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Abstract 

Near-infrared (NIR) light provides potential for a new approach to non-invasive 

detection, diagnosis and clinical management of breast cancer. Using NIR 

spectroscopic imaging techniques, the physiological information about breast tissue 

composition can be quantitatively estimated, including hemoglobin, water and lipid 

concentrations, together with scattering properties. In this thesis work, strategies to 

improve the accuracy of NIR imaging have been explored experimentally and 

numerically. A novel Ti:Sapphire laser-based frequency domain tomography system 

was developed to achieve maximum spectral information, using intrinsic phase-locked 

detection of the signal propagation. The improvement in quantification through 

addition of more wavelengths was demonstrated in simulations and in tissue-phantom 

experiments. A hybrid NIR tomography system combining frequency domain and 

continuous wave spectroscopy approaches was implemented for imaging healthy 

subjects and women with malignant breast tumors. Adding measurements at 

wavelengths above 850nm with the continuous wave method significantly improved 

the accuracy of water and lipid estimation.  When used in cancer imaging in vivo, 

the NIR contrast information is consistent with physiological and pathological values 

expected in tumor as seen by investigational studies with Magnetic Resonance 

Imaging (MRI) and pathology analysis.  
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CHAPTER 1 

Introduction 

 

 This thesis is primarily focused on the development and implementation of 

multi-wavelength Near-Infrared (NIR) tomography for breast cancer imaging. Breast 

cancer is the 2nd most commonly diagnosed cancer among women in the United States, 

after skin cancer. In 2008, it is estimated that 182,460 new cases of invasive breast 

cancer will be diagnosed in women in the United States, along with 67,770 new cases 

of non-invasive breast cancer[1]. Breast imaging techniques have played a critical role 

in detection, diagnosis and clinical management of breast cancer. Commonly used 

breast imaging modalities include mammography, magnetic resonance imaging (MRI) 

and ultrasound. This chapter briefly discusses these conventional breast imaging 

modalities and introduces the role of optical methods in providing additional 

information about tumors.  

Mammography is the most widely used imaging modality for breast cancer 

screening. This imaging technique uses low-energy X-rays to penetrate compressed 

breast and records the signal on a radiographic film from the other side. 

Mammography has been shown to contribute to a reduction in breast cancer-specific 

mortality[2, 3]. However, the sensitivity of mammography is limited by high breast 

density. The false negative rate of mammography is about 22% in women under age 

50 [4] and malignant and benign tumors can not be accurately differentiated[5]. 

Dynamic contrast enhanced MRI can provide volumetric anatomical and 
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physiological information that is related to vascular density and vascular permeability 

changes associated with angiogenesis [6]. MRI has very high tissue contrast 

resolution and can accurately assess the stage of breast cancer involvement. However, 

it generally requires intravenous injection of Gd-contrast agent, which limits its 

clinical use to those cases at highest risk [7]. Proton-based (1H) magnetic resonance 

spectroscopy (MRS) provides a non-invasive way to quantitatively characterize 

choline concentrations that have been shown to increase in malignant tumors, as 

compared to normal breast tissues[8]. Most current applications of MRS are region 

localized from prior contrast MRI[9], although routine clinical acceptance for this 

type of imaging still does not exist to date.  Ultrasound is usually used as a targeted 

diagnostic approach, focusing on a specific area of concern. It has a major role in 

differentiating cysts from solid tumor masses, providing critical secondary data for 

those abnormalities which have similar appearances in an x-ray mammogram[10]. 

The major limitation for ultrasound is that its imaging results are highly variable 

depending on the skill of operator and the diagnostic criteria are not as standardized as 

might be expected given its widespread use.  

 Near-infrared light (NIR) provides a unique non-ionizing way to non-invasively 

study the physiological properties of biological tissue because of the relatively good 

transparency in NIR region of the spectrum[11]. The primary absorbers (also known 

as chromophores) in tissue are oxygenated hemoglobin (HbO2), de-oxygenated 

hemoglobin (Hb), water, and lipid. The spectrum of these chromophores in the NIR 

range is shown in Fig.1.1. Their distinct spectra make it possible to differentiate them 
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in situ, which provides a powerful functional imaging technique in various 

applications relating to breast tissue imaging[12-19], brain functional imaging[20-22], 

muscle tissue imaging[23, 24], molecular imaging[25-27], and photodynamic 

therapy[28] [29].  

 

 

Figure.1.1 Spectrum of HbO2, Hb, water, and lipid in NIR range. 

 

 NIR tomography generally involves solving two problems: the forward and 

inverse problems. A simplified demonstration of the two problems is shown in Fig.1.2. 

In the forward problem, NIR light is delivered to the tissue surface and the transmitted 

light signal on the boundary is calculated based on the optical properties of tissue. 

Usually a diffusion model is used to approximate the propagation of NIR light in 

tissue. In most cases, the goal is to obtain the tissue properties from the data, which is 

defined as the inverse problem. With numerical methods, the distribution of tissue 
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properties can be reconstructed based on the assumed model and measured boundary 

data. In Chapter 2, the theory of NIR tomography will be discussed in detail, 

including the derivation of the diffusion equation and the solution of the inverse 

problem using the finite element method (FEM).  

 

 

Figure 1.2 A simplified demonstration of NIR tomography 

 

 There are three major signal measurement techniques using NIR light for breast 

imaging: 1. continuous wave (CW) 2. time domain (TD) 3. frequency domain (FD). 

CW imaging systems directly measure the intensity of light transmitted through the 

tissue. The light source used in CW systems generally has a constant intensity or is 

modulated at a low frequency (a few kHz). TD systems use short laser pulses, with 

temporal spread below a nanosecond, and detect the increased spread of the pulse 

after passing through tissue. The time distribution of transmitted photons is known as 

the temporal point spread function(TPSF). By fitting the TPSF with a light 

propagation model such as the diffusion model, the medium parameters including 

absorption and scattering coefficients can be estimated. FD systems use an 

amplitude-modulated source at a high frequency (a few hundred MHz) and measure 

the attenuation of amplitude and phase shift of the transmitted signal. Typically in this 
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approach, a radio-frequency oscillator drives a laser diode and provides a reference 

signal for phase measurement. Among the three methods, the CW approach is 

relatively inexpensive and easy to implement, but the effect of absorption and 

scattering can not be distinguished if only using CW measurement[30]. The other two 

methods provide information about scattering events from transmitted photons in 

tissue, so that both absorption and scattering properties of tissue can be estimated. A 

comparison of the three methods is shown in Table 1.1.  Avalanche photodiodes 

(APDs) are widely used in optical signal detection due to the high dynamic range. 

Photomultipliers (PMTs) provide higher sensitivity, although with a limited dynamic 

range and higher cost. Single photon counting PMTs (SPC-PMTs) are used in TD to 

measure the photon flight time. Charged coupled devices (CCDs) are commonly used 

in CW systems for spectroscopic study.   

