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ABSTRACT OF THESIS 

 

Positron Emission Tomography (PET)/Computed Tomography (CT) Guided 

Diffuse Optical Tomography (DOT) Study for Breast Cancer Imaging 

 

by 

 

Kavita Kumar 

 

Master of Science in Biological Engineering and Small – scale Technologies 

 

University of California, Merced, 2018 

 

Professor Changqing Li, Chair 

 

 Diffuse optical tomography (DOT) is known to be a promising imaging technique 

for breast cancer detection. It involves the detection of transmitted light photons in the 

near infrared range through soft biological tissues. It can provide functional images of 

oxyhemoglobin, deoxyhemoglobin, water and lipid content in breast tissue. DOT itself is 

low – cost and uses non – ionizing light. However, it is ill – posed and has low spatial 

resolution. Structural prior information from other imaging modalities can be used to 

counter these issues. Computed tomography (CT) utilizes high - energy x-ray photons to 

obtain high spatial resolution images and can provide good structural information for 

DOT. Positron emission tomography (PET) is a nuclear medicine imaging technique that 

can be used to observe the metabolic processes in the body. A PET/CT guided DOT 

imaging system can be used for therapeutic monitoring during neoadjuvant chemotherapy 

in breast cancer patients.  

 In this study, Clinical PET and CT breast images containing a breast tumor is 

used to create 3D meshes using the finite element mesh method. The process involves 

applying an edge detection algorithm to the CT images. The breast tumor location is 

extracted from the PET images via a thresholding method. After the breast mesh is made, 

the breast tumor location is interpolated to the breast mesh nodes. Two different breast 

meshes are compared in this study. Three different detector based setups for the two 

breast mesh cases are compared. The soft prior method of reconstruction is used which 
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requires the use of structural prior information from the CT images and segmentation. 

The results presented are for the two different breast mesh cases and compare different 

noise levels. The reconstruction results validate the feasibility of the design and 

optimization of the optical detectors and laser sources for a future physical PET/CT 

guided DOT imaging system.  
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Chapter 1 

 

Overview 

 

1.1 Breast Cancer Research Overview  

 

 

1.1.1 History   

 

Breast cancer is the deadliest cancer among women in the United States [1]. 

Contrary to popular belief, 85% of breast cancers occur in women who have no family 

history of it [1]. The remaining percentage of breast cancer occurs from gene mutations 

inherited by one’s mother or father. As of today, 1 in 8 American women will develop 

invasive breast cancer during her lifetime [1].  

Before the 2000’s breast cancer death rates were increasing every year [1]. In the 

1970’s surgeons would perform radical mastectomy as soon as a breast lump was 

biopsied [2]. During that time breast cancer was an unspeakable disease and breast 

preservation treatments were not considered. In 1972, the Breast Cancer Detection and 

Demonstration Project (BCDDP) was founded and promoted self-breast cancer screening 

[2]. For the next 20 years there was much rallying to the federal government by popular 

celebrities, wives of important politicians, journalists and many advocacy groups. This 

allowed for $210 million from the Department of Defense (DOD) to be allocated for 

breast cancer research in the fiscal year of 1993 [2]. Since then, over $2 billion has been 

appropriated to the Breast Cancer Research Program (BCRP) [2]. In 1995, it was reported 

that San Francisco Bay Area had the highest incident rates of invasive breast cancer in 

the world [3]. This report led to the formation of the California Breast Cancer Research 

Program (CBCRP) which studied the environmental factors, lifestyle habits and risk 

factors related to breast cancer [2] . The results from the study conducted by CBCRP 

showed a need for a transdisciplinary research program and after much lobbying to 

congress, Breast Cancer and Environment Research Centers (BCERCs) were formed. 

With 7 years of funding, the purpose of the BCERCs was to bring together biologists, 

epidemiologists, clinicians, stakeholders, advocates and many scientists to pioneer a 

novel model for conducting research. Due to the investment in transdisciplinary research 

methods, breast cancer incidence rates have been decreasing in the United States at a 

rapid rate. However, it is still expected that 40,920 women will die due to breast cancer in 

the year 2018 [1]. There is still a large need for awareness and advances in detection 

methods.   
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1.1.2 Diagnosis  

The first step of treatment is adequately diagnosing breast cancer. The diagnosis 

process involves analyzing the abnormal findings at the clinician’s office from the 

palpation exam. About 80% of breast cancer cases are diagnosed from finding breast 

masses during the palpation exam [4]. These masses are single, hard and have a less 

smooth surface. Bloody nipple discharge, skin changes, abnormalities of the nipple and 

areola, and swollen lymph nodes can also provide implications of breast cancer [4]. It’s 

important to understand that many breast lumps may show up during the palpation exam, 

but they may be benign and not cancerous. These non-cancerous breast lumps may just 

be abnormal growth and should be monitored for changes [5].  

Most breast cancers are ductal cancers which means they begin in the ducts that 

carry milk to the nipple. Another common type are lobular cancers which involve cancer 

in the glands that make breast milk. Once the cancer becomes malignant it can spread to 

other parts of the body through the lymph system. The lymph system are collections of 

immune system cells that can allow for breast cancer cells to drain into under the arm, 

around the collar bone and inside the chest. Knowing that breast cancer cells can spread 

and create cancer in other areas of the body such as the chest makes it a deadly disease 

[5].  

1.1.3 Current commonly used imaging methods for detection 

This sub-section provides an overview of the current commonly used imaging 

methods for detection which include: mammography, breast ultrasound, magnetic 

resonance imaging (MRI) and positron emission tomography (PET). Note: 

histopathological examination is also a common detection method but is invasive [4].  

Mammography  

 The United States Preventative Services Task Force (USPSTF) recommends all 

women to start routine breast cancer screening using mammograms after the age of 50 

[6]. Mammograms involve placing the patient’s breast on a flat support plate then 

compressing with a parallel plate. X-rays then pass through the breast and are captured by 

detectors [7]. Compression makes dense breasts more difficult to image since they can 

“mask” the cancerous regions. As age of the patient increases the amount of fat in breasts 

also increase and these fatty regions appear dark on mammograms. The compression of 

breasts with fatty regions may cover up the small cancers during imaging which can 

make early detection difficult [7]. Mammography has multiple advantages and 

disadvantages. Some advantages are that it is the only appropriate method of mass 

screening for American women [8]. Every year mortality due to breast cancer is reduced 

because of yearly mammogram screening. It also prevents use of aggressive therapies and 

the need for more expensive screenings. However, mammograms do involve ionizing 
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radiation risk to women which can cause cancer. It also results in false positive reports 

which prompt for unwanted biopsies [8].  

Digital Breast Tomosynthesis is a common 3D mammography technique where x-

rays are taken at different angles to create cross-sections. It uses a slightly larger dose of 

x-ray radiation than standard mammography [7].  

The American College of Radiology (Breast Imaging-Reporting and Data System, 

or BI-RADS) has four groups that separate mammographic densities which include: fat, 

fibroglandular tissue, heterogenic density and extremely dense [7]. This differentiation is 

important for distinguishing different breast cancer risks and is the only classification of 

mammographic density used clinically [7]. 

Breast Ultrasound 

 Ultrasound uses high – frequency sound waves and is feasible for women with 

suspected breast lesions. Its advantages are that it can be used for young, pregnant or 

lactating women that have breast lesions. It can also be used to analyze lesions after 

artificial breast implantation. Lastly, it can be used as an alternative confirmation for 

palpable masses and lesions [4]. Some disadvantages are that it may not be good for early 

detection because of poor spatial resolution [4].  

Magnetic Resonance Imaging (MRI)  

MRI uses magnetic fields to produce cross-sectional images and is very good for 

the soft tissues of the breast. The use of molecular gadolinium – based contrast agent, 

which is injected intravenously, can provide high sensitivity for detecting breast cancer. 

However, MRI is a very expensive imaging modality[9] . It is associated with giving 

close to 20% false positives reports and 1% false negative results due to technological 

limitations. Only women who have a high risk of breast cancer such as family history, 

genetic testing and a review of clinical history are the best candidates for MRI exams [9].  

Positron Emission Tomography (PET) 

 PET uses FDG (fludeoxyglucose) as a contrast agent for tumor detection [10]. 

FDG is a radioactive analog of glucose and can be used to mark the increased metabolic 

activities of the rapidly growing breast cancer cells. It is highly sensitive and 

demonstrates high sensitivity for malignant lesions. However, studies have shown that 

PET is not suitable for early detection which requires the ability to detect small (< 1.0 

cm) breast masses [10]. It has also been seen demonstrate a high number of false – 

negative reports. This makes PET imaging not suitable for small and low – grade lesions 

[11].   
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1.2  DOT Overview 

1.2.1 DOT background 

Diffuse Optical Tomography (DOT) is a very lucrative imaging modality because 

it is non-ionizing, non-invasive and a low-cost technique [12]. The breast tissues 

contributing mainly to their optical properties, such as the absorption coefficient and the 

reduced scattering coefficient, are mainly composed of hemoglobin and water which have 

a low absorption window in the 650-950 nm [12]. This allows for near infrared (NIR) 

light to be transmitted over the breast tissues. The absorption coefficient is referred to as 

µa and the reduced scattering coefficient is referred to as µs [13]. The point at which the 

light is emitted is referred to as the source position. The optical photons from the source 

are propagated inside breast tissues. Most of them are scattered and absorbed. A few of 

them are diffused to the breast surface to be detected with typical optical detectors such 

as charge-coupled devices (CCD), photomultiplier tube (PMT), or photodiodes. The 

source and detectors are placed with different designs[14].  

