structure using 4 reflectance inputs per section predicts a total of 32 pairs 

of 𝜇𝑠
′  and 𝜇𝑎 values from the 128 reflectance measurements available. This prediction 

structure offers the highest resolution for image reconstruction but the MAP errors for 

each section range between ≈ 19% to 27%. Conversely, the prediction structure using 

64 reflectance inputs per section predicts a total of 2 pairs of 𝜇𝑠
′  and 𝜇𝑎 values from the 

128 reflectance measurements available. This prediction structure offers the lowest 

resolution for image reconstruction but provides the highest prediction accuracy amongst 

the other prediction structure, having prediction errors between ≈ 7% and 15%. Further 

analysis will be required to select the best prediction structure for this study. 

From a different perspective, ANN models can be considered as compressed 

lookup tables. Under this lens, the ANN models perform optical properties' prediction by 

simply finding the closest reference reflectance – from the training data – to the 
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reflectance at the input layer and returns its corresponding optical properties. Suppose 

the number of reflectance input to an ANN model is set to be 1. Such a prediction 

structure will have 128 sections, with each section only having a single input reflectance 

measurement (i.e., using one reflectance value to solve for a set of optical properties). 

Upon training all 128 models, they can then be implemented to predict optical properties 

from normalized and rescaled reflectance measurements of liquid phantoms or biological 

tissues. Following the argument that ANN models can be considered as compressed 

lookup tables, the prediction of optical properties for each of the 128 sections will involve 

finding the closest “reference” normalized and rescaled reflectance profile, as shown in 

Figure 31, which is closest to (or overlaps) the current input reflectance value whose 

optical properties we want predicted. The corresponding optical properties of the 

normalized and rescaled reflectance measurement that is closest to the current input 

reflectance measurement will then be its solution. In this case, each pixel will have a 

unique set of 𝜇𝑠
′  and 𝜇𝑎 values, offering high spatial resolution. However, based on the 

results presented in Figure 37, it can be seen that as the number reflectance input 

decreases, the prediction accuracy of each section decreases as well. Therefore, the 

use of one input pixel per section as a prediction structure for all 128 reflectance 

measurements is not an ideal approach.  

A prediction structure that uses four input reflectance measurements to predict 

optical properties would certainly have higher prediction accuracy than the one-pixel 

prediction structure. However, the single-pixel prediction structure has an advantage 

over the four-pixel prediction structure.The single-pixel predicting structure predicts a 

total of 128 𝜇𝑠
′  and 𝜇𝑎 values from a given reflectance measurement (one set of optical 

properties for each contiguous reflectance measurement). Following the compressed 

lookup table analogy, the prediction of optical properties for each pixel is performed by 

finding the optical properties of the “reference” reflectance measurement (one of the 

green profiles in Figure 31) that has the shortest euclidean distance to the input 

reflectance. There could either be one “reference” reflectance measurement that is 

closest to the input reflectance (whose optical properties we want predicted) or 

potentially up to two “reference” reflectance measurements that are closest to the input 

reflectance. This means that the optical properties predicted for each pixel are either 

unique – the predicted optical properties for the current input corresponds to the optical 

properties belonging to a single “reference” reflectance measurement – or an average of 
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two optical properties – the predicted optical properties for the current input corresponds 

to an average of two optical properties belonging to two “reference” reflectance 

measurements that are closest to the the current input. As the number of input 

reflectance measurements per section increases, there will potentially be more 

normalized and rescaled reflectance measurements – green profiles in Figure 31 – that 

will be close to the input reflectance. The predicted optical properties for a prediction 

structure with a larger number of input reflectance measurements per section could 

potentially average over a larger range of reference optical properties, losing specificity.  

The following figures will illustrate the concept of the input reflectance 

measurements spanning across multiple reference reflectance measurements. The 

green profiles in Figures 38 to 43 are the red reflectance profiles observed in Figure 31. 

The black plots represent the input reflectance measurements to the ANN models of 

different prediction structures obtained from the breast tissue in the study. The blue 

reflectance profiles in Figures 38 to 43 are the aforementioned green profiles – 

“reference reflectance measurements” – that are intersecting with the black plots. Each 

of the green profiles in Figures 38 to 43 correspond to a unique set of 𝜇𝑠
′  and 𝜇𝑎 

parameters. It can be observed that as the number of reflectance measurements used 

for prediction increases, the larger the total number of reference reflectance 

measurements contained within the span of the input reflectance measurements to the 

ANN models. 
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Figure 38  Total number of reference reflectance measurements belonging or 

close to the first four reflectance measurements of patient breast 
tissue. 

 
Figure 39  Total number of reference reflectance measurements belonging or 

close to the reflectance measurements of patient breast tissue. 
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Figure 40  Total number of reference reflectance measurements belonging or 

close to 16 reflectance measurements of patient breast tissue. 

 
Figure 41  Total number of reference reflectance measurements belonging or 

close to 32 reflectance measurements of patient breast tissue. 
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Figure 42  Total number of reference reflectance measurements belonging or 

close to 64 reflectance measurements of patient breast tissue. 

 
Figure 43  Total number of reference reflectance measurements belonging or 

close to 128 reflectance measurements of patient breast tissue. 

As mentioned, it is of interest to select a prediction structure that minimizes the number 

of reference reflectance measurements intersecting the input reflectance to the ANN 

models (i.e., minimizing the number of blue profiles within the span of the black profiles). 

The average number of reference reflectance measurements within a single section for 

different prediction structures from 5 other participants’ reflectance measurements – 5 

other black profiles – can be seen in the plot below. 
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Figure 44  Average number of different reference reflectance profiles (blue 

plots) contained within a single section for different prediction 
structures. 

From Figure 44, it can be seen that having a prediction structure accepting eight input 

pixels per section only has a slight increase in the average number of materials per 

section over the prediction structure taking four input pixels per section. Combining this 

with the relatively large increase in accuracy of the prediction structure accepting 8 input 

pixels per section over the prediction structure accepting 4 input pixels per section in 

certain sections, the former prediction structure will be selected for study for its 

exceptional compromise between spatial resolution and adequate prediction accuracy. 

4.1.3. Varying hidden nodes in the first hidden layer 

The accuracy reported in Figure 37 is for prediction structures with a single 

hidden layer with number of hidden units that are twice that the number of nodes in input 

layer. This subsection will study the effect varying the number of hidden units in the first 

layer has on the resulting prediction accuracy. Four other prediction structures accepting 

eight input reflectance measurements per section, with varying number of hidden units in 

the first hidden layer, will be trained on the normalized and rescaled reflectance 

measurements from eLED 1, and 2’s 690 𝑛𝑚 NIR LEDs, and their prediction accuracies 

compared against each other to determine which structure performs the best. 
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Figure 45  Eight input reflectance prediction structures with varying hidden 

units in the first hidden layer 

The different shades of the plots in Figure 45 represent the number of hidden units in the 

prediction structures' first layers. The darker the shade, the larger the number. The 

results show no discrepancy between the MAP errors of prediction structures with 

different hidden units in the first layer after eight hidden units. The prediction structure 

with 8 input reflectance at the input layer and 16 hidden units in its first hidden layer will 

be selected for the remaining of the study for its considerably lower MAP error between 

pixels 20 and 30. 

4.1.4. Varying hidden layers and hidden nodes in the second hidden 
layer 

This subsection looks into the effect varying the number of hidden layers and the 

hidden units within the second hidden layer has on the prediction accuracy. ANN models 

accepting eight input reflectance measurements will be constructed with 16 hidden units 

in the first hidden layer and varying hidden units in the second hidden layer. The number 

of hidden units in the second hidden layer will be set to be 0,4 and 8 hidden units, 

respectively. Figure 46 presents the prediction accuracies for three different prediction 

structures, with the hue representing the total number of hidden units in the second 

hidden layer to be expected. Each of the 16 sections will have individual ANN models 

that receive eight input reflectance measurements and have 16 hidden units in the first 

hidden layer. Sections 1 to 9 will use the rescaled and normalized reflectance 
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measurements from eLED1’s 690 nm NIR LED and Sections 10 to 16 from eLED2’s 690 

nm NIR LED. 