 

Table 1.1 Comparison of the three approaches to detect tissue properties 

 Light source Detection Parameters 
estimated 

Cost per 
channel 

Continuous 
Wave 

Lamp or laser 
Freq<10 MHz 

PMTs 
APDs 
CCDs 

Relative 
absorption 
Effective 
attenuation 

~$1K laser 
~$1K detector 

Frequency 
Domain 

Laser>50 MHz
or Modulated 
lamp output 

PMTs 
APDs 

Absolute 
absorption & 
scattering coef.

~$1K laser 
~$1-10K RF 
source 
~$2K detector 

Time Domain 
 

Pulsed laser 
t<300 ps 

SPC-PMTs 
APDs 
Streak cameras

Absolute 
absorption & 
scattering coef.

~$5K laser 
~$5Kdetector 
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 NIR optical imaging technologies have been studied for their possible use in 

breast cancer management for the past three decades. The main potential applications 

are listed in three categories below.  

 

Neoadjuvant chemotherapy monitoring: Monitoring tumor response to therapy 

provides assessment of treatment efficacy and enables adjustments of chemotherapy 

dosage, agent or delivery rate, which may increase patient survival. The conventional 

imaging modalities such as mammography and MRI are not used routinely for 

monitoring due to limitations in radiation dose, use of injected contrast agents and/or 

cost issues. Optical imaging systems could offer a non-invasive, fast and 

moderate-cost way to monitor therapy progress. More importantly, NIR light is 

intrinsically sensitive to the main chromophores in breast, so the physiological and 

pathological changes in tumor during chemotherapy could be tracked through the 

quantification of chromophore concentrations[31-34]. Figure 1.3 shows an example of 

chemotherapy monitoring on a patient using MRI and NIR methods[34]. The NIR 

values indicate that total hemoglobin (HbT=HbO2+Hb) concentration decreased in the 

tumor region after the first treatment cycle (indicated by arrows).  
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Figure 1.3. MRI and NIR images of a patient prior to the initiation of the treatment, on the first day of 

cycle 2 and after therapy[34].  
 
 

Screening certain populations of women: Mammography is considered as the “gold 

standard” in screening women for breast cancer. However, the performance of 

mammography is limited for women with highly radiographic dense breasts or young 

women in the age range where annual screening is recommended. Studies with optical 

methods on healthy women have shown physiological properties of breast correlate 

with age[35, 36], body mass index [14, 37], breast density[38], menstrual cycle 

effects[39], and menopausal status[40, 41]. With the advantage of non-ionizing and 

low-cost, NIR imaging might be targeted to a subpopulation of women to help breast 

cancer prevention[42].  

 

Integration into clinical imaging modalities: Near-infrared imaging systems have 
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undergone a transition from a stand-alone imaging modality towards hybrid-modality 

combinations with standard clinical imaging systems such as MRI[43-45], 

Ultrasound[46], and tomosynthesis[47, 48]. The contrast mechanism of optical images 

is distinctly different from conventional imaging modalities, which provides 

additional information for diagnosis. Besides, the high resolution structural 

information from the clinical images can be used by the optical imaging systems. A 

hybrid system might improve the performance of all sub-systems to help diagnosis 

and treatment of cancer.  

 The Dartmouth group has worked on incorporating the NIR imaging system into 

MRI to achieve simultaneous data acquisition[44, 45]. Figure 1.4 shows the dynamic 

contrast MRI images of a patient with a infiltrating ductal carcinoma[45]. The NIR 

images acquired at the same plane shows the physiological information including HbT, 

oxygen saturation (StO2), water, effective particle size and scatter particle number 

density. In this thesis, the methods of using MRI spatial information in NIR image 

reconstruction are presented and validated in experiments.  

 

 
Figure 1.4. Dynamic contrast MRI images and reconstructed NIR images from the same plane[45]. 

  

 The major challenge in NIR imaging techniques is that the accuracy of the 

quantification of tissue properties is limited due to the diffusive nature of NIR light 
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propagation in tissue. The strategies to improve NIR imaging accuracy generally 

include:  

1. Taking advantage of more spectral information in the NIR range;  

2. Incorporating spatial prior information from other imaging modalities.  

The motivation of this thesis work is to explore the optimum strategy of using both 

spectral-constrained and spatial-prior methods. The idea of using “spectral” prior 

constraints has been applied in electrical impedance tomography, where Brandstatter 

[49] showed that the reconstruction is better posed and more robust to noise when 

using multiple frequency data and assuming a frequency dependence. Incorporating 

spectral constraints into optical imaging problems has also been shown to enhance the 

accuracy of NIR tomographic spectroscopy[50-54]. Corlu[52] implemented a spectral 

method with continuous wave measurements to find the optimal wavelengths that 

reduce the coupling among chromophores and scattering parameters. Li et 

al[51]showed that improved quantification of chromophore concentration was 

obtained in a two-wavelength continuous wave system with spectral priors 

incorporated into the inverse problem. Srinivasan et al [53] extended spectrally 

constrained methods to a 6-wavelnegh frequency domain system and applied it to 

obtain physiological information on breast tissue in vivo.  Spatial-prior information 

is available when the NIR measurement is used adjunctively with other clinical 

imaging techniques. In this thesis work, multi-spectral NIR imaging techniques were 

explored in simulations and experiments. Numerical studies were performed to find 

the optimum strategies to improve the quantification of tissue properties and provide 
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guidance for instrumentation work. Several imaging techniques were developed, 

evaluated and tested. Phantom experiments were conducted to validate the simulation 

results and imaging systems performance. Finally, the optimized imaging strategy was 

chosen based on quantification accuracy and practical consideration, with which 

healthy and cancer patients were studied for characterizing breast tissues in vivo. The 

structure of this thesis is listed as follows:  

 

Chapter 2 introduces the theory of photon propagation in scattering dominant tissues 

and image reconstruction techniques based on the finite element method (FEM). The 

approaches for incorporating spectral and spatial prior information into the 

reconstruction are discussed in detail.  

 

Chapter 3 presents systematic simulation studies following the methods from 

Chapter.2, where the main focus is to show the improvement in accuracy of 

reconstruction by adding more wavelengths. Furthermore, the impact of spatial prior 

information on image quality is analyzed. A new reconstruction method combining 

FD and CW data is discussed, and the simulation results provide promising guidance 

for instrumentation work.  

 

Chapter 4 first describes a novel frequency domain system using a mode-locked 

Ti:Sapphire laser. This system offers the capability of arbitrarily choosing 

wavelengths for NIR imaging. In addition, a combined FD and CW imaging strategy 
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is implemented for breast imaging.  