The photon propagation inside breast tissue can be modeled by the diffusion 

equation, which can be solved by a finite element method (FEM) based on a finite 

element mesh [12]. This is referred to as the forward modeling. The reconstruction of 

DOT imaging can be performed by minimizing the differences between the forward 

model predictions and the physical measurements. An inverse problem is solved by 

updating the chromophore concentration at each node in the mesh [14].   

The low – cost, non – invasive and non – ionizing benefits of DOT makes it a 

very lucrative imaging modality. However, DOT has low spatial resolution and is an ill-

conditioned inverse problem. Photon scattering also makes it difficult to pinpoint breast 

tumor position and size. The purpose of the rest of chapter 1 is provide detail on each of 

the subjects covered in subsection 1.2.1.  

1.2.2 Advantages of performing DOT 

 There are many advantages to performing DOT. It is safe to use because of its non 

– ionizing radiation and it is low cost. Near infrared light used in DOT can penetrate 

through 10 cm of tissue which allows for imaging of the entire breast [12]. The tissue 

bulk optical properties obtained provide chromophore concentration maps of the water, 

lipid and oxy – and deoxy – hemoglobin. This information can allow for measuring 

changes in the optical properties of the breast during neoadjuvant chemotherapy [13]. 

 A recent study published by Columbia University used DOT to measure the 2 – 

week percent change in DOT hemoglobin concentrations associated with breast cancer 

[15]. They analyzed the residual cancer burden (RCB) in breast cancer patients by 

performing DOT before neoadjuvant chemotherapy (NACT) and after [15]. NACT has 

been performed for decades and is also known as primary chemotherapy [16]. NACT is 

given to patients because of its ability to decrease the size and extent of the tumor as a 
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breast-conserving treatment [16]. The purpose of using DOT while monitoring NACT is 

to help patients determine the need for breast removal surgery or mastectomy. In the 

study by Columbia University, DOT imaging was performed before the initiation of 

NACT and every two weeks up to the time before surgery took place. In their outcomes, 

they were able to see the association between the 2-week percent change of 

deoxyhemoglobin, hemoglobin and water fraction as well as the assessment of the RCB 

response [15]. They specified that there are numerous other imaging modalities that can 

also evaluate the biological activity of breast tumors such as MRI and PET. However, 

those imaging modalities require injection of intravenous contrast agents, are time 

consuming and even expose the patient to radioactive ionizing components that can cause 

cancer [15]. This study by Columbia University was a motivating factor of my feasibility 

study because they proved the positive implications of using DOT in safe and efficient 

breast cancer neoadjuvant chemotherapy monitoring.  

1.2.3 DOT systems 

Continuous Wave  

 This subsection provides a brief overview of the general DOT systems. The 

primary interest in this study is the continuous wave (CW) based method because of its 

low cost, simplicity and high signal – to – noise ratio [17]. Light beams from laser 

modules are transmitted to an optical switch. This switch passes the beams individually to 

preselected points on the breast surface via source fiber bundles. There can be a ring 

structure that holds the source and detector fiber bundles. The light photons collected by 

the detector units are converted into voltage signals. These signals are then collected by 

the computer through a data acquisition board [17]. Alternatively, a charge coupled 

device (CCD) camera can be used instead of the detector fiber bundles to develop the 3D 

imaging of the entire breast. This single detection element and imaging window can 

reduce the number of calibration coefficients that come from using multiple detector 

elements [18].   

Frequency Domain  

 Another DOT instrument design is the frequency – domain system. It uses 

intensity modulated light to allow for measurement of the intensity and phase which is 

influenced by absorption and diffusion coefficients. The system requires time to scan 

multiple frequencies. A past study has shown the use of a single source – single detector 

scheme to allow for fast multiplexing and minimization of data acquisition time [19]. This 

single – source – single detector schematic includes linear translation stages that allow 

for source and detector multiplexing. A 100 ms sample of source and detector signals are 

taken at 10 kHz for a total of 256 measurements. The system in the study had errors such 

as the drift of the detectors and that not all measurements have the same AC or DC 

intensities. The source – detector arrangement variations in transmitted intensity between 

fibers also ranged up to 30%. However, despite the errors in the study the combination of 
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intensity modulated signal detection and iterative image reconstruction can be feasible for 

tumor detection [19].  

Time Domain  

 In the time domain system, measurements are made at multiple times and require 

time to average enough signal for achieving acceptable results. It consists of injecting 

picosecond pulses and can localize deep perturbations (depth > 3 cm) [20]. It can increase 

depth sensitivity with increased photon traveling time allowing for collection of different 

measurements with different spatial sensitivity. It requires the use of high – quantum 

efficiency time – domain detectors and has low measurement speed. Due to the cost of 

sources, detectors and timing electronics, it is not widely used [20].  

1.2.4 DOT modeling and reconstruction  

 This subsection provides an overview of the forward model and reconstruction 

method of DOT.  

The radiative transfer equation (RTE) also known as the Boltzmann transport equation is 

used to model photon propagation in biological tissue medium. In time domain the RTE 

is given as [21]  

(
1

𝑐

𝛿𝐿

𝛿𝑡
+ 𝑠.̂ ∇𝐿(𝑟, 𝑡, �̂�) + ( µ𝑠 + µ𝑎)𝐿(𝑟, 𝑡, �̂�) =         (1.1) 

µ𝑠 ∫ 𝐿(𝑟, 𝑡, �̂�′)𝑓
4𝜋

(�̂�, �̂�′)𝑑2�̂�′ + 𝑞(𝑟, 𝑡, �̂�) 

With L being the energy transfer per unit time and radiance being L(r,t, �̂�), and 𝑞(𝑟, 𝑡, �̂�) 

is the source of the inside, and f(�̂�, �̂�′) is the scattering phase function. The spatial 

location and angular direction of the discretization are implemented, and the equations 

are derived in RTE. The first order simplification of the RTE is the diffusion equation 

shown below [21]  

 

(−∇. 𝑘(𝑟)∇ + (µ𝑎(𝑟) +  
𝑗𝜔

𝑐
)) 𝜙(𝑟, 𝜔) =  𝑞𝑜(𝑟, 𝜔)      (1.2) 

 

This equation is in the frequency domain, where the frequency is ω = 2πf and k(r) is the 

diffusion coefficient, ϕ(r) is the photon flux density at position r, c is the speed of light 

and µa(r) is the absorption coefficient. The zero – frequency case of the frequency domain 

is the continuous wave.  

In the continuous wave domain, the propagation of near infrared light in breast tissue is 

modeled by solving the diffusion equation [22], seen below as  
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−𝛻 ∙ [𝑘(𝑟) 𝛻 𝛷 (𝑟)] +  µ𝑎(𝑟)𝛷(𝑟) =  𝒬𝑜(𝑟)       (1.3) 

 

𝛷(𝑟) is the photon density, 𝒬𝑜(𝑟) is the isotropic light source at position 𝑟, 𝛻 is the 

gradient operator, µ𝑎(𝑟) is the absorption coefficient and 𝑘(𝑟) is the optical diffusion 

coefficient which is defined below as [22]  

𝑘(𝑟) =
1

3[ µ𝑎(𝑟) +  µ𝑠
′ (𝑟)]

 

  

with  µ𝑠
′ (𝑟) being the reduced scattering coefficient. The air – tissue boundary is 

represented by the refractive index mismatch. The following equation accounts for the 

internal reflection of light back into the tissue [23]   

−2𝛼�̂� ∙ 𝑘(𝑟)𝛻𝜙(𝑟) =  Φ(𝑟)        (1.5) 

where �̂� is the unit normal vector to boundary surface and 𝛼 depends on the refractive 

index mismatch between the air and tissue [22]. α is determined by the difference between 

the measurement data and the numerical calculations obtained from the forward model. 

Photons are modeled propagating through the breast tissue using the finite element mesh 

method. In this method, the volume of the breast is divided into small elements and the 

diffusion equation is solved at the nodes that connect these elements. This allows the 

photon density, 𝛷, to be obtained [12].  