 
Figure 46  Eight input reflectance prediction structures with 16 hidden units in 

the first hidden layer and varying hidden units in the second hidden 
layer 

Similar to the shading scheme in Figure 45, the darker shades seen in Figure 46 

corresponds to prediction structures with a larger number of hidden units in its second 

hidden layer. The plot with the solid green line is for a prediction structure with 16 hidden 

units in the first hidden layer and no hidden units in the second hidden layer (i.e., there is 

no second hidden layer). The dashed and dotted plots correspond to prediction 

structures with 2 hidden layers. The results show that varying the number of hidden units 

in the second hidden layer does not largely impact the prediction accuracy. The 

prediction structure with 8 input reflectance at the input layer, 16 hidden units in the first 

hidden layer and 4 hidden units in the second hidden layer will be selected for the 

remainder of the study for its overall lowest MAP error observed in Figure 46. 

4.1.5. Varying the activation function 

As mentioned in Section 3.3, prediction structures of 3 different activation 

functions (Sigmoid, Hyperbolic Tangent, and Rectified Linear Unit) will be implemented 

to determine if different choices will have any impact on the prediction accuracies. The 

prediction structure selected in the previous section will be used as the baseline 

structure for comparing the different activation functions. The figure below illustrates the 
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performances of prediction structures using different activation functions between their 

layers for sections trained on reflectance measurements obtained from eLED 1 and 2’s 

690 𝑛𝑚 LED: 

 
Figure 47  MAP errors for prediction structures with eight input reflectance at 

the input layer, 16 hidden nodes in the first hidden layer, four hidden 
nodes in the second hidden layer, and different activation functions. 

The results presented in Figure 47 show that the prediction structures with Hyperbolic 

Tangent and Sigmoid activation functions perform better than the prediction structure 

using Rectified Linear Unit activation. The prediction structure with Sigmoid activation 

will be selected for implementation on patient studies for its lower MAP error for sections 

between pixels 90 and 110. 

Testing the selected prediction structure’s performance on the test dataset 

reveals that the model predicts the reduced scattering coefficient with higher accuracy 

than the absorption coefficient. 
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Figure 48  Performance of the ANN model accepting eight input reflectance 

measurements at the input layer, 16 hidden units in the first hidden 
layer, four hidden units in the second hidden layer on predicting the 
reduced scattering and absorption coefficients of reflectance 
measurements obtained from the test dataset for different sections. 

4.2. Clinical Implementation 

Using the prediction structure established in the previous section, the prediction 

of optical properties is applied to reflectance measurements collected from 5 different 

participants participating in this study. The study seeks to test the DOB Scan Probe’s 

ability to detect changes in tumor sizes for participants undergoing chemotherapy. A 

series of reflectance measurements are collected from the surface of the breast tissue, 

within the site of the tumor growth. The location and size of the tumors are approximated 

through CBEs performed by the participants’ doctors. Pathological information of each 

participant’s tumor is obtained through a needle biopsy. During each chemotherapy 

session, the participants will first visit their doctors to receive a CBE, and the size and 

location of the tumor are approximated using a ruler. Following the CBE, a series of 

reflectance measurements will be collected from both the healthy breast – to serve as a 

reference – and from the breast known to contain tumor growths. The site on the breast 

tissue from which the reflectance measurements are to be collected is decided based on 

the approximate location of the tumor underneath the skin. Ten to twelve slices of 

reflectance measurements, for all wavelengths and both eLEDs, are collected at the 

tumor's approximate location by vertically, diagonally, or horizontally “scanning” across 
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the area suspecting to contain the tumor. To track the change in tumor size with the 

progression of chemotherapy, reflectance measurements will need to be collected from 

the same location of the breast tissue for an extended period (i.e., reflectance 

measurements collected from identical locations on the breast, over the span of weeks). 

A localization technique will need to be developed to ensure that the reflectance 

measurement for each slice is collected from a fixed location on the breast. Alignment 

markers for 10 to 12 slices are drawn onto the skin of the breast organ, of each 

participant at the beginning of the study. The location and orientation of each slice is 

marked by two black dots separated 45 mm apart, marked onto the skin. Two white 

plastic ball bearings (BB) are anchored to the interrogating end of the DOB Scan Probe, 

45 mm apart. During data collection, the white BBs on the DOB Scan Probe are first 

aligned to the markers on the skin before the reflectance measurements are collected. 

This procedure is repeated for all slices on the breast throughout the progression of 

chemotherapy to reduce inconsistent reflectance measurements from imprecise probe 

positioning. The marked positions on the side of the breast with the tumor growths are 

mirrored onto the side of the breast without, from which reflectance measurements are 

also collected as a means for comparison between the two during analysis. The details 

on the location, size, and type of tumors expected from 5 different study participants are 

detailed in the figures and descriptions that follows. The Research Ethics Board 

approves this study at the University of British Columbia in collaboration with BC Cancer 

Abbotsford (H18-01506). The scans collected before the start of the chemotherapy trial 

will be labeled as “Pre-treatment,” and the scans that follow are labeled as “Post-

treatment #” where (#) is the number of chemotherapy session that has elapsed. 

4.2.1. Subject 010 

Table 10 provides information on Subject 010’s tumor type, position and location for 

reference. The residual cancer burden number (RCB) describes the amount of cancer 

left after chemotherapy. A higher number indicates a larger cancer residue. 

Table 10 Description for Subject 010 

Age 66 

Side of breast with tumor Left 

Location (CBE) 12 to 3 o’clock position 

Pathology  Invasive ductal carcinoma  
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Tumor removal surgery Mastectomy 

Residual cancer burden number 3.928 

 

 
Figure 49  Location and size of the tumor for Subject 010 

 
Figure 50  Probe alignment and marker placements for Subject 010 

Table 11 Reconstructed reduced scattering coefficient maps at different post-treatments for Subject 
010 

 Left breast (Cancerous) Right breast (Healthy) 
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Pretreatment 

   

Post-treatment 1 

   
Post-treatment 2 

   
Post-treatment 3 

   

Post-treatment 4 

   

Post-treatment 5 

   
Post-treatment 6 
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Post-treatment 7 

   

 

Table 12 Reconstructed absorption coefficient maps at different post-treatments for Subject 010 

 Left breast (Cancerous) Right breast (Healthy) 

Pretreatment 

  

Post-treatment 1 

  
Post-treatment 2 

  
Post-treatment 3 

  
Post-treatment 4 
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Post-treatment 5 

  
Post-treatment 6 

  
Post-treatment 7 

  
Discussion  

Looking at the reconstructed figures for Subject 010, there is a noticeable 

distinction between the reconstructed absorption coefficient maps for the healthy and 

cancerous breast. With chemotherapy progression, a slight reduction in tumor size can 

be observed in the absorption coefficient plots of Table 12 for the cancerous breasts, 

with a noticeable decrease in the plots' brightness. The residual cancer burden number 

(RCB) at the end of the chemotherapy, before surgery, for the subject was 3.928, 

indicating a limited response to the chemotherapy. The absorption map for the 

cancerous breast presented in the cancerous breast at post-treatment 7 shows some 

highly absorbing region within the breast tissue that is perceptibly smaller in size than 

observed in the absorption map of the cancerous breast before chemotherapy, 

cancerous breast at pretreatment. The absorption maps for the cancerous breast 

through the chemotherapy progression show relatively higher absorption values to the 

healthy breast except for the scans from post-treatment four. Both the absorption maps 

are almost identical, jeopardizing the ability to distinguish between the two. It can also be 

noticed that the reconstructed maps for the reduced scattering coefficients are not 

considered helpful for the observation of tumors, given the lack of any noticeable 

changes with the progression of chemotherapy. 
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Additionally, careful inspection reveals an inverse correlation between the 

absorption and reduced scattering maps. When observation is performed on 

reconstructed reduced scattering and absorption maps from one side of the breast, in 

regions where either the reduced scattering or absorption maps show higher values, the 

latter will show lower values. Warmer colors in the second-row plots represent higher 

absorption values, and higher reduced scattering values are represented by brighter 

colors in the plots of the first row. The hypothesis behind the occurrence of this 

correlation is explored in Section 4.3. The overall distinction between healthy and 

cancerous breasts is clear for 6 out of 7 absorption maps. The observed decrease in 

tumor size is clear from the observed reduction in warm colors from the reconstructed 

absorption maps for the breast's cancerous side. The reconstructed reduced scattering 

maps do not reveal any useful information on the tumor size and location. 