 

Chapter 5 discusses a wavelength optimization approach incorporating the spectral 

derivative method in NIR reconstruction. This new method reduces coupling and 

geometry errors and also shows better separation of one chromophore from the others. 

 

Chapter 6 shows experimental validation of spectral reconstruction based on the 

imaging systems developed in Chapter 4. Using a Ti:Sapphire laser based FD system, 

the enhanced accuracy of reconstructing chromophore concentrations is demonstrated. 

The multi-wavelength measurement is extended to longer wavelengths above 850nm 

using a spectrometer-based CW system. Significant improvement in water 

quantification is shown, as well as the ability to image lipid values.  

 

Chapter 7 analyzes the effect of cumulative noise from multiple wavelengths of data 

upon the spectral reconstruction. Both simulation and experimental results showed 

that the inclusion of more wavelengths can reduce skew in the noise distribution, 

which improves the accuracy of parameter estimation.  

 

Chapter 8 presents an imaging study on healthy breasts using combined FD and CW 

systems. The inter-subject and intra-subject variation is analyzed. The relationship 

among physiological properties of breast tissue is explored.  
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Chapter 9 presents an imaging study on malignant breast tumors in vivo. Improvement 

in the water and lipid quantification is shown by adding the longer wavelengths from 

the CW system. The contrast of chromophore concentrations and scattering 

parameters showed consistent correlation with expected tumor patho-physiological 

properties.  

 

Chapter 10 summarizes the findings of this work and discusses the future directions.  

 

The Appendix lists the data acquisition programs used in the instrumentation work. 

The programs for multi-spectral reconstruction are also listed.  
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CHAPTER 2 

Diffuse Optical Tomography: Theory and Image 

Reconstruction Methods 

 

2.1 Introduction 

This chapter starts with an introduction to the neutral particle radiative transport 

equation (RTE) and the derivation of the diffusion equation which is used for 

approximating photon propagation in tissue. Implementing the diffusion model in a 

practical form is performed to estimate the optical properties of tissue. Since this is a 

non-linear problem, it involves two major stages: the forward solution and the inverse 

problem. The forward solution is defined as calculating data at the tissue boundary for 

transmitted/reflected light, based on knowledge of the interior optical properties. In 

general, three approaches are commonly used for solving this forward problem, 

including analytic methods, statistical methods and numerical methods. Analytic 

methods would commonly use the Green’s function approach. The solution to analytic 

methods only exists for simple geometries [55] and while perturbation approaches 

have been used extensively for image recovery of media[56-58], they are not as 

flexible as the other methods. Statistical methods, such as Monte Carlo modeling, take 

advantage of the random nature of photon transport in turbid media. However, their 

application is limited due to the extremely high computational cost and similarly to 

analytic methods, there is significant complexity when introducing arbitrary 

boundaries and interior shapes. Numerical methods such as the Finite Difference 
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method, the Finite Element method or the Boundary Element method are commonly 

used when complex geometries are involved[59-62]. In this work, a finite element 

method (FEM) is used to solve the forward problem based on the diffusion equation.  

The goal of the inverse problem is to obtain optical properties of an imaging 

domain from the data measured at its boundary. The inverse problem is solved by 

minimizing the difference between the measured data and calculated model by 

updating the optical properties distribution in the least-square sense. The calculation is 

performed through matrix inversion with regularization, which comes about through 

the addition of penalty terms to the original objective function.  

Unlike straight propagation paths of rays in X-ray imaging, the diffusive nature of 

photons in the NIR problem results in poor spatial resolution and makes the inverse 

problem ill-posed, that is, the solution is not unique or does not exist. Several 

reconstruction methods have been used to solve these non-linear problems, such as 

Gaussian-Newton methods[62, 63], or conjugate-gradient methods[64, 65]. The 

gradient methods are stable but converge slowly, while the Newton methods are more 

straightforward and converge faster but require more complex computation. In this 

thesis work, we have followed the methods introduced by Paulsen and colleagues 

over the past decade[60, 62, 66], using Newton methods to calculate absorption and 

scattering distributions.  

Near-infrared tomography has the unique advantage of providing physiological 

information in tissue from those chromophores absorbing light in the NIR range. The 

major chromophores in breast tissue are oxyhemoglobin (HbO2), deoxyhemoglobin 
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(Hb), water and lipid. Several works have shown that the quantitative information on 

these chromophores is strongly related to factors such as age, menopausal status, and 

the progress of disease[36, 67, 68]. The wavelength dependent scattering properties 

are related to the size and distribution of biological scatterers[69]. The conventional 

way to obtain the physiological information involves two steps. First the absorption 

and scattering properties are calculated at multiple wavelengths; then chromophore 

concentrations and scattering parameters are fitted to the spectrum of chromophores 

and an assumed scattering model[36]. This method suffers from poor quantification of 

results due to the ill-posedness of non-linear inverse problems. Direct spectral 

methods have been used to improve the quantification of inverse parameters [51-53]. 

A major focus of this work is to explore the optimum way of implementing the 

spectral reconstruction approach in theory and practice. The detailed theory is 

outlined in this chapter.  

MRI has been commonly used for breast cancer imaging. Integrating MRI derived 

structural information into NIR image reconstruction was initially considered 

theoretically by Barbour [58], Arridge [70] and Pogue [71].  These studies applied 

simple segmentation methods to define homogenous tissue volumes. The approach 

was used experimentally by Ntziachristos et al.[72] to quantify optical indocyanine 

green in breast cancers whose shape was identified by MRI. Assigning tissue volumes 

to be optically homogenous regions produces a hard encoding of the prior information 

which reduces the number of unknown estimation parameters and results in a 

sufficiently well-conditioned NIR reconstruction problem that does not require 
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regularization. Alternatively, the spatial priors can be encoded through a 

regularization matrix as demonstrated by Brooksby et al.[44, 73] and Carpenter et 

al.[45]. This strategy produces soft encoding of the MRI structure [74], which still 

allows tissue heterogeneity to exist within the pre-defined regions. In this thesis work, 

the spatial prior concept is incorporated with spectral method and examined in both 

simulations and experiments. The numerical approach is presented in this chapter.  

 

2.2 Forward problem 

2.2.1 Radiative transport approximated by the diffusion equation 

Boltzmann transport theory has been widely used for analyzing transport 

phenomena involving density and temperature gradients. In this work, the transport of 

photons in a scattering and absorbing medium is described by the neutral particle 

radiative transport equation (RTE),  

4

ˆ1 ( , , ) ˆ ˆ ˆ ˆ ˆ ˆ ˆ ˆ( , , ) ( ) ( , , ) ( , , ) ( ) ( , , ).a s s
L r s t s L r s t L r s t L r s t f s s ds Q r s t

c t π
μ μ μ∂ ′ ′+ ∇ + + = +

∂ ∫∫i i i  (2.1)                   

Here, ˆ( , , )L r s t  is the radiance [W/(m2sr)] as a function of position r ,time t and 

direction ŝ . c  is the speed of light in the medium. The absorption ( aμ [mm-1]) and 

scattering ( sμ [mm-1]) coefficients are the inverses of the absorption and scattering 

mean free paths, respectively. The phase function ˆ ˆ( )f s s′i defines the probability that 

the travelling direction of a photon is changed from ŝ to ŝ′  due to a scattering event.  