By solving the DOT inverse problem, the optical absorption maps can be 

obtained. However, DOT is known to be ill – posed so regularization methods are used in 

the reconstruction. The first step is iterative minimization of the quadratic error between 

the modeled and measured data [24]: 

    Ω = 𝑚𝑖𝑛µ𝑎
{||𝑦 − 𝐹(µ𝑎)||

2
2

+  𝜆|| 𝐿(µ𝑎 −  µ𝑎0)||
2
2

}  (1.6) 

where Ω is the objective function to minimize, 𝜆 is the regularization parameter, L is the 

dimensionless penalty matrix which is obtained from another structural imaging 

modality[22]. If information from another structural imaging modality is not available 

then L can be replaced with an identity matrix I [22] . The Jacobian, or sensitivity matrix, 

is found for each iteration. This sensitivity is the Δϕ/Δµ𝑎 at each node in each 

measurement. Since continuous wave measurements are simulated in this study, only the 

absorption coefficients are recovered [12]. The scattering coefficients are considered 

constant and known. There is update after each iteration of difference calculation 

between the measured and modeled data. This updating equation or the Levenberg – 

(1.4) 
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Marquardt algorithm is based on the nonlinear Newton iterative method seen below as 

[25] [26] [27]: 

(𝐽𝑇𝐽 +  𝜆𝐿𝑇𝐿)𝛿µ𝑎 = 𝐽𝑇(𝑦 − 𝐹(µ𝑎))     (1.7) 

Here, J is the Jacobian (sensitivity matrix) with a dimension of M x N. M is the number 

of measurements and N is the number of nodes. The L matrix is calculated before the 

reconstruction from another imaging modality. The update is seen by 𝛿µ𝑎 =  µ𝑎 − µ𝑎0. 

The maximum number of iterations used in this study is 20. When convergence occurs, 

the solution is accepted [22].  

 

1.2.5  DOT for breast cancer 

 The use of non-ionizing near infrared light makes DOT a safe imaging modality. 

This has enabled it to be performed on women in a large age group ranging from about 

38 – 60 years of age[28]. It can also be performed on pre-menopausal women down to 

about 30 years of age to menopausal elderly women as well [29] . The decision for 

whether a woman is suitable for DOT is determined by the clinician, largely depending 

on the stage of the cancer.  

DOT is useful for identifying different tissue types in the breast. The tissues found 

in the breast include adipose, fibroglandular and tumorous tissues [12]. Fibroglandular 

tissue has higher water and hemoglobin content where adipose tissue has higher lipid 

content. The recovered chromophore concentrations during DOT imaging such as 

hemoglobin, water and lipid content can allow for distinguishing between the different 

breast tissue types thereby allowing for calculation of percent breast density. Breast 

density is an independent risk factor for breast cancer that is based on the amount of 

fibroglandular tissue present within the whole breast volume [12].  

DOT can be used to measure different types of tumors depending on size as well. 

The smallest lesion DOT itself can accurately quantitively image are cysts ranging down 

to the size of 15 mm [28]. Cysts are different from solid breast tumors in sense that they 

have lower absorption and scattering coefficients compared to the surrounding normal 

tissue [30]. Solid tumors have higher absorption and scattering coefficients compared to 

the normal surrounding tissues [30]. DOT can also distinguish different types of tumors 

including benign tumors such as fibroadenoma and malignant tumors such as invasive 

ductal carcinoma [31]. The ability to accurately quantitively image different tumor types 

depends on the size of the tumor and inflammation in the imaging area [31].  
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1.3 Multimodal Imaging Overview  

1.3.1 Structural guidance 

 

 Structural or anatomical imaging modalities include Computed Tomography 

(CT), Magnetic Resonance Tomography (MRI) and ultrasound. These imaging 

modalities provide high resolution morphological information. CT can allow for precise 

assessment of the size and location of tumors. CT uses x – ray radiation and too much x – 

ray exposure can lead to development of cancer. Ultrasound can have difficulty in 

defining the location of the tumors. However, ultrasound is a non – ionizing and portable 

imaging modality. MRI can allow for better differentiation between regions where the 

tumor is location. However, it is very high cost and requires the use of contrast agents 

[32].  

 

1.3.2 Functional imaging modalities 

 

Popular functional imaging modalities include optical tomography and Positron 

Emission Tomography (PET).  

 

Optical tomography uses non – ionizing near – infrared photons in the wavelength 

range of 650 to 950 nm. The photons can reach a depth of up to several centimeters 

which allows soft tissues like the breast and brain to be important regions of interest. It 

can allow information relating to the oxy- and deoxyhemoglobin content to be collected 

which are physiological markers of cancer to due fast cancer cell growth. Its non – 

invasiveness and ability to provide functional information makes it a lucrative imaging 

method. However, optical tomography has low spatial resolution [33].  

 

Positron Emission Tomography can be used as noninvasive metabolic monitoring 

[34]. Patients with microscopic and macroscopic breast cancer can be differentiated after 

the first round of chemotherapy using FDG PET. Early information of tumor can be 

helpful in determining the best therapeutic strategy for patients. First, a radioactive 

substance such as FDG (2-[18F]-fluoro-2-deoxy-D-glucose) is injected into the patient 

[35]. Then, after about 60 – 120 minutes the patient is brought in for the scan. The 

positron emitted from the FDG collides with the electron in the tissue of the patient. This 

annihilation reaction produces two 511 keV gamma rays that are captured by the 

detectors [35]. PET scan can be used in conjunction with chemotherapy to see the tumor 

glucose metabolism. When the glucose metabolism of the tumor decreases, it can be 

concluded that the tumor is decreasing itself. In past research this has proven to be a 

substantial promise in noninvasive metabolic marking in cancer treatment [34]. Despite 

the benefits of PET, it also has low spatial resolution and provides low structural imaging 

capability.  
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There is no imaging modality that can provide both high functional sensitivity and 

high resolution for anatomical structures. Therefore, the combination of two or more 

imaging modalities is desirable [36]. 

                                                                                                             

1. 4  Anatomical Guidance Overview 

1.4.1 Anatomical guidance applications in different imaging modalities 

CT guided PET 

 CT guided PET combines anatomic and metabolic imaging information to 

improve monitoring in response to therapy. FDG – PET can be limited in its ability to 

detect small primary breast tumors [11]. However, integrated PET/CT can provide 

accurate localization of functional data with high – resolution anatomical CT images. In a 

previous study, patients have been able to use the dedicated PET/CT system [37]. Here, 

an initial CT scan is done followed by a PET scan. Then the reconstructed x – ray 

attenuation – corrected PET images are fused with corresponding CT images. This study 

has resulted in low false – negative findings and diagnosis of recurrent tumor in breast 

cancer patients at 90% success rate [37].  

MRI guided PET 

 MRI guided PET contributes to clinical management of breast cancer. It is 

feasible and produces high quality images. In a previous study, 36 patients received a 

single contrast injection of 18F - FDG and underwent dual – imaging protocol for the 

PET/MRI scan [38]. The results showed identification of 74 positive lesions which 

supports feasibility of the machine in a clinical setting. Despite the benefits, PET/MRI 

has a longer delay time between tracer administration, longer bed positioning and longer 

data acquisition time [38].  

CT guided FMT 

 FMT is fluorescence molecular tomography and uses fluorescence signals for low 

– cost and ionizing – radiation free imaging. The use of fluorescent biomarkers can be 

used to monitor tumor growth and evaluate therapy methods [39]. However, FMT is ill – 

posed and photon scattering is primarily in the low energy visible light photon 

propagation of tissue. CT can be used as a structural prior for FMT. CT guided FMT can 

allow for construction of robust diffusion models. It can also provide high quality 

reconstruction and increase specificity for tumor detection [39] .   

1.4.2 Anatomical guidance for DOT 

 DOT spatial resolution can be improved by anatomical guidance through other 

imaging modalities. Different types of anatomical image guided DOT imaging include, 

MRI – DOT, Ultrasound guided DOT, and combination of optical and x – ray 

tomosynthesis for breast imaging [40]. Several studies have shown that multimodal 
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imaging such as MRI and DOT together can allow for high – resolution structural 

information and functional parameters of cancers to be obtained [41] . This study uses 

CT/PET guided imaging as a structural prior for DOT imaging.   

Structural Priors for DOT 

  There are two known methods of incorporating anatomical guidance into DOT 

image reconstruction: hard prior method and soft prior method [40]. Hard prior must have 

uniform optical properties in the same region. Hard prior method has a strong bias in 

incomplete or incorrect structural priors. Soft prior method can allow for smooth changes 

in the reconstructed optical properties of different regions. But there must be region 

segmentation done by an expert. Kernel method can allow for incorporation of priors 

without target region segmentation [40]. Neighboring voxels can be used to capture 

structural information from anatomical images. The kernel algorithm has been applied in 

previous research to reconstruct dynamic PET images of breast cancer and has achieved 

good results [42]. In this study the soft prior method is compared along with different 

noise levels. The soft prior method for reconstruction is further explained in detail in 

Chapter 3.  