4.2.2. Subject 012 

Table 13 provides information on Subject 012’s tumor type, position and location for 

reference. The residual cancer burden number (RCB) describes the amount of cancer 

left after chemotherapy. A higher number indicates a larger cancer residue. 

Table 13 Description for Subject 012 

Age 62 

Side of breast with tumor Left 

Location (CBE) 9 to 12 o’clock position 

Pathology  Invasive ductal carcinoma  

Tumor removal surgery Mastectomy 

Residual cancer burden number 0 
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Figure 51  Location of the tumor for Subject 012 

 
Figure 52  Probe alignment and marker placements for Subject 012 

Table 14 Reconstructed reduced scattering coefficient maps at different post-treatments for Subject 
012 

 Left breast (Cancerous) Right breast (Healthy) 
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Pretreatment 

   
Post-treatment 1 

   
Post-treatment 2 

   

Post-treatment 3 

   
Post-treatment 4 

   

Post-treatment 5 
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Post-treatment 6 

   
Post-treatment 7 

   

 

Table 15 Reconstructed absorption coefficient maps at different post-treatments for Subject 012 

 Left breast (Cancerous) Right breast (Healthy) 

Pretreatment 

   

Post-treatment 1 

   
Post-treatment 2 

   
Post-treatment 3 
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Post-treatment 4 

   

Post-treatment 5 

   
Post-treatment 6 

   
Post-treatment 7 

   
 

Discussion 

The reconstructed reduced scattering and absorption maps for the current 

subject reveal little to no information on the tumor's location or size. The correlation, as 

mentioned earlier, between the predicted reduced scattering and absorption coefficients 

is observed for the reconstructed topological maps of the current subject as well. 

Regions of high predictions of absorption coefficients show correspondingly low reduced 

scattering coefficients predicted in the same region and vice-versa. The reconstructed 

absorption maps tend to show a diagonal band of relatively higher absorption about the 

CCD’s sensor center region. The absence of any information on the tumor's location or 

size could be attributed to the small tumor size observed during CBE before 

chemotherapy and the subsequent inability to palpate the tumor. Overall, the results 

presented for this subject are labeled as a false negative. 
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4.2.3. Subject 013 

Table 16 provides information on Subject 013’s tumor type, position and location for 

reference. The residual cancer burden number (RCB) describes the amount of cancer 

left after chemotherapy. A higher number indicates a larger cancer residue. 

Table 16 Description for Subject 013 

Age 68 

Side of breast with tumor Left 

Location (CBE) 9 to 2 o’clock position 

Pathology  Invasive ductal carcinoma  

Tumor removal surgery Lumpectomy 

Residual cancer burden number 0 

 

 
Figure 53  Location and size of tumor for Subject 013 
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Figure 54  Probe alignment and marker placements for Subject 013 

Table 17 Reconstructed reduced scattering coefficient maps at different post-treatments for Subject 
013 

 Left breast (Cancerous) Right breast (Healthy) 

Pretreatment 

   
Post-treatment 1 

   
Post-treatment 2 
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Post-treatment 3 

   

Post-treatment 4 

   
Post-treatment 5 

   
Post-treatment 6 

   

 

Table 18 Reconstructed absorption coefficient maps at different post-treatments for Subject 013 

 Left breast (Cancerous) Right breast (Healthy) 

Pretreatment 

   

Post-treatment 1 
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Post-treatment 2 

   
Post-treatment 3 

   
Post-treatment 4 

   

Post-treatment 5 

   
Post-treatment 6 

   
 

Discussion 

The reconstructed absorption maps for this subject show an apparent decrease 

in tumor size with chemotherapy progression. The distinction between the healthy and 

cancerous breast is also evident with the larger quantities of warmer pixels present in 

the cancerous breast's reconstructed absorption maps. The correlation between the 

reconstructed reduced scattering and absorption maps is ever more present for this 

subject. The reconstructed reduced scattering maps reveal little to no information on the 

tumor size, location, or type. Judging purely on the reconstructed absorption maps, this 

subject's results can be labeled as true positive. 
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4.2.4. Subject 014 

Table 19 provides information on Subject 014’s tumor type, position and location for 

reference. The residual cancer burden number (RCB) describes the amount of cancer 

left after chemotherapy. A higher number indicates a larger cancer residue. 

Table 19 Description for Subject 014 

Age 65 

Side of breast with tumor Left 

Location (CBE) 12 to 3 o’clock position 

Pathology  Invasive ductal carcinoma  

Tumor removal surgery Lumpectomy 

Residual cancer burden number 2.51 

 

 
Figure 55  Location and size of the tumor for Subject 014 
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Figure 56  Probe alignment and marker placements for Subject 014 

Table 20 Reconstructed reduced scattering coefficient maps at different post-treatments for Subject 
014 

 Left breast (Cancerous) Right breast (Healthy) 

Pretreatment 

 
  

Post-treatment 1 
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Post-treatment 2 

   
Post-treatment 3 

   

Post-treatment 4 

   
Post-treatment 5 

   
Post-treatment 6 

   
Post-treatment 7 
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Table 21 Reconstructed absorption coefficient maps at different post-treatments for Subject 014 

 Left breast (Cancerous) Right breast (Healthy) 

Pretreatment 

   
Post-treatment 1 

   

Post-treatment 2 

   
Post-treatment 3 

   
Post-treatment 4 
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Post-treatment 5 

   

Post-treatment 6 

   
Post-treatment 7 

  

 

Discussion 

Like the results presented for Subject 012, the reconstructed reduced scattering 

and absorption maps for the current subject reveal little to no information on the size, 

location, and type of the tumor. Correlation between the predicted absorption coefficient 

and reduced scattering coefficient is also observed for the current subject's predicted 

optical properties. Unlike Subject 012, the current subject has a relatively larger tumor 

size, close to that of Subject 013, suggesting similar performance observation. A 

possible explanation could be that the pressure applied during reflectance 

measurements for the current subject is different from Subject 013, altering the 

measurements in the process. The implications of using different pressure levels during 

reflectance measurements will be explored in Chapter 5. Overall, the results presented 

for this subject will be labeled as a false negative. 
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4.2.5. Subject 015 

Table 22 provides information on Subject 015’s tumor type, position and location for 

reference. The residual cancer burden number (RCB) describes the amount of cancer 

left after chemotherapy. A higher number indicates a larger cancer residue. 