The scattering process is assumed elastic. ˆ( , , )Q r s t [ W/(m3sr)] is the source term. 

Integrating over all solid angles and introducing the definitions of the fluence rate 

( , )r tΦ and the photon flux ( , )j r t , then Eq. (2.1) is simplified: 
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The RTE equation (2.1) and (2.2) provide a deterministic model to study the 

propagation of photons in the medium. However, an analytical solution to this 

equation is difficult to obtain due to its integral-differential nature. A common 

approach is to expand the radiance and source term into a series of spherical 

harmonics[75]: 
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In the regions far away from sources, photons have experienced sufficient scattering 

events, so their travelling direction can be assumed uniformly distributed. In this case, 

the first order P1 approximation where l=0,1 can be used. This approximation is also 

referred as diffusion approximation[76], such that the radiance is approximated by:  

1 3ˆ ˆ( , , ) ( , ) ( , )
4 4

L r s t r t j r t s
π π

= Φ + •               (2.4) 

This approximation holds well when scattering is much greater than absorption so that 

ˆ( , , )L r s t is represented as an isotropic term ( , )r tΦ and a small directional 

term ˆ( , )j r t s• . Similarly, ˆ( , , )S r s t  is approximated as an isotropic source 0 ( , )S r t . 

Substituting the approximation of Eq.(2.3) into the RTE equation (2.1) and integrating 

over all the solid angles yields 

1 ( , ) 1 1( , ) ( , )
3 3

j r t r t j r t
c t D
∂

= − ∇Φ −
∂

               (2.5) 

where  1( )
3[(1 ) ]s a

D r
g μ μ

=
− +

. ( )D r is the diffusion coefficient and g is the 
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anisotropy factor defined as the averaged cosine of the scattering angle. For simplicity, 

the transport scattering coefficient (or reduced scattering coefficient) is often defined 

as ' (1 )s s gμ μ= − , which works as the scattering coefficient if the medium is assumed 

to have isotropic scattering, when observed over long distances. 

For low frequency sources (<1GHz), the time dependent term in Eq.(2.5) is small 

and can be ignored, leaving the relationship:  

( , ) ( , )j r t D r t= − ∇Φ                          (2.6) 

As such, Eq.(2.2) when combined with Eq.(2.6) then becomes: 

0
1 ( , ) ( ) ( , ) ( ) ( , ) ( , )a

r t D r r t r r t S r t
v t

μ∂Φ
−∇• ∇Φ + Φ =

∂
         (2.7) 

The fluence rate ( , )r tΦ defines the number of photons passing through the surface of 

a small volume per unit time. The frequency domain diffusion equation is obtained 

with the Fourier transform: 

0( ) ( , ) ( ( ) ) ( , ) ( , )a
iD r r r r S r
c
ωω μ ω ω−∇ ∇Φ + + Φ =i           (2.8) 

Boundary conditions need to be defined to solve the diffusion equation in a certain 

imaging domain. The air-tissue boundary is derived with an index of 

refraction-mismatched mixed condition, in which the fluence normal to the boundary 

of the tissue exits and does not return. This relationship is described in the following 

equation[77]: 

( , ) 2 ( , )r An D rω ωΦ = • ∇Φ                     (2.9) 

where r is on the boundary, n is a unit normal vector directed into the turbid 

medium, and A can be derived from Fresnel’s law: 
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−
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where 2 1arcsin( / )c n nθ = is the critical angle and 2 2
0 1 2 1 2( / 1) / ( / 1)R n n n n= − +  

with the index of refraction of air 2 1n = .  

Several approximations have been made to derive the diffusion equation from 

the RTE. The assumption used in Eq.(2.7) that scattering dominates absorption is 

generally true in breast tissues with typical aμ between 0.002 and 0.1 mm-1 and 

'
sμ between 0.5 and 2 mm-1. The assumption of an isotropic source is usually not 

valid for points near a laser light source since the radiance from it is highly 

directional, however outside of three to five reduced scattering lengths the source 

can be considered as isotropic. In this work, the source is taken to be an isotropic 

point source located one scattering length interior to the actual source position. The 

diffusion approximation has been shown to yield close results to Monte Carlo 

simulations and measurements from tissue-simulating phantoms as long as the data 

is acquired at sufficient distance from the source[78].  

 

2.2.2 Forward solutions using the finite element method  

The finite element method (FEM) has been widely used for solving the forward 

problem because it works well in complex biological tissue like breast with irregular 

boundaries[79, 80]. The imaging domain is discretized into discrete sub-regions 

called finite elements. The solution of each element can be calculated by a finite set 

of mathematical basis functions with well-defined properties. In this work, the 

Galerkin method of weighted residues [81]is used for the FEM formulation of 
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Eq.(2.8). The NIRFAST (Near InfraRed Fluorescence, Absorption and Scatter 

Tomography) software package has been developed by biomedical imaging group at 

Dartmouth to implement the FEM using Matlab[82]. This package includes 

toolboxes for solving conventional (single wavelength) frequency domain, 

multi-wavelength frequency domain, spatial-prior reconstruction and fluorescence 

imaging problems. The forward model defined with FEM gives the fluence at every 

point of the region.  

 

                  (a)                           (b)  

Figure 2.1 (a) A circular FEM mesh with nodes and elements. The sources and 
detectors are marked on the boundary of the mesh. (b) The distribution of light 
intensity (in logarithm scale) generated with mesh(a) for a single source.  

 

Figure 2.1 shows an example of a calculated light field with the forward model, 

where Fig.2.1(a) is a typical mesh for simulating breast tissue with 1785 nodes and 

3418 elements. The diameter of this mesh is 86mm and 16 sources/detectors are 

uniformly distributed on the boundary of this region. In this work, this circular 

geometry with 16 s/d positions is used in both simulation and experiment unless a 

different geometry is specified. Here, a homogeneous region with optical properties 

1 ' 10.01 , 1a smm mmμ μ− −= = is assumed for calculating the complex field as shown in 
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Fig.2.1(b). A unit intensity point source modulated at 100MHz is placed at the 

position indicated by the arrow. The light intensity at every point of the whole 

domain is calculated on the mesh in (a) using the FEM method. In frequency domain 

measurements, the transmitted light signal recorded at the boundary of the region is 

written in the form of the natural logarithm of the amplitude I and phaseθ .  