PET/CT anatomical guidance for DOT 

While DOT is known to be low – cost, non – ionizing and efficient it also has low 

spatial resolution. This can lead to false positive results which can give patients stress and 

lead to unnecessary tests and biopsies. The use of dual model imaging of PET can be 

combined to overcome false positive report [42]. Furthermore, the kernel method can 

improve spatial resolution and the accuracy of the reconstructed DOT images. It can 

model the PET image intensity as a function of feature points obtained from prior 

information. A previous study with computed tomography guided DOT multimodal 

imaging reported that the soft prior method provides a negligible amount of false positive 

data [40]. However, the kernel method provides no false positive report [40]. This 

information was proven by analyzing real clinical CT breast images from a woman with a 

2cm tumor mass. The study of CT guided DOT with the kernel method gives good 

background for the study of PET guided DOT [40]. 

1.5 Thesis Outline 

 This thesis describes a PET/CT guided DOT method and system build for breast 

cancer imaging. It presents numerous models and simulations which validate the 

feasibility of the results. In the system set up, the CT will be used to obtain the breast 

structural information. Then, the PET will be simultaneously used to obtain the tumor 

information from the breast. The simultaneous use of the PET/CT will help correct for 

attenuation in the PET imaging. Afterwards, DOT will be performed in a timely manner 

alongside neoadjuvant chemotherapy to monitor tumor changes. DOT is chosen because 

of its use of non-ionizing near infrared light which is safe and low cost. This study 
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provides insight on ability for a PET/CT guided DOT system to be used for safe and 

efficient therapeutic monitoring. 

 Chapter 2 describes the finite element mesh method used to create breast mesh 

models. The meshes are used to solve the diffusion equation, which is important for DOT 

imaging. The breast meshes are specifically generated from breast CT images using edge 

detection via MATLAB. The mesh is also used to find the real tumor location based on 

prior information from the PET images. The results show a 3D model of the breast and its 

respective tumor location. Two different meshes are compared to see if a different mesh 

type has a distinct effect on the DOT simulations. One of the DOT simulations performed 

after obtaining the mesh is the forward modeling. The results from the forward modeling 

show how the DOT photons propagate through the breast. This chapter also compares the 

forward modeling results from the different breast meshes used. This chapter concludes 

by comparing the different detector setups and also provides experimental schematic 

drawings for the ring detector based and camera based imaging systems.  

 Chapter 3 describes the reconstruction that is performed in this study. The 

reconstruction simulations result in information about the optical properties of the breast 

tissue. The reconstruction performed is the soft prior method which requires the use of 

structural prior information which in this study are from the CT/PET images. The results 

presented are for the two different breast mesh cases and compare different noise levels. 

Three different detector based setups are also compared for the two distinct breast mesh 

cases with and without noise.   

This purpose of Chapter 3 is to use the reconstruction results to validate the 

feasibility of the design and optimization of the optical detectors and laser sources for a 

future physical PET/CT guided DOT imaging system.  

 Chapter 4 presents the conclusion for this thesis and implications for future 

studies.
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Chapter 2 

  

FEM Mesh Generation for DOT Imaging 

 

2.1 Introduction  

 The purpose of the first part of this chapter is to provide an overview of the finite 

element mesh (FEM) generation method and its importance. The advantages of the mesh 

are explained in relation to the equations for the forward modeling and reconstruction 

covered in section 1.2.4. Some background is provided on the current popular FEM 

software. Lastly, the mesh generation approach used for this study is briefly described.  

The second section of this chapter first describes the method by why which the 

mesh was generated from clinical breast CT images for this study. Then the method by 

which the breast tumor information was acquired from the PET images is described. The 

breast tumor generated plot is interpolated to match the breast mesh. Two different breast 

mesh cases are compared. Three different detector setups are presented for the two breast 

mesh cases. Experimental schematic drawings are presented for the ring detector based 

and camera based imaging systems. Finally, the forward modeling results from the two 

different breast mesh cases are presented. These results are used for the reconstruction 

done in Chapter 3.  

2.2 Overview of FEM Mesh Generation 

2.2.1 FEM background 

 The finite element method (FEM) is used to solve differential equations 

numerically on a finite element mesh. The mesh is composed of many mesh elements 

which divide a geometrical domain into smaller regions known as a mesh element. Each 

mesh element has several finite element nodes. For the tetrahedral mesh, each element 

has four nodes. The differential equation is solved by finding solutions in a finite number 

of nodes in the mesh. The unknown parameters are approximated using known base 

functions and are based on the nodes. The equations in the finite element method are 

integrated over each element and summed over the entire geometric domain [43].  

Mesh Generation Technique 

 The finite element method is a very powerful tool but creating the mesh can be 

very error – prone if done manually. Recognizing this concern, numerous methods have 

been devised to automate the mesh generation. Some methods include: mesh topology 

first, nodes first, adapted mesh template and nodes and elements simultaneously [44]. The 

basis of the mesh are mainly triangles and quadrilaterals because they have defined 

angles which make them good discretized elements. Triangles and quadrilaterals in 2D 



14 
 

 
 

can also be easily converted into triangles and quadrilaterals of similar sizes. Common 

mesh generators make a mesh of triangles by creating all the nodes then connecting them. 

The Delaunay triangulation maximizes the sum of the smallest angles of the triangles and 

is obtained by connecting points associated with neighboring polygons [44]. Some mesh 

generation methods are not able to generate an initial mesh that is good enough. They 

require postprocessing techniques to improve the mesh. Steps of postprocessing 

techniques include first subdividing elements of the desired type, then refining elements 

to compatible sizes and finally applying a mesh smoothing technique. The overall quality 

of the mesh can be compared by element type, element shape, mesh density control and 

time efficiency [44].  

FEM for DOT Modeling 

The finite element method is used in this study to model the optical photon 

propagating through breast tissues. The whole volume of the breast is divided into 

discrete elements and the photon propagation is modeled by solving the diffusion 

equation [12]. (The diffusion equation, forward modeling and reconstruction equations 

are explained in detail in section 1.2.4.) In the forward modeling, the source and detector 

positions are assigned. The breast tissues are assigned appropriate optical properties such 

as the absorption coefficient and the reduced scattering coefficient which can be obtained 

from literature [45]. From the forward model, the measurements can be predicted and 

calculated. The inverse problem is specifically solved for obtaining the reconstructed 

optical absorption maps by minimizing the difference between the measurements and the 

predicted values [12]. The next subsection describes some popular FEM mesh generation 

software. The mesh generation software used in this study is also explained.  

2.2.2 Popular FEM mesh generation software 

 Below are a few common FEM mesh generation software. Note that not all mesh 

generation software are listed and explained in detail here.  

NIRFAST 

 NIRFAST was originally developed in 2001 by Dartmouth University. It can 

import medical images from conventional imaging systems like MRI and CT. It can then 

segment the images and create NIRFAST – compatible finite element meshes. Then those 

meshes can be used to model near – infrared light propagation and allow for creation of 

reconstructed images of chromophore maps. This software tool is helpful for modeling an 

optical system with multi – modal imaging capabilities. It is a sophisticated MATLAB – 

based package [23][46]. 

Toast++  

 Toast++ is an open – source software environment developed by the University 

College London. It has a hierarchical set of core libraries written in C++ for matrix 
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computation, finite – element computation and iterative parameter reconstruction. The 

finite – element subsystem has the Mesh class which represents essentially the mesh 

components including node coordinates and list of elements. Toast++ has support for 

different element types as well. It most importantly can solve the forward and inverse 

problems in DOT. It has a set of libraries that can simulate the near – infrared light 

propagation in a heterogenous media. It also uses a range of regularization parameters 

which allow for the possibility of incorporating structure priors. Despite being written in 

C++, it can include MATLAB and PYTHON bindings to allow for a rich toolset [47].   

TetGen   

 TetGen is the software used in this study for generating 3D tetrahedral meshes. It 

was developed by Weierstrass Institute for Applied Analysis and Stochastics (WIAS) in 

Germany. For a 3D polyhedral domain, TetGen generates the constrained Delaunay 

tetrahedralization. Delaunay – based algorithms can preserve arbitrary complex topology 

and geometry. The input domain of TetGen is given as a piecewise linear complex (PLC) 

which means the boundary of each cell in set is a union of cells and that if two distinct 

cells intersect then their intersection is a union of cells [48]. This PLC must be given by 

users as an input. This can make the mesh generation difficult because the quality of the 

input given by users must be robust. The input should not have self – intersections and 

must be watertight. TetGen provides many commands to work around complex inputs 

since there is no clear definition for the term “mesh quality [48].”  

The next section will provide steps on how the mesh was generated from clinical 

breast CT images for this study using TetGen. Then describe the process by which the 

tumor location was taken from the PET images and then interpolated from the breast 

mesh. Finally, the chapter will end by comparing different mesh cases with their 

respective forward modeling results.    

2.3 Mesh Generation Results   

2.3.1 Edge Detection with CT images 

 As described in the TetGen subsection, it is necessary to develop a robust 3D 

input with well-defined and evenly spaced points to make the mesh [48]. The foundation 

of the mesh in this study were clinical breast CT images obtained from a patient from UC 

Davis Medical Center. 512 separate images were received and together formed the 3D 

geometry of her breast. These images were viewed using Amide which is a free software 

tool for multimodal medical image analysis [49]. Below, Figure 2.1 show sample single 

images from the 512 total that were received. Amide can allow the user to scroll through 

the images to view the patient’s entire breast.  
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Figure 2.1: Different views of patient’s breast CT scans used in this study [49]. (A) 

transverse view. (B) coronal. (C) sagittal. All 512 images of patient’s breast can be 

viewed by scrolling through.  