Table 22 Description for Subject 015 

Age 46 

Side of breast with tumor Right 

Location (CBE) 8 to 12 o’clock position 

Pathology  Invasive ductal carcinoma  

Tumor removal surgery Mastectomy 

Residual cancer burden number 2.18 

 

 
Figure 57  Location and size of tumor for Subject 015 
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Figure 58  Probe alignment and marker placements for Subject 015 

Table 23 Reconstructed reduced scattering coefficient maps at different post-treatments for Subject 
015 

 Left breast (Healthy) Right breast (Cancerous) 

Pretreatment 

   

Post-treatment 1 

   

Post-treatment 2 
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Post-treatment 3 

   

Post-treatment 4 

   

Post-treatment 5 

   

Post-treatment 6 

   

Post-treatment 7 

  

 

Table 24 Reconstructed absorption coefficient maps at different post-treatments for Subject 015 

 Left breast (Healthy) Right breast (Cancerous) 

Pretreatment 
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Post-treatment 1 

   

Post-treatment 2 

   

Post-treatment 3 

   

Post-treatment 4 

   

Post-treatment 5 

   

Post-treatment 6 

   

Post-treatment 7 
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Discussion 

The reconstructed absorption maps for the current subject with chemotherapy 

progression show an apparent reduction in the breast's absorption coefficient with the 

tumor growth. The ability to distinguish between the healthy and cancerous breast is 

apparent for 7 out of 8 of the reconstructed absorption maps. The correlation between 

the predicted absorption and reduced scattering coefficients is also present for the 

current subject. The reconstructed reduced scattering map reveals little to no information 

on the tumor’s size, location, or type. Overall, the results presented for the current 

subject can be classified as true positive. 

4.3. Correlation between predicted 𝝁𝒔
′and 𝝁𝒂 

The intensity of the reflectance measured at a given pixel is a function of the light 

absorbed and scattered by the turbid sample medium. As the 𝜇𝑠
′and 𝜇𝑎 parameters of a 

medium increases, fewer photons can reach the CCD sensor, resulting in a lower 

reflectance intensity measured. However, when looking from the perspective of a single 

pixel, an increase or decrease in reflectance intensity could be attributed to in decrease 

or increase in 𝜇𝑠
′or 𝜇𝑎. For a given reflectance value measured by a single pixel, there 

could potentially be a large number of 𝜇𝑠
′and 𝜇𝑎 combinations are contributing to the 

observed reflectance. However, the range of values that can be realized by 𝜇𝑠
′and 𝜇𝑎 

can only be fixed to be within a specific bound. For a better understanding, let's assume 

that an equivalent attenuation parameter can be computed from the 𝜇𝑠
′and 𝜇𝑎 

parameters of a given medium. Say that the equivalent attenuation for this given medium 

is 𝜇𝑒𝑞,𝑎𝑡𝑡𝑒𝑛 and it is of some function of 𝜇𝑠
′and 𝜇𝑎, 𝜇𝑒𝑞,𝑎𝑡𝑡𝑒𝑛 = 𝑓(𝜇𝑠

′, 𝜇𝑎). Say that the 

measured reflectance at pixel 𝑛 = 1 is a function of 𝜇𝑒𝑞,𝑎𝑡𝑡𝑒𝑛, 𝑅1 = 𝑔(𝜇𝑒𝑞,𝑎𝑡𝑡𝑒𝑛) =

𝑔(𝑓(𝜇𝑠
′, 𝜇𝑎)). This implies that the measured reflectance at pixel 𝑛 = 1 is correlated to 

the 𝜇𝑠
′and 𝜇𝑎 parameters of a given medium. Following the arguments, let it be 

assumed that both 𝑅1 = 𝑔(𝜇𝑒𝑞,𝑎𝑡𝑡𝑒𝑛) and 𝜇𝑒𝑞,𝑎𝑡𝑡𝑒𝑛 = 𝑓(𝜇𝑠
′, 𝜇𝑎) are monotonically 

increasing functions. This means that for 𝑅1 = 𝑔(𝜇𝑒𝑞,𝑎𝑡𝑡𝑒𝑛), 𝑅1 becomes larger as 

𝜇𝑒𝑞,𝑎𝑡𝑡𝑒𝑛 increases and 𝜇𝑒𝑞,𝑎𝑡𝑡𝑒𝑛 becomes larger as 𝜇𝑠
′and 𝜇𝑎 both increase. However, 

since 𝜇𝑒𝑞,𝑎𝑡𝑡𝑒𝑛 is a function of two variables, there will be regions where different 

combinations of 𝜇𝑠
′and 𝜇𝑎 results in the same reflectance measurement. Such is the 

hypothesis behind the observed inversed correlation between 𝜇𝑠
′and 𝜇𝑎 as for a given 
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reflectance observed at pixel 𝑛 = 1, there can only be one unique 𝜇𝑒𝑞,𝑎𝑡𝑡𝑒𝑛 value while 

there are multiple unique 𝜇𝑠
′and 𝜇𝑎 values corresponding to one 𝜇𝑒𝑞,𝑎𝑡𝑡𝑒𝑛. 

In the previous section, it has been established that there exists an inverse 

correlation between the predicted reduced scattering and absorption coefficient, by the 

ANN models. While it is not improbable for the predicted absorption and reduced 

scattering coefficient to be inversely correleated, for the model to imply this correlation 

for all biological tissues would be questionable. The ANN models predict the optical 

properties based on features of the reflectance measurements fed into its input layer. 

For instance, the ANN model could potentially use the slope of the input reflectance as a 

predictor of the absorption coefficient and the difference between the maximum and 

minimum reflectances as the predictor for the reduced scattering coefficient. The 

features of the input reflectance used by the ANN models for the prediction of the optical 

properties are not explicitly known without careful analysis. Additionally, the choice of 

feature adopted by the ANN models are a combination of the loss function used, the 

structure of the ANN model, the format of the input data, and the number of training 

epochs. Given the lack of knowledge behind the reduced scattering and absorption 

coefficients’ predicting features from the input reflectance, adopted by the ANN models, 

it would not be possible to intuitively grasp the logic behind the predictions of the 

absorption coefficients. This means that in the event that the ANN model predicts an 

abnormally large or small reduced scattering or absorption coefficient, it would be 

challenging to identify the exact cause behind the erroneous prediction. An approach 

suggested by Farrell et al. and Jager et al. is to perform the prediction of optical 

properties on linearized reflectance measurements as the gradients and intercepts of the 

linearized reflectance measurements reveal independent information on the 𝜇𝑠
′and 𝜇𝑎 

values which may aid the ANN model to quantify the optical properties better, 

disassociating the naïve inverse correlation between 𝜇𝑠
′and 𝜇𝑎. While this method has 

seen promising results when applied to the complete reflectance measurements – i.e., 

all 128 reflectance measurements for this study – to use the similar approach on fewer 

pixels – following the procedure used in this study to predict 𝜇𝑠
′and 𝜇𝑎 values from 8 

reflectance measurements – will require further analysis. 
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4.4. Prediction of negative 𝝁𝒂 

Another issue to be looked further into is the tendency for the ANN models to 

predict negative 𝜇𝑎 values specifically from subject data. This can be directly attributed 

to the difference in the shape of the normalized and rescaled reflectance measurements 

obtained from the breast tissue of the subjects when compared to the shape of the 

reflectance measurements of the liquid phantoms in its proximity.  

The ANN models are trained to predict optical properties from reflectance profiles 

collected from liquid optical phantom solutions. During predictions are made on 

reflectance measurements collected from biological tissues, the profile/ shape of the 

input reflectance – whose optical properties are to be predicted – should be the same or 

as close to the profile/ shape of the reflectance measurements collected from the liquid 

optical phantoms. If a new set of reflectance inputs were to have a similar profile to that 

of the reflectance profiles of the liquid phantoms used to train the models, this new set of 

reflectance inputs should be close to or belong to one of the reflectance curves 

measured from a liquid phantom. It can be said that the new set of reflectance inputs 

“belong” to one unique material/ liquid phantoms as it overlaps or is close to a 

reflectance curve belonging to a single liquid phantom mixture. However, as observed in 

Figure 43, this is not the case. A full set of reflectance measurements taken from the 

breast tissue sees the measured reflectance measurement – colored in black – 

intersecting up to 21 different reference reflectance profiles belonging to 21 different 

liquid phantoms of different optical properties. The findings show a clear indication of a 

mismatch in the measured reflectance profiles taken from the breast tissue and the liquid 

phantoms. 