2 2
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             (2.11) 

With the continuous wave approach, light at a constant intensity is used for 

measurement so only intensity data is available. In the forward calculation, the 

Jacobian matrix is an estimate of the sensitivity of simulated boundary data to the 

interior optical properties. The structure of Jacobian matrix is shown below: 
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  (2.12) 

Here, NN is number of nodes in the mesh and NM is number of measurements taken 

at the boundary. With the mesh shown in Fig.2.1(a), NN = 1785 and NM = 16 

(number of sources ) * 15(number of measurements at each source position) =240. 
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The Jacobian matrix can be calculated with a perturbation method, but this 

node-based method (NN = 1785) is very computationally expensive. In NIRFAST, 

the Jacobian matrix is calculated using the Adjoint method[83], which is much more 

computationally efficient because it takes advantage of the reciprocity of light 

transport paths between each source-detector pair (NM=240).  

 

2.3 Inverse Problem 

One unique advantage of NIR tomography is the non-invasive detection of 

transmitted light from the tissue surface. The absorption and scattering properties of 

the tissue are then recovered from the measured data using an inversion method. The 

procedure is to minimize the difference between measured data and calculated model 

data. The objective function is defined as: 

( )
2

2

1

NM
M C
j j

j
χ

=

= Φ −Φ∑                          (2.13) 

where M
jΦ is the measurement data and C

jΦ is the calculated model response for NM 

measurements. To find the relationship between data Φ ( ln ,I θ ) and the model 

propertiesμ ( aμ , '
sμ ), 

2χ
μ

∂
∂

is expanded using the Taylor series method based on μ  

for some nearby point 0μ : 

2 2 2

0 0 0( ) ( ) ( )d
d

χ χ χμ μ μ μ
μ μ μ μ

⎛ ⎞∂ ∂ ∂
= + − +⎜ ⎟∂ ∂ ∂⎝ ⎠

         (2.14) 

Similarly to the Newton-Raphson method, we are looking for the minimum of 2χ , so 

2

0χ
μ

∂
=

∂
, with higher order terms ignored, an iterative scheme is achieved, where 
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             (2.15) 

Taking the derivative of 2χ  in Eq.(2.13) gives 

2

( ) 2( ) ( )
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T C M
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χ μ
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∂ ∂Φ
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∂ ∂
                  (2.16) 
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MΦ is known from measurement data and 0μ  is obtained with a homogeneous fitting 

algorithm[84]. The second derivative term 
2

22( ) ( )
C

T C M

μ
∂ Φ

Φ −Φ
∂

 is considered small 

and ignored in this problem. The updating equation for optical properties becomes: 
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1 ( ) ( ) ( )
C C C

T T C M
i iμ μ
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⎛ ⎞∂Φ ∂Φ ∂Φ
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            (2.18) 

C

μ
∂Φ
∂

is the Jacobian matrix, J ,calculated in forward problem(Eq.2.12). Due to the 

diffusive propagation of NIR light in tissue, TJ J is always ill-conditioned which 

makes the iteration process unstable. A typical way to stabilize the inversion problem 

is through regularization to make TJ J  more diagonally dominant. So the iterative 

updating equation for the optical properties is: 

1[ ] ( )T T C MJ J I Jμ λ −Δ = + Φ −Φ                 (2.19) 

In practice, a Levenberg-Marquardt algorithm for regularization was used [62], where 

λ  starts at 10 times the maximum value of the diagonal of TJ J matrix, and is 

decreased at a constant rate with successive iterations. The iteration continues to 

update the optical properties until the change in 2χ  between successive iterations is 

less than a certain pre-determined stopping criteria which is empirically set to 2% in 
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this work.  

The inversion process is more computationally intensive than the forward process; 

therefore, two different meshes are used during image reconstruction. A fine mesh is 

used in forward problems and a coarse mesh is used for matrix inversion calculation 

in updating equation Eq.2.19. The fine mesh can be mapped to the coarse mesh (and 

vice-versa) with a second mesh basis[62] method or the uniform grids method[82]. In 

this work, the grid-based method is used.   

 

2.4 Spectral Reconstruction 

The reconstruction method discussed in previous section provides the numerical 

approach to calculate optical properties from boundary data in diffuse optical 

tomography. This method processes the data at each wavelength independently to 

estimate ( )aμ λ and ' ( )sμ λ . The concentrations of chromophores are estimated with 

( )aμ λ  based on their spectrum in the NIR range. The absorption coefficient is 

considered to be a linear combination of the contributions from all chromophores: 

( ) ( )a i i
i

Cμ λ ε λ= ∑                        (2.20) 

where iC  is the concentration of each chromophore, and ( )iε λ is the molar 

absorption coefficient of the chromophore indexed by i . Scattering properties 

(scattering amplitude a  and scattering power b )are found by constructing a best fit 

to an empirical approximation to Mie scattering theory [85, 86], 

' ( ) b
s aμ λ λ−=                        (2.21) 

To extract physiological information iC , a and b , a spectroscopic fitting of 
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reconstructed ( )aμ λ and ' ( )sμ λ  images of multiple wavelengths is performed[36]. An 

alternative approach is to combine the data of multiple wavelengths together and 

reconstruct the physiological information directly. In this thesis work, the direct 

spectral reconstruction method is extensively used since it has been proved superior in 

quantifying chromophore concentrations and scattering properties[53].  

To perform direct spectral reconstruction, the model properties in the updating 

equation are iC , a andb  instead of aμ and '
sμ . Therefore, the Jacobian matrix used 

before is modified to represent the sensitivity of measurement data to the 

chromophore concentrations and scattering properties. The Jacobian term of aμ  in 

Eq.(2.12) is mapped to the Jacobian of iC based on the linear relationship in 

Eq.(2.20): 

( ) ( )( ) ( )( ) ( ) ( ) ( )
( )i a a

a a
c i

i a i i

J J J
c c cμ μ

μ λ μ λλ λλ λ λ ε λ
μ λ

∂ ∂∂Φ ∂Φ
= = = =

∂ ∂ ∂ ∂
      (2.22) 

And the term of ( )D λ  is mapped to a andb using Eq.(2.21): 

'
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For measurement at one wavelength, a typical Jacobian matrix of one parameter has 

similar structure to Eq. (2.12),  
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where ic can be either chromophore concentration iC or scattering parameter a ,b , 

which is independent of wavelength. Therefore, the data of different wavelengths can 

be used simultaneously in one updating equation to calculate the wavelength 

independent properties iC , a andb . The modified updating equation based on Eq.(2.19) 

is: 
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              (2.26) 

where NC is number of chromophores (eg. HbO2, Hb, Water), NW is number of 

wavelengths for measurement. The new Jacobian matrix in Eq.(2.26) is a combination 

of sub matrix from Eq.(2.25):  
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      (2.27) 

The significant increase in the number of data makes the inversion problem less 

ill-conditioned than estimating aμ and '
sμ at each wavelength separately. 