 After receiving the images and viewing them using Amide, they were converted 

into DICOM file type [49]. This allowed for the images to opened with MATLAB. The 

goal was to develop a 3D matrix with well - defined and evenly distributed points using 

the CT breast images. These points could then be imported into TetGen to create the 

mesh. As seen in Figure 2.1 the breast contains a bright edge which defines the shape. 

‘Sobel’ was found to be an efficient edge detection method in MATLAB which could 

detect the bright spots in the images. A high threshold value was used to only capture the 

outside breast points and not the internal points. The ‘Sobel’ edge detection method was 

looped over every image in MATLAB to create the 3D breast geometry. However, the 

‘Sobel’ method was not efficient for creating evenly distributed points. As mentioned in 

the TetGen subsection, intersecting points would not be a sufficient input for mesh 

creation [48]. To overcome this constraint, the point cloud obtained after the edge 

detection was redefined using polyshape then a boundary was found to evenly space the 

points. A MATLAB provided function interpac was then used to space 40 points per slice 

(or image). A point grid was then defined at the top and bottom of the breast. It is 

important to note that the artificially placed control on left side of the breast seen in 

Figure 2.1(A) was manually removed.  

The 3D breast geometry was then shifted to the origin to allow for the tumor 

obtained from the PET images to be plotted together. The points were shifted because 

there were only 300 PET images. The pixel sizes and spacing (thickness) between the 

PET and CT images were different as well. Below are the equations applied to the 3D 

breast geometry point matrix.  

𝑋 = (𝑋′ − 256) ∗ 0.41     (2.1) 

𝑌 = (𝑌′ − 256) ∗ 0.41     (2.2) 

𝑍 = (𝑍′ − 256) ∗ 0.135     (2.3) 
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 With X’, Y’ and Z’ representing the initial inputted values and X, Y and Z 

representing the final values. Figure 2.2 shows the final breast 3D geometry created. 

 

Figure 2.2: 3D breast geometry point cloud. (A) Front view. (B) Top down view. 

Both (A) and (B) are the same breast, created from the clinical breast CT images. 

(B) is a rotated version of (A). The 80th image slice to the 470th image slice. There is a 

point grid added to the top and bottom portions of the breast. There are no internal points. 

These changes were made to make the 3D breast geometry points suitable for the mesh 

generation.  

After the points were shifted the breast mesh was generated using TetGen. Figure 2.3 

shows the generated breast mesh.  

 

 

Figure 2.3: Generated breast mesh from 3D breast geometry points. (A) shows the full 

breast. (B) is a cut plane of the breast geometry to show the size of the internal 

tetrahedral.  

2.3.2 Interpolation of tumor geometry from PET   

 This subsection describes the procedure by which the tumor location was obtained 

from the PET images. Then, the process by which the tumor obtained points were 

A B 
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interpolated to match the breast mesh points is described. It was necessary for tumor 

obtained points from the PET images to match the breast mesh points from the CT 

images for the forward modeling and reconstruction to be done because the tumor has no 

contrast in the CT images. 

 The same patient who underwent CT scans also performed PET scans at the same 

position. The CT images and the PET images have the same coordinate. 300 PET images 

of her breast were obtained for this study. These images were viewed using Amide [49] . 

Below, Figure 2.4 show sample single images from the 300 total that were received.  

 

Figure 2.4: Different views of patient’s breast PET scans used in this study [49]. (A) 

transverse view. (B) coronal. (C) sagittal. All 300 images of patient’s breast can be 

viewed by scrolling through. The bright red spot represents the patient’s tumor size and 

location.  

 After receiving the PET images and viewing them using Amide, they were 

converted into DICOM file type [49]. This allowed for the images to be opened with 

MATLAB. The goal was to develop a 3D matrix of points describing the breast tumor 

location and size. Since the tumor is very bright compared to the rest of the breast a very 

high threshold value was set. Then the values matching this threshold or greater were 

stored. These values were found for every image or slice. After the 3D matrix of points 

for the tumor was obtained, these points were shifted. The shift allowed for the 3D breast 

geometry points obtained from the CT to be plotted with points obtained from the PET 

images. Below are the equations applied to the 3D tumor point matrix.  

𝑋 = (𝑋′ − 150) ∗ 0.5       (2.4) 

𝑌 = (𝑌′ − 150) ∗ 0.5       (2.5) 

𝑍 = (𝑍′ − 18.5) ∗  1.34      (2.6) 
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With X’, Y’ and Z’ representing the initial inputted values and X, Y and Z 

representing the final values. Figure 2.5 shows the plot of the breast and tumor together 

after the shift equations were applied.  

 

Figure 2.5: Plot of breast and tumor together. The blue points represent the points of the 

whole breast obtained from the CT images and the orange points represent the points of 

the tumor from obtained from the PET images.  

2.3.3 Mesh cases  

 This subsection describes 2 different mesh cases. Note that the breast portions 

used in this study was cut to allow for the reconstruction to be performed in a timely 

manner. With the entire breast used there would be too many points and reconstruction of 

the optical maps would not be completed by server or would take many days. The entire 

tumor was used in both cases.  

TetGen generates nodes, elements and faces file. The nodes file contains x,y,z 

points along with their respective node numbers. The points from these files were used 

for the rest of simulation and modeling for this study.  

Case 1 

In the first mesh case, slices 80 – 160 were used and skipped every 2nd slice.  

Figure 2.6 (A) shows the plot of the portion of the breast mesh used along with the 

respective tumor points. The tumor points correspond to the breast mesh points. The 

tumor points were found by using a “dsearchn” function in MATLAB. This function 

found the closest respective tumor points based on the 3D matrix of points generated 

from the PET images. Figure 2.6 (B) shows the respective mesh of the portion of the 
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breast used in case 1. Note that the breast mesh does not contain the tumor location 

points. Both the tumor points and breast mesh points are stored in two different files.  

 

Figure 2.6: Breast nodes plot and respective tumor location for case 1. This case contains 

17, 941 nodes, 27,028 faces and 67, 134 elements. (A) is a plot of the breast nodes 

obtained from TetGen. The blue points are the nodes and 69 orange points are the 

respective tumor locations. (B) is the breast mesh for case 1. No tumor points are present 

in the mesh.  

Note that there was a reduction in the amount of mesh points corresponding to the 

tumor location compared to the amount seen in Figure 2.5. This is because there are less 

internal mesh points. With an increase in the internal mesh points then more 

corresponding mesh tumor points can be found.  

Case 2 

In the second mesh case, slices 60 – 220 were used and skipped every 4th slice. 

This case contains a slightly larger breast portion in terms of height used. Figure 2.7 (A) 

shows the plot of the portion of the breast mesh used along with the respective tumor 

points. Again, the tumor points correspond to the breast mesh points and were found by 

using a “dsearchn” function in MATLAB. Figure 2.7 (B) shows the respective mesh of 

the portion of the breast used in case 2.  

 

 

 

 

A B 
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Figure 2.7: Breast nodes plot and respective tumor location for case 2. This case contains 

26,367 nodes, 34,430 faces and 107,834 elements. (A) is a plot of the breast nodes 

obtained from TetGen. The blue points are the nodes and 116 orange points are the 

respective interpolated tumor points. (B) is the breast mesh for case 2. No tumor points 

are present in the mesh.  

2.4 Forward Modeling Results  

2.4.1 Source positions 

Real pencil beam source points are used to represent the source positions for this 

study. For a scattering medium, the real anisotropic source can be approximated by 

another isotropic source inside the scattering medium. In this study, the source points 

were first found on the surface of the breast [50] . Then the closest points 1 mm beneath 

the breast surface were identified. Figure 2.8 below shows the source points found ~1mm 

beneath the surface for case 1. 42 source points are found for case 1.  

A 

B 
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Figure 2.8: Source points for case 1. (A) shows source points found on the surface of the 

breast. The light blue points represent the breast mesh. The red points represent the 

source points. (B) shows source points found ~ 1 mm beneath the breast surface. The 

blue points are the internal breast points. The red points represent the source points on the 

surface of the internal breast points.  

 Figure 2.9 below shows the source points found ~1mm beneath the surface for 

case 2. 44 source points are found for case 2.  

 

 

Figure 2.9: Source points for case 2. (A) shows source points found on the surface of the 

breast. The light blue points represent the breast mesh. The red points represent the 

source points. (B) shows source points found ~ 1 mm beneath the breast surface. The 

blue points are the internal breast points. The red points represent the source points on the 

surface of the internal breast points. 

 

 

A B 

A B 
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2.4.2 Detector positions  

 There are three different detector positions compared in this study. These 

positions include: random detector positioning, ring-based detector positioning and 

camera based detector positioning. The purpose of different detector positioning is to 

compare time efficiency and cost with quality of results.  