Since the ANN models were not trained to predict optical properties from the 

foreign reflectance profile obtained from breast tissues, it would not be unreasonable to 

expect the predicted optical properties to be inaccurate. Referring back to Figures 38 to 

43, if the input reflectance profile – whose optical properties we want predicted – does 

not match the reflectance profiles of the liquid phantoms, intersections between the input 

and liquid phantom reflectance profiles can definitely be observed. Conversely, if the 

input reflectance profile to the ANN models are similar to the reflectance profiles of the 

liquid phantoms, intersections between the two would be unlikely. If the input reflectance 

profile – whose optical properties we want predicted – matches the reflectance profiles 
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of the liquid phantoms, the input reflectance profile would overlap or be very close to one 

of the green profiles (i.e. liquid phantom reflectance profile) in Figures 38 to 43. 

Conversely, if the input reflectance profile does not match the green profiles, multiple 

intersections between the input and green reflectance profiles can be observed. Hence, 

the number of intersections between the input reflectance profile and the green 

reflectance profiles – taken from liquid phantoms – can indicate the degree of mismatch 

between the input data – whose optical properties we want predicted – and the training 

data of the ANN models. If the ANN models were trained to predict optical properties 

from reflectance measurements of a specific profile and told to predict the optical 

properties from a foreign reflectance profile, previously unseen during training, it would 

not be unreasonable to expect poorer prediction performance. An inaccurate prediction 

of optical properties could lead to predictions that are far from the expected or even 

negative predicted values. Following the arguments, a hypothesis can be made that the 

larger the number of intersections observed between the input and liquid phantom 

reflectance profiles, the larger the frequency of negatively predicted absorption 

coefficients. The plot provided in the figure below shows the results. Reflectance 

measurements are collected from all subjects mentioned in Chapter 4 and divided into 

16 total bins containing 8 reflectance measurements. Each of the reflectance 

measurements within each bin is then compared to the reference reflectance 

measurements collected from the liquid phantoms, and the total number of reference 

reflectance measurement intersecting the subject’s reflectance measurements are 

added up to obtain the total number of materials contained within a section – a process 

similar to the results shown in Figure 39 – and the correspondingly predicted 𝜇𝑎 is 

checked to see if it is of a negative value. A counter keeps track of the total number of 

negatively predicted 𝜇𝑎s for every number of materials per section and computes a 

percentage with respect to the total number of predicted 𝜇𝑎values to provide the 

following plot. 
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Figure 59  Percentage of negative Mew A predicted as a function of increasing 

number of materials per section. 

The result shows that the higher the total number of different reference 

reflectance measurement obtained from liquid phantom mixtures intersecting the 

subject’s reflectance measurements within a given section, the larger the portion of 

predicted 𝜇𝑎 values being negative, providing confidence to the claim for the mismatch 

between the reflectance profiles of breast tissue and liquid phantom as being the culprit 

behind the observation of negatively predicted 𝜇𝑎 values from the ANN models. A 

possible explanation for the observed mismatch in reflectance profiles between those 

taken from breast tissues and liquid phantoms could be that the liquid phantoms 

synthesized for the ANN models' training lack some important constituent, inhibiting their 

ability to simulate the breast tissue accurately. It is speculated that the absence of raw 

blood added to the liquid phantom mixtures could be the issue causing the mismatch in 

reflectance profiles due to the inability of the India ink to simulate the absorption of 

biological tissues properly. Another set of liquid phantoms will have to be synthesized, 

with its absorbers being replaced with raw oxygenated and de-oxygenated blood to test 

the hypothesis. Additionally, the pressure applied onto the breast tissue during 

reflectance measurements could alter its morphological structure, changing the 

measured reflectance profile that could have otherwise been similar to that of the liquid 

phantoms. The effects from inconsistencies in applied pressure onto the breast tissue 

during reflectance measurements and its impact on the measured reflectance's 

corresponding profiles will be analyzed in Section (4.6). 



129 

4.5. Effect of cellophane tape on reflectance measurements 

As discussed in Section 3.2.1, the effect of using clear cellophane tape during 

data collection should be analyzed to determine if its use would affect the prediction of 

optical properties in any way. An experiment was carried out where reflectance 

measurements were taken from 3 different locations of the body from one of the 

researchers. The three locations are the inner thigh, the forearm, and the inner bicep. 

Reflectance measurements were collected with and without the application of clear 

cellophane tape to the face of the DOB Scan Probe, and they are plotted as follows: 

 
Figure 60  Rescaled reflectance measurements from eLED 1's 690 nm LED 

taken from the forearm with and without clear cellophane tape 
applied to the face of the DOB Scan Probe. 
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Figure 61  Rescaled reflectance measurements from eLED 1's 690 nm LED 

taken from the inner bicep with and without clear cellophane tape 
applied to the face of the DOB Scan Probe. 

 
Figure 62  Rescaled reflectance measurements from eLED 1's 690 nm LED 

taken from the inner thigh with and without clear cellophane tape 
applied to the face of the DOB Scan Probe. 

It can be observed from the figures that there are noticeable differences between 

the rescaled reflectance measurements collected with and without the use of a clear 

cellophane tape. However, the observed difference is not consistent for the reflectance 

measurements collected from different parts of the body. Specifically, the reflectance 

measurement collected from the inner bicep and inner thigh both show higher 



131 

reflectance measurements in the presence of the cellophane tape, while the reflectance 

measurements collected from the forearm indicates otherwise. A possible explanation 

for the observed inconsistencies could be the inconsistent pressure applied during each 

body part's reflectance measurements. The effect of the application of different 

pressures during reflectance measurements will be studied in the following subsection. 

As for the verdict of whether the application of a clear cellophane tape to the face of the 

DOB Scan Probe alters the reflectance measurements, at this moment, is still 

inconclusive due to the unknown contribution to the fluctuations in measured reflectance 

profiles caused by inconsistent pressure application on to the breast tissue during 

reflectance measurements by the probe operators. Only when this uncertainty has been 

accounted for can this subject be reliably addressed.  

4.6. Effect of inconsistent pressure application on 
reflectance measurements 

Exact quantification of the effect of varying pressure applied during reflectance 

measurements is not possible for this study due to the absence of pressure sensors on 

the DOB Scan Probe to obtain the desired pressure measurements. Instead, a 

qualitative analysis will be provided in this sub-section, potentially serving as a 

preliminary analysis for the inquiry at hand. Reflectance measurements are collected 

from the breast tissue of an anonymous participant. The first set of reflectance 

measurements sees a minimal application of pressure, enough to ensure that both the 

eLEDs and the CCD sensor are flush against the breast's skin to allow for full tissue 

tans-illumination from both eLEDs. The reflectance measurement collected from the 

application of this magnitude of pressure will be labeled as “adequate pressure” in 

Figure 63. The second set of reflectance measurements sees the application of 

comparatively higher pressure to the reflectance collected under “adequate pressure” 

from the same location on the breast organ, with similar ET and SI settings. Reflectance 

measurements collected from this magnitude of applied pressure will be labeled as “low 

pressure.” Two additional sets of reflectance measurements are collected, each with a 

relatively increasing magnitude of pressure applied to the same location on the breast. 

These sets of reflectance measurements are labeled as “medium pressure” and “high 

pressure” accordingly. 
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Figure 63  Rescaled reflectance measurements at different magnitudes of 

applied pressure. 

Figure 64 reveals the MAP error computed difference between the maximum and 

minimum reflectance measured from each eLED, at each pixel, relative to the minimum 

reflectance value, to provide a better idea on the fluctuation in measured reflectance that 

is to be expected from inconsistent pressure application during data collection. 