Improvement in quantification of tissue properties has been shown using the 
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spectrally constrained method [51, 53]. The focus of this work is to explore how to 

optimize the spectral approach for NIR tomography. Simulation and experiment work 

have been performed to find the best strategies and to implement them in a clinical 

study.  

 

2.5 Spatial prior reconstruction 

With spectral constraints, multi-wavelength NIR tomography provides functional 

information on tissues. Due to the diffusive nature of NIR light propagation in highly 

scattering tissues, the spatial resolution of NIR imaging is limited. To overcome this 

limitation, NIR techniques have been combined with several conventional high spatial 

resolution medical imaging modalities such as x-ray tomosynthesis[87] and MRI[88].  

 
Figure 2.2 An example of region segmentation based on prior knowledge of spatial information 

 

As shown in Fig.2.2, prior spatial information from other imaging modalities such as 

MRI, CT, PET is co-registered with mesh used in NIR imaging. Fig.2.2 is an example 

of a three-region segmentation of the mesh in Fig.2.1a. In general, two approaches are 

utilized to incorporate the spatial information into NIR reconstruction.  
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2.5.1 Hard-priors method 

The hard-priors approach segments the image space into several regions based on 

spatial prior information, where each region is assumed to be optically homogeneous. 

With this region encoding method, the number of unknown parameters in the inverse 

problem is significantly decreased. For example, after segmenting the mesh in Fig.2.2 

to three regions, the number of unknowns decreases from 1785 (number of nodes) to 

3 (number of regions). The benefit of parameters reduction is that the ill-posed 

problem becomes well-determined and the computational load is hugely decreased 

especially in a three dimensional problem with a large number of nodes.  

To incorporate the spatial information into the inverse process, a region mapping 

matrix K is constructed[89]: 
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                 (2.28) 

where NR is number of regions, NN is number of nodes in the mesh and NC is 

number of parameters. For a reconstruction problem of ( )aμ λ and ' ( )sμ λ  in Eq.(2.19), 

K  has dimensions (2 )NN NR∗ × . The element in K is defined as: 
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c
i j
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k
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                    (2.29) 

Then the Jacobian matrix is mapped from node space into region space: 

J JK=                             (2.30) 

The updating equation (2.19) becomes 

1[ ] ( )T T c MJ J I Jμ λ −Δ = + Φ −Φ                 (2.31) 

where the dimension of μΔ  is 2 NR× . Therefore the node-based inversion problem 

is reduced to a “fitting” process in each region. The parameter μ is then simply 

mapped back to the corresponding nodes to achieve final solution by 

1Kμ μ −=                            (2.32) 

In a spectrally constrained problem, a similar region-based fitting is applied on the 

chromophore concentrations and scattering parameters instead of ( )aμ λ and ' ( )sμ λ .  

2.5.2 Soft-priors method 

Hard-priors put a strong constraint on the inversion problem with fixed spatial 

information. In some cases when spatial information is available but not perfectly 

reliable, a more flexible way to use spatial information is required. Soft-priors is 

implemented with regularization schemes by applying different penalization of nodes 

in different regions. This penalty term is added into the objective function 2χ  with a 

Tikhonov approach[73, 90],  

( )
2

2 2
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1 1
[ ( )]

NM NN
m c
j j L j

j j
Lχ λ μ μ

= =

= Φ −Φ + −∑ ∑             (2.33) 

where Lλ is a parameter to balance the two terms in the equation and is usually 

determined empirically in practice. The updating equation becomes: 
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1[ ] ( )T T T c M
LJ J L L Jμ λ −Δ = + Φ −Φ               (2.34) 

Here a Laplacian operator is used to maintain the hard boundaries in the images. This 

compensates for the diffusive nature of NIR imaging as discussed before. In a two 

dimensional discrete problem, the Laplacian operator is written as: 

2 2 2
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u u ul l u u u u u
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∂ ∂
  (2.35) 

In this work, this operator is generalized to represent the relationship of one node with 

other nodes in the mesh. A typical L matrix for solving for aμ and '
sμ has the structure, 
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              (2.36) 

In spectral reconstruction, the number of blocks varies depending on the number of 

parameters. The elements in the L matrix are given as 

,

1
1/  and  are in the same region
0  and  are not in the same region

i j

i j
l N i j

i j

=⎧
⎪= −⎨
⎪
⎩

N is number of nodes in a given region 

L matrix acts as a smoothing operator within each region, while keeping discontinuity 

between different regions. Soft-priors method is very effective in eliminating image 

artifacts due to measurement noise and numerical error. This “directional” 

regularization also makes the inverse problem much less ill-posed and stable. The 

limitation of soft-priors approach is the computational burden when the number of 

nodes is large in a three dimensional mesh, where calculation of the L matrix and 

inversion of the Jacobian matrix could be extremely computationally intensive.  
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CHAPTER 3 

Simulations 
                                           

 

3.1  Introduction  

In this chapter, the strategies to improve spectral NIR diffuse tomography are 

explored in simulation examples with a practical perspective. The choice of 

wavelengths was studied in order to make decisions about choices of instrumentation. 

At present, the Dartmouth system uses six discrete wavelengths (661, 761, 785, 808, 

826, and 849nm) in frequency domain measurement for NIR breast imaging. Two 

potential strategies for improvement are analyzed, including: (i) adding more 

wavelengths to the frequency domain approach; and (ii) extending the measurements 

to longer wavelength ranges using either frequency domain or continuous wave 

methods.  

In tissue imaging, the boundary of imaging domain usually has an irregular shape 

caused by fiber contact points, which can enhance the hypersensitivity to near surface 

areas, and is known to contribute to substantial error in the tissue property estimates. 

Implementing spectral methods can make the inverse problem less ill-posed and more 

robust to variations in the complex boundary shapes of imaging geometries[91-93]. 

Using MRI images as prior spatial information for NIR tomography has been shown 

to be a promising hybrid strategy[94]. However, in clinical studies, perfect structural 

information may be unlikely because of the low specificity of breast MRI, or even 

worse, areas that are falsely identified as tumor regions could occur. Optical imaging 
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has the potential to differentiate those “false positive” regions from malignant tissue 

based upon their different chromophore constituents.  Implementation of NIR 

spectroscopy on MRI breast volumes was investigated in this chapter with the goal of 

determining which approach more accurately quantifies abnormalities embedded 

within the fibroglandular tissue of the breast. In addition to comparisons between 

different wavelengths, there is a choice of using frequency domain or continuous 

wave methods, or a combined approach, in the reconstruction. What is proposed here 

as the optimal solution is using frequency domain data at short wavelengths (below 

850nm), combined with continuous wave data of longer wavelengths (above 850nm). 