 The random detector set up simulates a case with detectors covering the whole 

surface. The ring-based detector set up simulates a single layer of source – detector pairs 

setup on a translational stage[17]. For both the random detector setup and the ring – based 

detector setup, PMTs or photodiodes can be used as photon detectors. PMTs and 

photodiodes with optical fibers have been used for DOT studies for many years. Through 

the absorption of light photons, the PMT’s emit electrons which are then amplified [51]. 

Depending on the amount of PMTs or photodiodes that are used and whether an optical 

fiber switch is implemented this type of set up can result in slow imaging acquisition. For 

these two types of detectors, measurement noise and thermal noise can be present [51]. 

The multifiber based set up like the PMT and photodiodes have high flexibility in 

hardware configuration. The third detector set up compared in this study is using the 

EMCCD camera. The camera can cover a large surface area of the breast. It is non-

contact and can result in plentiful measurement data. It has low – complexity and better 

portability [52]. However, it has poor sensitivity and high noise compared to the fiber-

based detector setups. It can be cost effective as well. However, the ring-based detector 

set up can also be cost effective because of the fixed number of detectors used and 

changes in positioning. This can lower the cost and amount of hardware necessary but 

increase the time spent during image acquisition. The optimal detector set up is analyzed 

based on the reconstruction results presented Chapter 3. 

Random Detector Positioning  

The first detector position examined is random detector positioning along the 

breast surface and covering the whole breast surface. Figure 2.10 shows this positioning 

for mesh case 1 and mesh case 2.  
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Figure 2.10: Random detector positioning along breast surface. (A) 112 random detector 

points (green) are positioned along the breast surface (yellow) for each source point (red) 

for case 1. (B) 188 random detector points (green) are positioned along the breast surface 

(yellow) for each source point (red).  

Ring Based Detector Positioning  

The second detector position examined is a ring based detector positioning along 

the breast surface. A ring of 10 detectors is place along the breast surface then rotated or 

moved up and down depending upon the source point position. Figure 2.11 shows this 

positioning for case 1 and case 2. A schematic of this ring structure is seen in chapter 3.  

 

Figure 2.11: Ring based detector positioning. Ring of 10 detectors is placed on breast 

surface then rotated or moved up and down based on source position. (A) Shows one ring 

of 10 detector positions (green) for the 15th source point (red) for case 1. There is a total 

of 420 detector positions. (B) Shows one ring of 10 detector positions (green) for the 44th 

source point (red) for case 2. There is a total of 440 total detector points.   

A B 

A B 
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 Since the breast is not a defined geometric shape some layers may only have 9 

detector positions. Therefore, both case 1 and case 2 have different amount of detector 

positions.  

Camera Based Detector Positioning  

The third detector position examined is the camera based detector positioning 

along the breast surface. In this setup an EMCCD camera is used to capture a certain 

portion of the breast surface per source position. Figure 2.12 shows this positioning for 

case 1 and case 2. Different patches of the breast surface are detected per source point. 

Mesh case 1 has angle between each patch of 13.92° and Mesh case 2 has angle between 

each patch of 24°. Both cases have a total of 9 different patches. A few different patches 

are seen in Figure 2.12.  

 

 

 

Figure 2.12: Camera based detector positioning. (A) There are 1489 detector positions 

(green) per source point (red) for case 1. (B) Mesh case 1 with different source point. (C) 

There are 1912 detector positions (green) per source point (red) for case 2. (D) Mesh case 

2 with different source point.  

A B 

C D 
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2.4.3 Mask 

 The mask is the ground truth of the target. The background is set to be 0. Every 

target node is set to be 1. Figure 2.13 below specifically shows the comparisons of the 

mask for the case 1 and case 2.  

 

Figure 2.13: Mask for two mesh cases. The dark blue portion is the background. The 

light blue slices represent the breast slices from bottom to top. The red/yellow regions 

represent the breast tumor. (A) Case 1. There are less breast slices because a smaller 

breast mesh is used. (B) There are more breast slices because a larger breast mesh is used.  

2.4.4 The absorption coefficient and the reduced scattering coefficient  

The initial value of the absorption of the breast was set to be 0.007 mm-1 and the 

initial value of the reduced scattering coefficient of the breast was 1 mm-1 [53]. The 

absorption value for the tumor region of the breast is four times the initial absorption 

value, 0.028 mm-1. The reduced scattering coefficient was set equal to the initial value. 

These values were assigned based on literature values from previous studies [53]. The 

values are outlined in Table 2.1 below. The value of interest in this study was the 

absorption coefficient to simulate hemoglobin monitoring [53].  

Table 2.1: Optical properties for breast and breast tumor for both case 1 and case 2.  

 µa µs 

Background 0.007 mm-1 1 mm-1 

Target 0.028 mm-1 1 mm-1 

 

 Figure 2.14 and Figure 2.15 show the plots of the absorption and scattering with 

the defined optical properties. The initial value of the absorption was set to 0.007 mm-1 

which is why the breast background is greenish color. In Figure 2.15, both the initial and 

target value of the scattering is set to 1 mm-1 which is why both regions are red. 

A 

B 
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Figure 2.14: Absorption coefficient plot. (A) case 1. (B) case 2. 

 

Figure 2.15: Reduced scattering coefficient plot (A) Case 1. (B) Case 2.  

 

 

B 

A 
B 
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2.4.5 Phi 

 Phi represents the calculated photon density distributed inside the three – 

dimensional (3D) object and is defined on each node of the finite element mesh. The phi 

values on the surface can be the numerical measurement depending on the definition of 

the detector nodes. For example, in the ring based set up, a single source position is 

turned on and then all 10 detectors are turned on and collect photons on their 

corresponding detector nodes, which are then stored as measured values for the forward 

modeling and the reconstruction. Figure 2.16 shows the images of the calculated photons 

collected when a specific source position is turned on, where the dark red region indicates 

the source position and the color bar scale indicates the calculated phi.  

 

 

Figure 2.16: Calculated images of Phi. (A) Mesh case 1 for source point 11. (B) Mesh 

case 1 for source point 12. (C) Mesh case 2 for source point 11. (D) Mesh case 2 for 

source point 1. Note: the color bar is at a logarithmic scale.  

 

 

 

 

A B 

C D 
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2.5 Experimental Schematic Drawings 

 This section provides two brief experimental schematic drawings for the ring 

based and camera-based detector system. The ring detector set up involves evenly spaced 

detectors and sources placed around the breast. As each source is turned on then all the 

detectors turn on. Then the ring can be shifted up or down or right or left depending on 

where the next source position is desired. See Figure 2.17 below to see the ring based 

detector set up.  

 

 

Figure 2.17: Ring detector set up.  

 In Figure 2.17, four detectors and four sources are seen equally spaced. Note that 

in this study 10 detectors were simulated per source. Since the breast is not a defined 

geometric shape, there were only 9 detectors simulated to be turned on per source 

towards the outward surfaces of the breast. This detector set up is cost effective in that 

the optical switch allows different detectors to be used for multiple acquisitions. The 

random based detector set up is not pictured because it is very similar to the ring-based 

detector set up. However, in random based detector set up, the detectors are placed over 

the whole breast surface for each source position, which represents the best scenario case 

in terms of measurements.  

 The next experimental schematic drawing presented is the PET/CT guided DOT 

camera-based system. See Figure 2.18 below. 



30 
 

 
 

 

Figure 2.18: PET/CT guided DOT camera based imaging system’s experimental 

schematic drawing. 

 In Figure 2.18, there is an x-ray tube for the CT imaging system. The dotted lines 

represent the field of measurement. There is also an anti – scatter collimator on top of the 

detector array. The CT system will take the CT scans for the structural prior information 

for the DOT image reconstruction. There are also PET rings placed around the breast. 

These PET rings will detect the gamma rays that are emitted during imaging. These PET 

rings will be able to move up and down along the breast surface. After the PET ring is 

moved down, the whole system will move around the breast surface to allow for multiple 

DOT acquisitions with the EMCCD camera.  

2.6 Conclusions  

 In summary, breast CT and breast PET images were used to construct 3D breast 

models. Two different breast mesh cases were compared from the generated 3D breast 

models. Three different detector based set ups were created for each of the two breast 

mesh cases. The breast and breast tumor were assigned optical properties. Then, the 

absorption and optical properties were plotted based on the defined values. Finally, the 

measurements were obtained for both breast mesh cases. This chapter concluded by 

providing a visualization of the ring based and camera-based detector systems simulated 

in this study. The reconstruction results from Chapter 3 will provide insight to the 

feasibility of the detector based setups based on the quality of the reconstructed images. 
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Chapter 3  

 

 Reconstruction Results  

 

3.1 Introduction 

 Chapter 3 provides the reconstruction results using the numerical measurements 

from the forward modeling and the detector setups as described in Chapter 2. In Chapter 

2, the optical properties of the breast and breast tumor were defined. Then, measurements 

or photon propagation information was obtained based on the source/detector 

configurations. In Chapter 3, the DOT inverse problem is solved by updating the 

absorption coefficient at each node in the two different mesh cases. The equations used 

for the reconstruction are explained in section 1.2.4 of Chapter 1. DOT is ill – posed so 

regularization methods are used in the reconstruction. The first step is iterative 

minimization of the quadratic error between the modeled and measured data [24]. The 

Jacobian, or sensitivity matrix, is updated after each iteration. There is an update after 

each iteration of difference between the measured and calculated data. This updating 

equation or the Levenberg – Marquardt algorithm is based on the nonlinear Newton 

iterative method [25] [26] [27]. When convergence occurs, the solution is accepted [22]. 