 
Figure 64  MAP errors for each pixel between the maximum and minimum 

reflectance measurements collected from the same tissue region  
from the application of varying magnitudes of pressure. 
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It can be observed from the plots that the MAP error between the minimum and 

maximum reflectance measured increases as the further away the reflectance 

measurements are taken from the respective illuminating sources. The pixel furthest 

away from eLED 1 will be pixel 128, and the furthest pixel away from eLED 1 will be 

pixel 1. Reflectance fluctuations of up to 50 % are to be expected from the 

measurements from eLED 2, and fluctuations of up to 25 % are to be expected from the 

measurements of eLED1 in the absence of any viable means to keep track of the 

applied pressure during reflectance measurements. 
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Chapter 5.  
 
Conclusion and Future Studies 

5.1. Conclusion and future studies 

The results presented for the diagnosis of breast cancer and the monitoring of 

the reduction in tumor size for five different participants of the study reveal that the 

reconstructed maps for 𝜇𝑎 reveals more information on the tumor’s location and size 

when compared to the reconstructed maps for 𝜇𝑠
′ , which reveals little to no information. 

Classification of the tumor’s type will require the wavelength dependant optical 

properties from all four wavelengths of the DOB Scan Probe. This is not viable at this 

stage of the study due to the high prediction errors observed from the 690 nm 

wavelengths’ reflectance measurements. The lack of accuracy primarily stems from the 

limited number of input reflectance measurements used in the current prediction 

structure for the optical properties, as it is shown in Figure 37 that increasing the total 

number of input reflectance measurements for prediction increases the accuracy of 

prediction. However, increasing the number of reflectance measurements used for 

prediction decreases the spatial resolution of the reconstructed topographical maps of 

the optical properties. Unless an alternate prediction structure that performs better than 

the ANN models is found, a desire for higher prediction accuracy of optical properties will 

ultimately require a trade-off in spatial resolution. 

The reconstructed maps of optical properties also reveal an underlying 

correlation between the predicted 𝜇𝑎 and 𝜇𝑠
′ parameters, one frequently observed to be 

low in magnitude when the latter is high. While not entirely certain, it is speculated that 

the correlation stems from the lack of information available from the reflectance 

measurements to distinguish between 𝜇𝑎 and 𝜇𝑠
′ features due to the limited number of 

reflectance measurements used to predict optical properties in the current prediction 

structure. Perhaps the correlation between the predicted 𝜇𝑎 and 𝜇𝑠
′ will be less 

prominent with the use of a larger number of reflectance measurements for prediction. 

However, it is again at the cost of a decrease in the reconstructed topological maps' 

spatial resolution. An alternative method suggested by other researchers in the field 

indicates the use of linearized reflectance measurements for prediction where the 
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gradient and intercept of the linearized reflectance measurements have been shown to 

serve as good predictors for the 𝜇𝑎 and 𝜇𝑠
′ parameters. While promising results have 

been reported for the predictions of 𝜇𝑎 and 𝜇𝑠
′ using the entire span of reflectance 

measurements (equivalent to all 128 reflectance measurements for the current study), 

the application of this method on a subset of reflectance measurements (i.e. eight 

reflectance measurements) will require further analysis. 

The inability to quantify the applied pressure during reflectance measurements is 

an issue that needs to be rectified. Fluctuations in reflectance measurements of up to 

50% were reported for measurements obtained from eLED 2’s 690 nm NIR LED and 

25% reported for eLED 1’s 690 nm NIR LED when collected from a single material at 

different pressures.The large fluctuations could potentially lead to increased false 

positives and negatives detections that ultimately decreases the overall efficacy of the 

DOB Scan Probe. Future studies should see that this issue is addressed before 

additional experiments to ensure precision and repeatability in reflectance 

measurements that will ultimately bolster the optical properties' prediction accuracy. 

The mismatch in reflectance profiles/ shapes between the reference (i.e. from 

liquid phantoms) and biological sample (i.e. breast tissue) is also a matter that has to be 

looked into for its detrimental effect on the prediction accuracy on 𝜇𝑎, specifically. The 

results in Section 4.1.2 shows that the degree of mismatch between input reflectance – 

whose optical properties we want predicted – and the reference reflectance 

measurements (i.e. the reflectance measurements collected from liquid phantoms) can 

be measured by computing the total number of intersections between the input and 

reference reflectance profiles. Figure 59 shows that as the number of intersections 

between the input and reference reflectance profiles increases, the likelihood of having 

an erroneous prediction in optical properties increases. It is speculated that the use of 

India ink as an absorber for the liquid phantoms mixtures does not accurately simulate 

the absorption characteristics found in breast tissue and that raw oxygenated and 

deoxygenated blood should be used in its place to attain the desired effect. Another 

batch of liquid phantom mixtures using raw blood as its absorbers will need to be 

prepared and reflectance measurements collected and compared to the current 

reflectance profiles – that uses India ink as the absorbers – to verify the hypothesis. 
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The findings in this study suggest the use of an ANN prediction structure that 

accepts 8 input reflectance measurements at the input layer, 16 hidden units in the first 

hidden layer, and 4 hidden units in the second hidden layer as a method of predicting 

the optical properties that are then used for the reconstruction of topographical maps 

describing the distribution of 𝜇𝑎 and 𝜇𝑠
′ across the breast to be potentially viable at best, 

with 3 out of 5 of the predictions made on human trials being encouraging. A few 

technicalities remain to be resolved before the probe can be used reliably for clinical 

applications. While the ANN models provide some degree of diagnostic information on 

the location and size of tumor growths within the breast tissue, its prediction accuracy 

leaves more to be desired. The inaccuracy in prediction is partly caused by the limited 

number of reflectance measurements used for prediction (i.e. Instead of using all 128 

reflectance measurements for the prediction of one set of 𝜇𝑎 and 𝜇𝑠
′, only eight input 

reflectance measurements are used for the prediction of one set of 𝜇𝑎 and 𝜇𝑠
′.)Unless a 

better prediction structure (i.e. An ANN model with different hidden units, different hidden 

layers, or different activation function) is found, a desire to increase the prediction 

accuracy of optical properties through ANN models will ultimately result in a trade-off for 

spatial resolution. 



137 

References 

[1]        C. Goldberg, “Breast Examination,” Practical Guide to Clinical Medicine: Breast 

Examination, 2009. https://meded.ucsd.edu/clinicalmed/breast.html (accessed 

Nov. 20, 2020). 

[2]        C. J. Kotre and C. S. dos Reis, “Mammography Equipment,” in Digital 

Mammography, Cham: Springer International Publishing, 2015. 

[3]        “What Is a Mammogram ?,” Sep. 14, 2020. 

https://www.cdc.gov/cancer/breast/basic_info/mammograms.htm (accessed Nov. 

07, 2020). 

[4]        R. E. Hendrick, “Radiation Doses and Cancer Risks from Breast Imaging 

Studies,” Radiology, vol. 257, no. 1, pp. 246–253, Oct. 2010, doi: 

10.1148/radiol.10100570. 

[5]        A. Berger, “How does it work?: Magnetic resonance imaging,” BMJ, vol. 324, no. 

7328, pp. 35–35, Jan. 2002, doi: 10.1136/bmj.324.7328.35. 

[6]        A. Qayyum et al., “MR Imaging Features of Infiltrating Lobular Carcinoma of the 

Breast,” American Journal of Roentgenology, vol. 178, no. 5, pp. 1227–1232, May 

2002, doi: 10.2214/ajr.178.5.1781227. 

[7]        Mayo Clinic Staff, “Breast MRI,” 2019. https://www.mayoclinic.org/tests-

procedures/breast-mri/about/pac-20384809#:~:text=A breast MRI usually is,tool 

for detecting breast cancer. (accessed Nov. 21, 2020). 