The combined data sets are used for spectral reconstruction. This approach is most 

feasible to implement into clinical study based on existing imaging equipment (see 

Chapter 4). 

 

3.2 Effect of spatial prior information in different geometries  

A circular geometry is used to test the performance of parameter recovery with 

three wavelength choices: frequency domain with 6 wavelengths based on our 

existing system(661, 761, 785, 808, 826, and 849nm), continuous wave with 31 

wavelengths and frequency domain with 31 wavelengths uniformly distributed 

between 650nm and 950nm with a 10-nm interval. The parameters used in this 

simulation example are listed in Table 3.1.  
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Table 3.1 Parameters used in the simulation example shown in Fig. 3.1. 
 

               HbO2 (mM)           Hb (mM)             Water (%) 
 

Background         0.01               0.01                  60  
Target           0.02               0.02                  80  

 
 

The targets of chromophores were located at different positions in order to study 

their dependence on each other, so that crosstalk among the different regions could be 

shown in simulation results. Figure 3.1 shows the direct spectral reconstruction results 

using the three different data sets.  

 

 
Figure 3.1 Direct spectral reconstruction images of a circular geometry. The top row (i) 
shows the true values of the background and targets; the second, third and fourth rows 
present reconstruction results based on: (ii) Frequency domain (FD) data from 6 
wavelengths, (iii) Continuous wave (CW) data from 31 wavelengths and (iv) FD data 
from 31 wavelengths. 
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 Although artifacts and blurring of the boundary can be seen, the FD case using 31 

wavelengths yields less noise in the background as compared to the other two cases. 

Increasing the wavelength bandwidth improves the water image significantly as 

shown in both the CW and FD 31 wavelength cases. This is because the main feature 

in the spectrum of water occurs above 850nm, so that longer wavelengths provide 

more spectral information of water relative to HbO2 and Hb in the reconstruction[37].  

Figure 3.2 shows the same example with spatial information incorporated into the 

reconstruction using “hard priors”.  The recovery error in the three chromophore 

targets and the dependence of the water image on HbO2 contrast appear in bar graphs 

in Fig.3.3. As indicated in Fig.3.2 and Fig.3.3, the CW and FD results with 31 

wavelengths show significant improvement in the recovery of HbO2 and water and a 

decrease in the dependence between them. The chromophores have crosstalk in the 

scattering parameters, especially in the scattering power even with spatial information 

and spectral constraints. This occurs because the scattering power is more sensitive to 

noise than other parameters[95]. 
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(a) 

 

 
(b) 

 
Figure3.2 (a) Direct spectral reconstruction images using “hard priors”. Perfect 
segmentation is assumed in terms of region size and location. Top row (i) shows the true 
values as in Figure 3.1; the lower three rows show the “hard prior” reconstructions with: 
(ii) FD data from 6 wavelengths, (iii) CW data from 31 wavelengths and (iv) FD data 
from 31 wavelengths. (b) Errors in recovered properties of HbO2, Hb, Water and crosstalk 
in the water image from HbO2 contrast using “hard priors”. The crosstalk is defined as 
the error in the recovered value of water, at the position of HbO2 contrast.  
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A breast mesh with layered structure and complex boundaries (Figure 3.3) was 

generated from MRI images to simulate realistic clinical situations. 

 

    

(a) (b)                        (c) 

Figure 3.3 (a) MRI image of breast (b) Mesh for NIR reconstruction generated from 
MRI image (c) Region segmentation based on MRI image 

 
 

Table 3.2 Parameters used in the simulation example shown in Fig. 3.4. 
 

               HbO2 (mM)           Hb (mM)             Water (%) 
 

Adipose           0.006               0.004                  50  
Glandular         0.01                0.01                   60  
Tumor             0.02                0.02                   80    

 
 

The simulation parameters for this example are listed in Table3.2. Figures 3.4 and 

3.5 are the spectral reconstruction results without and with prior spatial information, 

respectively. To compare with the simple circular geometry, the contrast of targets was 

chosen to be the same as Figure 3.1. 
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Figure 3.4 Direct spectral reconstruction images of a two-layer (adipose and glandular 
tissue) MRI-based geometry. The top row (i) shows the true values of background and 
targets; the lower three rows show reconstruction results based on: (ii) FD data from 6 
wavelengths, (iii) CW data from 31 wavelengths and (iv) FD data from 31 wavelengths. 

 

The results in Figure 3.4(ii) are not as good as the circular case in Figure 3.1(ii) 

because of the complex boundary and internal structure of a realistic breast. It is 

difficult to identify the targets in the 6 wavelength FD case. The CW image with 31 

wavelengths smoothes the water image results but does not improve the chromophore 

recovery, while the FD case with 31 wavelengths shows better localization and 

smoother images of the chromophores. Thus, the results in Figure 3.4 indicate that for 

complex geometries, frequency domain data with more wavelengths is important for 

better reconstruction.  
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(a) 

 
(b) 

Figure 3.5 (a) Spectral reconstruction images of the two-layer breast geometry with 
“hard priors”. Exact region segmentation is assumed. The top row (i) shows the true 
values of background and targets; the lower three rows show reconstruction results 
based on: (ii) FD data from 6 wavelengths, (iii) CW data from 31 wavelengths and (iv) 
FD data from 31 wavelengths. (b) Errors in recovered properties of HbO2, Hb, Water 
and crosstalk in water image from HbO2 contrast in (a). 

 

The reconstruction is shown to be improved significantly from the incorporation of 

spatial knowledge, in Figures 3.5(a) and (b). Similarly to the circular geometry, the 

FD data from 31 wavelengths produces the best images in terms of quantification of 
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targets and in terms of increasing the independence of the individual chromophore 

estimates. 

The analysis of imaging with diffuse light shown above illustrates the possible 

improvements with (i) added wavelengths, (ii) frequency domain versus continuous 

wave data, and (iii) spatial prior information. While most of the images in Figure 3.1 

and 3.2 appear comparable, accuracy in the water and scattering images is more 

difficult to achieve. Quantification improves as more wavelengths are used, and as FD 

data is made available, however, errors near 13% in water quantification and well 

over 25% in scatter power remain. Simulations performed on the more realistic breast 

geometry in Figure 3.4 and 3.5 produce similar results, except that the background 

noise is considerably higher. Again, adding more wavelengths and using FD versus 

CW data generally improves all images. The addition of spatial priors improves the 

accuracy of recovery of the parameters in the pre-defined regions. The error in water 

concentration is about 15% for FD data with 6 wavelengths; this decreases to less than 

10% as more wavelengths of CW data are used and is reduced to 1% when FD data 

with many wavelengths is introduced. Similar trends were observed in the error 

behavior associated with the dependence of the water image on HbO2 contrast, which 

was decreased from about 12% to 3%. 