The output is used to map the reconstructed optical properties. There has been extensive 

research done on different types of regularization methods for image reconstruction. The 

typical image reconstruction approach used in this study is the Tikhonov-type 

regularization [54]. This regularization imposes restrictions on the absorption and the 

reduced scattering coefficients. It works best when the unknown optical properties follow 

a Gaussian distribution. This type of regularization provides a clear image of optical 

properties [54].  

This chapter presents multiple reconstruction results with the different mesh cases 

and various detector setups as described in Chapter 2. The results with noise are also 

presented. The purpose of Chapter 3 is to use the reconstruction results to validate the 

feasibility of the design and optimization of the optical detectors and laser sources for a 

future physical PET/CT guided DOT imaging system 

3.2 Soft Prior Reconstruction 

3.2.1 Structural prior 

 As previously mentioned, diffuse optical tomography uses light in the wavelength 

range from 650 to 900 nm to recover images of the internal distribution of breast tissue 

optical properties due to the high penetration power of optical photons in these 

wavelengths. These measurements can be used to estimate the tissue hemoglobin and 

water concentrations using no ionizing radiation and no invasive techniques. However, 
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DOT is a nonlinear, ill-posed and ill-conditioned problem. Incorporation of structural 

prior information, specifically CT derived breast geometry, can help improve the 

quantitative accuracy of the reconstructed DOT images. By knowing the exact location of 

the spatial distribution of the optical properties, breast tumor information can be obtained. 

Therefore, therapeutic monitoring can also be done by monitoring the change of tumor 

optical properties.  

 Structural prior information can help improve the low spatial resolution issues 

DOT poses. A known method of introducing structural prior information is the 

incorporation of hard-priors. In this method the mesh of the 3D object is segmented and 

all nodes within each region are assigned the respective optical properties [55]. The 

optical properties in the same region must be uniform [40]. This method involves the 

reduction of the number of unknown parameters to be estimated. Some issues presented 

are introducing error by incorrect model assumptions and uncertainty in the prior 

information [56]. The co-registration between the DOT imaging system and the one used 

to obtain the structural prior information may not be accurate. Segmentation of the 3D 

object may also introduce classification errors due to digitization [56].  

 The soft prior method has since then been introduced to improve upon the issues 

the hard prior method presents. The soft prior method allows for smooth changes of the 

reconstructed optical properties in various regions [40]. In section 1.2.4 the equations for 

the soft prior method of incorporation of structural priors are described. The λ variable in 

equation 1.6 is the specific regularization parameter that balances the estimate between 

the optical properties and initial values and the data – model misfit [56]. This variable is 

particularly tuned when implementing noise in the reconstruction in this study. The L 

variable in equation 1.6 contains the matrix that is obtained from structural imaging 

modalities such as CT in this study. The L matrix is a penalty matrix where it is 

dimensionless in all cases. It relates each nodal property of the numerical model to all 

other modes within the mesh [56]. The soft prior method doesn’t require the property 

estimates in a specific region to be constant [57]. It uses the boundary data to preserve the 

property changes with different tissues. It specifically encodes spatial information into a 

matrix that associates points in the same region to minimize variation within different 

breast regions [57]. The soft prior method in this study used for reconstruction to prove 

the feasibility of the PET/CT guided DOT imaging system. Results with noises are also 

presented to further draw upon the implications.  

3.2.2 Noise  

 To validate feasibility of a PET/CT guided DOT imaging system, reconstruction 

results are also presented with noises. The purpose is to examine whether results obtained 

with noise continue to show positive implications. The results are presented with 1% 

noise for the different mesh cases and the three different detector set ups respectively. 

Then the ring detector setup is chosen to be simulated with 1%,2% and 5% noise.   
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 Noise is normally seen as undesired disturbance in the electrical signal or 

disturbance during acquisition of important information. The source of noise in the 

system may be electrical or optical. The noise may come from electrical power 

grounding, fluctuation of power supply, electromagnetic disturbance, digital grounding of 

computer, preamplifier in photodiodes, operations amplifier offset and resistance 

variation in resistors [17]. Optical noises from laser modules may also be present. The 

EMCCD camera or the photodiode detectors may also produce slight electrical variations 

leading to noise. Thermal noise, or white noise, or Johnson – Nyquist noise, is generated 

by variation of electrons in an electrical conductor at equilibrium [58]. This type of 

distribution is implemented in the reconstruction.  

3.2.3  Artifacts and background in DOT imaging 

 DOT imaging can be deteriorated by not only noise but also by artifacts. Artifacts 

are similar to noise. However, they are caused by errors such as computational, modeling 

and detector/source fiber coupling errors [30]. They can show up in different patterns and 

range in sizes. Artifacts in DOT imaging can result in unnecessary biopsies for patients 

[30].  

 DOT has low spatial resolution and lesion uncertainty can be caused by light 

scattering in soft breast tissue [59]. This can make distinguishing the background healthy 

breast tissue, benign lesions and malignant lesions difficult. Clinical studies have shown 

that tumorous tissues have higher hemoglobin concentrations [59]. To overcome the 

lesion uncertainty, multi-channel data acquisition system can be implemented to obtain 

measurements at different wavelengths to allow for hemoglobin, water and lipid 

chromophore concentration information to be obtained. Furthermore, studies have been 

done for over 10 years in which DOT has been guided by mammography, ultrasound and 

MRI to improve the light quantification accuracy and spatial resolution of DOT images 

[59]. It is believed that the PET/CT guided DOT system analyzed in this study will prove 

to provide robust images with good quantitative accuracy.  

3.3 Reconstruction Results 

This section will provide the reconstruction results based on the mesh cases and 

the different detector-based set ups that were simulated in this study. The reconstructions 

results were obtained after 5 iterations. The initial ua value from the forward modeling 

was used as the final ua for the reconstruction.  
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3.3.1 DOT reconstruction with two different meshes 

 This subsection compares the reconstruction results for the two mesh cases. The 

detector set up is the random based. Both mesh cases have 1% noise added onto the 

numerical measurements. Figures 3.1 and Figure 3.2 plot the reconstructed absorption 

coefficient images at different slices for the mesh case 1 and case 2, respectively. In both 

figures the slices of the reconstructed absorption coefficient images are plotted with a 

color bar where the tumor is indicated by the red color due to its high contrast to the 

background. For both cases, the tumor has been reconstructed successfully at the right 

locations with good quantitative accuracy. The tumor is more thoroughly seen in mesh 

case 2 because of the greater number of layers compared to mesh case 1.   

 

Figure 3.1: Images of the reconstructed absorption coefficients for mesh comparison: 

case 1 with 1% noise added.   
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Figure 3.2: Images of the reconstructed absorption coefficients for mesh comparison: 

case 2 with 1% noise added.    
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3.3.2 DOT reconstruction with different detector set ups  

This subsection compares the reconstructed absorption coefficient images for the 

different detector setups using mesh case 1. There is 1% noise presented in all the 

reconstructions. Figures 3.3,3.4 and 3.5 plot the reconstructed absorption coefficient 

images for random based detectors, ring based detectors and camera based detectors, 

respectively. From these images, it is seen that all absorption coefficient images have 

been reconstructed very well.  

 

Figure 3.3: Images of the reconstructed absorption coefficients for the random detector 

based set up in mesh case 1 with 1% noise added.  
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Figure 3.4: Images of the reconstructed absorption coefficients for the camera detector 

based set up in mesh case 1 with 1% noise added.  

 

Figure 3.5: Images of the reconstructed absorption coefficients for the ring detector 

based set up in mesh case 1 with 1% noise added.  
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 The next two graphs compare the profile plots of the ground truth with the 

reconstruction results. The purpose of the graphs is to further analyze which detector 

method provides the best reconstruction. The intensity values were extracted along the 

breast surface and the tumor. These intensity values were then plotted against the size of 

the breast. Figure 3.6 is plotted below, from which we see that the tumor is reconstructed 

at the right locations for all three detector setups.  
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Figure 3.6: Profile plots of ground truth with reconstruction results for different detector 

setups. (A) Profile plot when y = 60 (B) Profile plot when x = 116.  

The following tables are the extracted values of the peaks of the graphs presented 

in Figure 3.6. The tables also present the % error between the peak values of the ground 

truth and the reconstruction results. The purpose of comparing the peak values is to 

further analyze which detector method best matched the ground truth.  