[8]        H. Liu, H. Zhan, D. Sun, and Y. Zhang, “Comparison of BSGI, MRI, 

mammography, and ultrasound for the diagnosis of breast lesions and their 

correlations with specific molecular subtypes in Chinese women,” BMC Medical 

Imaging, vol. 20, no. 1, p. 98, Dec. 2020, doi: 10.1186/s12880-020-00497-w. 

[9]        “Ultrasound,” 2014. https://www.radiologyinfo.org/en/info.cfm?pg=breastus 

(accessed Nov. 21, 2020). 



138 

[10]       S. Gokhale, “Ultrasound characterization of breast masses,” Indian Journal of 

Radiology and Imaging, vol. 19, no. 3, p. 242, 2009, doi: 10.4103/0971-

3026.54878. 

[11]       “The Role of Ultrasound in Screening Dense Breasts—A Review of the 

Literature and Practical Solutions for Implementation,” Diagnostics, vol. 8, no. 1, 

p. 20, Mar. 2018, doi: 10.3390/diagnostics8010020. 

[12]       B. J. Tromberg et al., “Bo Non-Invasive In Vivo Characterization of Breast 

Tumors Using Photon Migration Spectroscopy,” Neoplasia, vol. 2, no. 1–2, pp. 

26–40, Jan. 2000, doi: 10.1038/sj.neo.7900082. 

[13]       J. Wang et al., “In vivo quantitative imaging of normal and cancerous breast 

tissue using broadband diffuse optical tomography,” Medical Physics, vol. 37, no. 

7Part1, pp. 3715–3724, Jun. 2010, doi: 10.1118/1.3455702. 

[14]       N. Ghosh, S. K. Mohanty, S. K. Majumder, and P. K. Gupta, “Measurement of 

optical transport properties of normal and malignant human breast tissue,” Applied 

Optics, vol. 40, no. 1, p. 176, Jan. 2001, doi: 10.1364/AO.40.000176. 

[15]       L. L. de Boer et al., “Towards the use of diffuse reflectance spectroscopy for 

real-time in vivo detection of breast cancer during surgery,” Journal of 

Translational Medicine, vol. 16, no. 1, p. 367, Dec. 2018, doi: 10.1186/s12967-

018-1747-5. 

[16]       S. van de Ven et al., “Diffuse Optical Tomography of the Breast: Initial Validation 

in Benign Cysts,” Molecular Imaging and Biology, vol. 11, no. 2, pp. 64–70, Mar. 

2009, doi: 10.1007/s11307-008-0176-x. 

[17]       B. J. Tromberg et al., “Non-Invasive In Vivo Characterization of Breast Tumors 

Using Photon Migration Spectroscopy,” Neoplasia, vol. 2, no. 1–2, pp. 26–40, Jan. 

2000, doi: 10.1038/sj.neo.7900082. 

[18]       V. G. Peters, D. R. Wyman, M. S. Patterson, and G. L. Frank, “Optical properties 

of normal and diseased human breast tissues in the visible and near infrared,” 

Physics in Medicine and Biology, vol. 35, no. 9, 1990, doi: 10.1088/0031-

9155/35/9/010. 



139 

[19]       R. M. P. Doornbos, R. Lang, M. C. Aalders, F. W. Cross, and H. J. C. M. 

Sterenborg, “The determination of in vivo human tissue optical properties and 

absolute chromophore concentrations using spatially resolved steady-state diffuse 

reflectance spectroscopy,” Physics in Medicine and Biology, vol. 44, no. 4, 1999, 

doi: 10.1088/0031-9155/44/4/012. 

[20]       Y. Hoshi and Y. Yamada, “Overview of diffuse optical tomography and its clinical 

applications,” Journal of Biomedical Optics, vol. 21, no. 9, p. 091312, Jul. 2016, 

doi: 10.1117/1.JBO.21.9.091312. 

[21]       H. Chorfi, K. Ayadi, and L. Boufendi, “Light Scattering Applied to the Study of 

Biological Tissues: To an Optical Biopsy,” in Proceedings of the Third 

International Symposium on Materials and Sustainable Development, Cham: 

Springer International Publishing, 2018, pp. 637–643. 

[22]       A. Gabriel and G. P. Maxwell, “Anatomy of the Breast,” in Augmentation 

Mastopexy, Cham: Springer International Publishing, 2020, pp. 1–10. 

[23]       “Different Kinds of Breast Lumps,” 2020. 

https://cancer.stonybrookmedicine.edu/breast-cancer-

team/patients/bse/breastlumps. 

[24]       A. Stachs, J. Stubert, T. Reimer, and S. Hartmann, “Benign breast disease in 

women,” Deutsches Aerzteblatt Online, Aug. 2019, doi: 

10.3238/arztebl.2019.0565. 

[25]       A. Kowalski and E. Okoye, “Breast Cyst,” in StatPearls [Internet], Treasure 

Island (FL): StatPearls Publishing, 2020. 

[26]       M. Ajmal and K. Fossen, Breast Fibroadenoma. Treasure Island (FL): StatPearls 

Publishing, 2020. 

[27]       F. M. Alkabban and T. Ferguson, “Breast Cancer,” in StatPearls [Internet], 

Treasure Island (FL): StatPearls Publishing, 2020. 



140 

[28]       J. Makki, “Diversity of Breast Carcinoma: Histological Subtypes and Clinical 

Relevance,” Clinical Medicine Insights: Pathology, vol. 8, p. CPath.S31563, Jan. 

2015, doi: 10.4137/CPath.S31563. 

[29]       C. O. Madu, S. Wang, C. O. Madu, and Y. Lu, “Angiogenesis in Breast Cancer 

Progression, Diagnosis, and Treatment,” Journal of Cancer, vol. 11, no. 15, pp. 

4474–4494, 2020, doi: 10.7150/jca.44313. 

[30]       H. P. Dhakal et al., “Vascularization in Primary Breast Carcinomas: Its 

Prognostic Significance and Relationship with Tumor Cell Dissemination,” Clinical 

Cancer Research, vol. 14, no. 8, pp. 2341–2350, Mar. 2008, doi: 10.1158/1078-

0432.CCR-07-4214. 

[31]       E. L. Wisotzky, F. C. Uecker, S. Dommerich, A. Hilsmann, P. Eisert, and P. 

Arens, “Determination of optical properties of human tissues obtained from 

parotidectomy in the spectral range of 250 to 800 nm,” Journal of Biomedical 

Optics, vol. 24, no. 12, p. 1, Dec. 2019, doi: 10.1117/1.JBO.24.12.125001. 

[32]       T. L. Troy, “Optical properties of normal and diseased breast tissues: prognosis 

for optical mammography,” Journal of Biomedical Optics, vol. 1, no. 3, 1996, doi: 

10.1117/12.239905. 

[33]       T. L. Troy, D. L. Page, and E. M. Sevick-Muraca, “Optical properties of normal 

and diseased breast tissues: prognosis for optical mammography,” Journal of 

Biomedical Optics, vol. 1, no. 3, pp. 342–355, 1996, doi: 10.1117/12.239905. 

[34]       P. Taroni et al., “Non-invasive optical estimate of tissue composition to 

differentiate malignant from benign breast lesions: A pilot study,” Scientific 

Reports, vol. 7, no. 1, p. 40683, Feb. 2017, doi: 10.1038/srep40683. 

[35]       M. Shokoufi and F. Golnaraghi, “Handheld diffuse optical breast scanner probe 

for cross-sectional imaging of breast tissue,” Journal of Innovative Optical Health 

Sciences, 2019, doi: 10.1142/S1793545819500081. 

[36]       M. S. Patterson, B. Chance, and B. C. Wilson, “Time resolved reflectance and 

transmittance for the noninvasive measurement of tissue optical properties,” 

Applied Optics, vol. 28, no. 12, p. 2331, Jun. 1989, doi: 10.1364/AO.28.002331. 



141 

[37]       B. Tromberg et al., “Non-invasive measurements of breast tissue optical 

properties using frequency-domain photon migration.” 

[38]       M. S. Patterson, J. D. Moulton, B. C. Wilson, K. W. Berndt, and J. R. Lakowicz, 

“Frequency-domain reflectance for the determination of the scattering and 

absorption properties of tissue,” Applied Optics, vol. 30, no. 31, p. 4474, Nov. 

1991, doi: 10.1364/AO.30.004474. 

[39]       T. J. Farrell, M. S. Patterson, and B. Wilson, “A Diffusion Theory Model of 

Spatially Resolved, Steady-State Diffuse Reflectance for the Noninvasive 

Determination of Tissue Optical Properties in Vivo,” Medical Physics, vol. 19, no. 

4, 1992, doi: 10.1118/1.596777. 

[40]       M. Keijzer, W. M. Star, and P. R. Storchi, “Optical diffusion in layered media,” 

Applied optics (2004), vol. 27, no. 9, pp. 1820–1824, doi: 10.1364/AO.27.001820. 

[41]       J. D. Moulton, “Diffusion modeling of picosecond laser pulse propagation in 

turbid media,” 1990. 

[42]       B. C. Wilson, M. S. Patterson, and D. M. Burns, “Effect of photosensitizer 

concentration in tissue on the penetration depth of photoactivating light,” Lasers in 

Medical Science, vol. 1, no. 4, pp. 235–244, Dec. 1986, doi: 

10.1007/BF02032418. 

[43]       B. S. Nichols et al., “A Quantitative Diffuse Reflectance Imaging (QDRI) System 

for Comprehensive Surveillance of the Morphological Landscape in Breast Tumor 

Margins,” PLOS ONE, vol. 10, no. 6, p. e0127525, Jun. 2015, doi: 

10.1371/journal.pone.0127525. 

[44]       L. Rovati, A. Bandera, M. Donini, G. Salvatori, and L. Pollonini, “Design and 

performance of a wide-bandwidth and sensitive instrument for near-infrared 

spectroscopic measurements on human tissue,” Review of scientific instruments, 

vol. 75, no. 12, pp. 5315–5325, doi: 10.1063/1.1818588. 

[45]       R. M. P. P. Doornbos, R. Lang, M. C. Aalders, F. W. Cross, and H. J. C. M. C. 

M. Sterenborg, “The determination of in vivo human tissue optical properties and 

absolute chromophore concentrations using spatially resolved steady-state diffuse 



142 

reflectance spectroscopy,” vol. 44, no. 4, pp. 967–981, 1999, doi: 10.1088/0031-

9155/44/4/012. 

[46]       M. L. Flexman, H. K. Kim, R. Stoll, M. A. Khalil, C. J. Fong, and A. H. Hielscher, 

A wireless handheld probe with spectrally constrained evolution strategies for 

diffuse optical imaging of tissue, vol. 83, no. 3. United States: American Institute 

of Physics, 2012, pp. 033108-033108–8. 

[47]       T. J. Farrell, B. C. Wilson, and M. S. Patterson, “The use of a neural network to 

determine tissue optical properties from spatially resolved diffuse reflectance 

measurements,” Physics in medicine & biology, vol. 37, no. 12, pp. 2281–2286, 

doi: 10.1088/0031-9155/37/12/009. 

[48]       S.-Y. Tsui, C.-Y. Wang, T.-H. Huang, and K.-B. Sung, “Modelling spatially-

resolved diffuse reflectance spectra of a multi-layered skin model by artificial 

neural networks trained with Monte Carlo simulations,” Biomedical Optics 

Express, vol. 9, no. 4, p. 1531, Apr. 2018, doi: 10.1364/BOE.9.001531. 

[49]       Y.-W. Chen and S.-H. Tseng, “Efficient construction of robust artificial neural 

networks for accurate determination of superficial sample optical properties,” 

Biomedical Optics Express, vol. 6, no. 3, p. 747, Mar. 2015, doi: 

10.1364/BOE.6.000747. 

[50]       C.-Y. Wang, T.-C. Kao, Y.-F. Chen, W.-W. Su, H.-J. Shen, and K.-B. Sung, 

“Validation of an Inverse Fitting Method of Diffuse Reflectance Spectroscopy to 

Quantify Multi-Layered Skin Optical Properties,” Photonics, vol. 6, no. 2, p. 61, 

May 2019, doi: 10.3390/photonics6020061. 

[51]       M. Jäger, F. Foschum, and A. Kienle, “Application of multiple artificial neural 

networks for the determination of the optical properties of turbid media,” Journal of 

Biomedical Optics, vol. 18, no. 5, p. 057005, May 2013, doi: 

10.1117/1.JBO.18.5.057005. 

[52]       G. Yuan, U. Alqasemi, A. Chen, Y. Yang, and Q. Zhu, “Light-emitting diode-

based multiwavelength diffuse optical tomography system guided by ultrasound,” 

Journal of Biomedical Optics, vol. 19, no. 12, p. 126003, Dec. 2014, doi: 

10.1117/1.JBO.19.12.126003. 



143 

[53]       K. Vishwanath et al., “Portable, Fiber-Based, Diffuse Reflection Spectroscopy 

(DRS) Systems for Estimating Tissue Optical Properties,” Applied Spectroscopy, 

vol. 65, no. 2, pp. 206–215, Feb. 2011, doi: 10.1366/10-06052. 

[54]       G. M. Palmer and N. Ramanujam, “Monte Carlo-based inverse model for 

calculating tissue optical properties Part I: Theory and validation on synthetic 

phantoms,” Applied Optics, vol. 45, no. 5, p. 1062, Feb. 2006, doi: 

10.1364/AO.45.001062. 

[55]       P. di Ninni, F. Martelli, and G. Zaccanti, “Intralipid: towards a diffusive reference 

standard for optical tissue phantoms,” Physics in Medicine and Biology, vol. 56, 

no. 2, pp. N21–N28, Jan. 2011, doi: 10.1088/0031-9155/56/2/N01. 

[56]       B. W. Pogue and M. S. Patterson, “Review of tissue simulating phantoms for 

optical spectroscopy, imaging and dosimetry,” Journal of Biomedical Optics, vol. 

11, no. 4, p. 041102, 2006, doi: 10.1117/1.2335429. 

[57]       V. G. Peters, D. R. Wyman, M. S. Patterson, and G. L. Frank, “Optical properties 

of normal and diseased human breast tissues in the visible and near infrared,” 

Physics in Medicine and Biology, vol. 35, no. 9, pp. 1317–1334, Sep. 1990, doi: 

10.1088/0031-9155/35/9/010. 

[58]       B. Aernouts et al., “Supercontinuum laser based optical characterization of 

Intralipid® phantoms in the 500-2250 nm range,” Optics express, vol. 21, no. 26, 

pp. 32450–32467, doi: 10.1364/OE.21.032450. 

[59]       P. di Ninni, F. Martelli, and G. Zaccanti, “The use of India ink in tissue-simulating 

phantoms,” vol. 18, no. 26, pp. 26854–26865, 2010. 

[60]       G. M. Hale and M. R. Querry, “Optical Constants of Water in the 200-nm to 200-

μm Wavelength Region,” Applied Optics, vol. 12, no. 3, p. 555, doi: 

10.1364/AO.12.000555. 

[61]       F. Martelli and G. Zaccanti, “Calibration of scattering and absorption properties 

of a liquid diffusive medium at NIR wavelengths. CW method,” Optics express, 

vol. 15, no. 2, pp. 486–500, doi: 10.1364/OE.15.000486. 



144 

[62]       P. di Ninni, F. Martelli, and G. Zaccanti, “Effect of dependent scattering on the 

optical properties of Intralipid tissue phantoms,” Biomedical Optics Express, vol. 2, 

no. 8, p. 2265, Aug. 2011, doi: 10.1364/BOE.2.002265. 

 