Table 3.1: Profile analysis table for target peak of reconstruction results for different 

detector setups.  

 Ground 

truth 

Random Ring Camera 

Target peak 

(Y) 

0.028 0.0274 0.0276 0.0283 

% error  2.14 1.42 1.07 

 

 Ground 

truth 

Random Ring Camera 

Target peak 

(Z) 

0.028 0.0274 0.0276 0.0281 

% error  2.14 1.42 0.3 
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 Based on the peak values seen in Table 3.1 and the graphs in Figure 3.6, it can be 

confirmed that the ring based detector system provides the most similar reconstruction 

result to the ground truth, while the camera based detector setup has slightly better 

accuracy than the other two detector setups.  

This conclusion is confirmed by further image analysis. The metrics measured 

include: volume ratio (VR), dice similarity coefficient (Dice), mean squared error (MSE) 

and contrast-to-noise ratio (CNR). VR measures the sparsity of the reconstructed target, 

Dice quantifies the shape and location accuracy, MSE is the error between the ground 

truth and reconstruction and CNR is for the reconstructed image [60]. Their definitions 

represented below [60]: 

VR = 
|𝑅𝑂𝐼|

|𝑡𝑅𝑂𝐼|
      3.1 

DICE = 
2∗|𝑅𝑂𝐼∩𝑡𝑅𝑂𝐼|

|𝑅𝑂𝐼|+|𝑡𝑅𝑂𝐼|
     3.2 

MSE = 
1

𝑁
∑ (𝑥𝑗 − 𝑥0𝑗)2𝑁

𝑗=1     3.3 

CNR = 
𝑀𝑒𝑎𝑛(𝑥𝑅𝑂𝐼)−𝑀𝑒𝑎𝑛(𝑥𝑅𝑂𝐵)

√𝜔𝑅𝑂𝐼𝑉𝑎𝑟(𝑥𝑅𝑂𝐼)+(1−𝜔𝑅𝑂𝐼)𝑉𝑎𝑟(𝑥𝑅𝑂𝐵)
 3.4 

 

where ROI is the region of interest, ROB are the other voxels, tROI are the true target 

locations, x is the reconstructed image intensity and x0 is the true image intensity and 

𝜔𝑅𝑂𝐼 = |ROI|/|Total image| [60]. The values obtained from the metrics calculations for the 

different detector setups are represented in Table 3.2 below.  

Table 3.2: Metrics analysis table of reconstruction results for different detector setups. 

 

 The ideal metric values are defined as having Dice and VR be closest to 1, the 

CNR be large and the MSE be small [60]. The ring-based detector set up seems to most 

closely match the ideal values when compared against the random based and camera 

based set up. Based on the analysis of the results, the ring based detector set up is then 

chosen to be analyzed with various levels of noise in the next subsection. 

 

 DICE VR CNR MSE 

Random 1.0 0.99 18.24 2.35 x10-5 

Ring 1.0 0.99 18.25 1.30 x 10-5 

Camera 30 0.06 4.26 0.37 
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3.3.3 DOT reconstruction with different noise levels  

This subsection compares the reconstruction results for the ring-based detector 

setup using case 1 with 0%,1%,2% and 5% noise levels. The purpose of comparing with 

different levels of noise is to confirm that even with varying levels of noise present in the 

hardware there still can be good reconstruction results obtained. See Figures 3.7, 3.8, 3.9 

and 3.10 below.   

 

Figure 3.7: Images of the reconstructed absorption coefficients for 0% noise.  
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Figure 3.8: Images of the reconstructed absorption coefficients with 1% noise added.  

 

Figure 3.9: Images of the reconstructed absorption coefficients with 2% noise added.  
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Figure 3.10: Images of the reconstructed absorption coefficients with 5% noise added.   
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 The next two graphs compare the profile plots of the ground truth with the 

reconstruction results of the ring based detector system with varying levels of noise. 

These graphs were generated similarly to the graphs in Figure 3.6.  

 

 

Figure 3.11: Profile plots of ground truth and the reconstruction results with different 

noise levels for ring-based detector set up: (A) Profile plot when y = 60 (B) Profile plot 

when x = 116.  
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The following tables in Table 3.3 contain the extracted values of the peaks of the 

graphs presented in Figure 3.11. The tables also present the % error between the peak 

values of the ground truth and the reconstruction results. The purpose of comparing the 

peak values is to further analyze how the reconstruction results compare to the ground 

truth with varying levels of noise. The results confirm that DOT reconstruction with soft 

prior guidance is robust to the noises up to 5%.  

Table 3.3: Profile analysis table for target peak of reconstruction results with varying 

noise levels for ring-based detector set up.  

 Ground 

truth 

0% 1% 2% 5% 

Target peak 

(Y) 

0.028 0.0275 0.0276 0.0277 0.0281 

% error  1.78 1.42 1.07 0.35 

 

 

 Ground 

truth 

0% 1% 2% 5% 

Target peak 

(Z) 

0.028 0.0275 0.0276 0.0277 0.0280 

% error  1.78 1.42 1.07 0 
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The conclusion that the ring-based detector setup produced reconstruction results 

robust to noises up to 5% are confirmed by further image analysis. The metrics measured 

include: volume ratio (VR), dice similarity coefficient (Dice), mean squared error (MSE) 

and contrast-to-noise ratio (CNR). The values obtained from the metrics calculations for 

the different noise levels are represented in Table 3.4 below.  

Table 3.4: Metrics analysis table for reconstruction results with varying noise levels for 

the ring-based detector set up.  

 

 The ideal metric values are defined as having Dice and VR be closest to 1, the 

CNR be large and the MSE be small [60]. Based on the results in Table 3.4, the ring-

based detector setup is confirmed to be robust to varying levels of noise.  

3.4 Discussions and Conclusions 

 The first reconstruction results obtained were comparing the two mesh cases. 

Figure 3.2 showed the tumor more spread out along the breast surface. With a larger 

mesh the tumor has a better presence. However, a larger mesh results to longer 

computation time. Keeping this in mind the reconstruction for analyzing the different 

detector setups were done with mesh case 1. Figure 3.5, Figure 3.6 and Table 3.1 showed 

implications all three detector cases have obtained similar reconstruction results, which 

implied that the ring based detector setup is feasible and most cost effective. It does not 

require the purchase of many different detectors like in the random based detector set up. 

To further confirm these results the ring based detector set up was used in the noise 

analysis. After reconstructing with varying levels of noise the ring based detector set up 

still showed almost same peak values compared to the ground truth. As mentioned in 

section 3.2.2 noise is a very common during acquisition and imaging. By simulating good 

results with noises, it can be seen that the ring based detector set up provides positive 

implications

 DICE VR CNR MSE 

0% 1.0 0.99 18.25 1.91 x 10-5 

1% 1.0 0.99 18.25 1.30 x 10-5 

2% 

 

1.0 0.99 18.22 1.08 x 10-5 

5% 

 

1.0 1.0 18.20 2.65 x 10-5 
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Chapter 4  

 

Conclusion and Future Work 

 

 In this present work, the feasibility of a PET/CT guided DOT imaging method 

and system build for breast cancer imaging was studied. The finite element mesh method 

was used to create two different breast mesh models. These models were used to solve 

the diffuse equation to simulate DOT imaging. The breast meshes were generated from 

breast CT images. An edge detection method was implemented to extract the breast shape 

from the CT images to generate a 3D breast mesh model. This algorithm developed may 

be used for extracting other organs from CT images. The real tumor location was 

obtained based on prior information from PET images. Three different detector set ups 

including ring based, random based and camera based were compared. Experimental 

schematic drawings for the ring based and camera based detector set up were presented. 

The reconstruction results from comparing the different detector set ups proved the ring 

based detector to be the most optimal.  

 The ring based detector set up provided similar results compared with the random 

detector case and the camera detector case. This set up will be the most cost effective and 

time saving with good results. The ring based detector set up was further analyzed with 

varying noise levels. The reconstruction results and analysis proved the set up to provide 

good results with varying noise levels. The reconstruction results validate the feasibility 

of the design and optimization of the optical detectors and laser sources for a future 

PET/CT guided DOT imaging system.  

 In the future, a PET/CT guided DOT imaging system with ring based silicon 

photodiodes will be implemented. This imaging system will contain 10 silicon 

photodiodes and 4 continuous wave lasers at different wavelengths for multispectral 

measurements. The use of 4 continuous wave lasers at different wavelengths are chosen 

because of the goal of obtaining information regarding 4 different unknowns during DOT 

imaging. These unknowns include: deoxyhemoglobin, oxyhemoglobin, water and lipid. 

The system will further be controlled by an optical switch to allow for multiplexing of the 

detectors. The ring will rotate around and move up and down along the breast surface. 

This will allow for multiple acquisitions with no need of more detectors. This will also 

allow for more measurement data, which will make it possible to reconstruct reduced 

scattering coefficients with optical absorption coefficients. This will also allow the 

possibility of monitoring changes in hemoglobin concentrations and oxygenation 

specifically during neoadjuvant chemotherapy.  
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