 

3.3 Impact of false prior information 

In order to complete a preliminary analysis of how a false positive object might 

impact the images, some false positive abnormities were created which may not have 
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NIR features. In this case, those regions will be falsely assumed to exist as prior 

spatial information in the NIR reconstruction, which may cause errors in the 

estimation of chromophore and scattering parameters. Figure 3.6(a) simulates a false 

positive cyst as a region with a high concentration of water but no hemoglobin 

contrast. The simulation parameters are listed in Table 3.3.  

 

Table 3.3 Parameters used in the simulation example shown in Fig. 3.6. 
 

          HbO2 (mM)   Hb (mM)   Water       S-Amp.        S-Power     Cyst 
                                (%)    [10-3b(mm)b-1]              (%) 

 
Adipose  0.006      0.004      50         0.8         0.8       - 
Glandular    0.01       0.01       60         1          1.2        - 
Tumor    0.03       0.02       80         1.2         1.4      0.9 

 
 

The cyst presents contrast in the MRI image making it a common false positive 

potential, which might be a primary goal to see if NIR spectroscopy could 

differentiate it correctly. The recovery error in water and the dependence on HbO2 is 

shown in Figure 3.6(b). The FD case involving 31 wavelengths again leads to the 

least amount of crosstalk and the most accurate estimation of the concentration of 

water and cyst. Errors introduced by false positive regions identified in MRI are an 

important consideration for MRI-guided NIR spectroscopy. The technique must be 

sufficiently accurate in the face of these regions to estimate their true properties. The 

results shown in Figure 3.6 indicate again that many wavelengths and FD data would 

always be superior. 
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(a) 

 

(b) 
Figure 3.6 (a) Spectral reconstruction images with a simulated false positive cyst. Top 
row (i) shows the true values of background and three targets of chromophores and cyst; 
lower rows show reconstruction results based on: (ii) FD data from 6 wavelengths, (iii) 
CW data from 31 wavelengths and (iv) FD data from 31 wavelengths. (b) Recovered 
error in water and cyst values and crosstalk in the HbO2 image from the simulated cyst 
region. 
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3.4 Combining frequency domain and continuous wave methods 

 
Figure.3.7 An illustration of combined approach is shown, where the blue bars illustrate 
the spectral regions of frequency domain measurement, and the yellow bars show regions 
of CW measurement.  The CW data is clearly overlapping the peaks in water and lipids, 
and so should be expected to enhance the accuracy of absorption recovery.  

 

Figure 3.7 shows the idea of combining two imaging methods together. 

Frequency domain measurement is taken at short wavelengths to mainly obtain 

absorption information of HbO2 and Hb, and extract scattering properties of tissues. 

Continuous wave data at discrete longer wavelengths is obtained to cover the major 

features in the spectrum of water and lipid.  

A combined FD and CW reconstruction process was used to integrate these two 

data sets, as is described by the following equation, where the two data sets are simply 

combined to create a larger vector of measurements, Φ, with the first half being FD 

and the second half being CW.  The Jacobian matrix then must be formulated 

accordingly as well. 
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 (3.1) 

Similarly to Eq.(2.27), Jacobian matrices of single wavelength were combined 

together for multi-wavelength spectral reconstruction. In the mixed reconstruction, the 

Jacobian matrix element at each wavelength was calculated using 100 MHz and 0 

MHz for FD and CW, respectively. The dimension of the spectral Jacobian matrix was 

[( ) ]f c M N+ • × , where f and c are the number of wavelengths using FD and CW 

measurements, respectively. M is the number of measurements at each wavelength 

and N is the number of nodes of the mesh for FEM calculation.  

 

Table 3.4 Parameters used in the simulation example shown in Fig. 3.7. 

 
               HbT( Mμ )      StO2(%)       Water (%)         Lipid(%) 

 
Background       16            75             30               80 
Target         48            75             15               60 

 
 

The combined reconstruction approach is implemented in simulation. The 

parameters are listed in Table 3.4. In clinical study, total hemoglobin (HbT = 

HbO2+Hb) and oxygen saturation (StO2 = HbO2/HbT) are commonly studied instead 

of HbO2 and Hb. In this example, lipid was also included into spectral reconstruction 

since its major peak around 920nm was covered with long wavelengths using 
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continuous wave method. Six wavelengths were chosen based on our existing system 

(661,761,785,808,826, and 849nm) and three longer wavelengths (903,912, and 

948nm) were chosen to cover major features of the water and lipid spectra.  

 

 
Figure 3.8 Reconstructed images of the 4 major chromophores in breast tissue. (a) Expected 
images (b) results with only the frequency domain method ( 661,761,785,808,826 and 
849nm). (c) results with a combined approach by adding continuous wave data (903, 912 
and 948nm) to frequency domain data set.  
 

 
Figure 3.9 Bar graphs of the reconstructed values of HbT, StO2, Water and Lipids. 
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Figures 3.8 and 3.9 show the comparison between the frequency domain approach 

with six wavelengths and the combined approach. In Fig.3.8(b), lipid is not included 

in the reconstruction since it has much lower absorption than the other chromophores 

in the range below 850nm. Similarly to the results in Section 3.2, adding longer 

wavelengths improves the quantification of water concentration and also lipid values 

in this example. The false contrast seen in the StO2 image in Fig.3.7(b) shows that 

recovery of hemoglobin can be biased if the water concentration is not well 

quantified[37]. Therefore, in order to achieve optimum results in spectral 

reconstruction, the measurement wavelengths should cover the major features of the 

spectrum of all chromophores.  

 

3.5 Summary  

 Spectral reconstruction was studied in different simulation examples. Adding 

more wavelengths and extending the measurements to longer wavelengths was shown 

to improve the accuracy of parameter quantification. These two strategies were 

implemented in experiments presented in Chapter.4. A tunable Ti:Sapphire laser was 

used as light source so that measurement wavelengths can be chosen freely. With this 

system, increasing the number of wavelengths is much more convenient than using 

discrete laser-diode based system. The combined approach in Section 3.4 provided a 

practical way to include longer wavelengths in the measurements, which is also 

discussed in Chapter.4.  
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CHAPTER 4 

Instrumentation 

 

4.1 Introduction 

Near-Infrared (NIR) spectroscopy and tomography have been used in breast tissue 

imaging as studied for the past decade [14, 17, 40, 43, 87, 96-99], and could play an 

important supplementary role to conventional imaging technologies by providing 

quantitative functional information on tissue chromophores such as HbO2, Hb, water 

and lipid. The implementation of methods for NIR optical imaging include continuous 

wave(CW) [50, 100, 101], frequency domain(FD) [102-104]and time domain(TD) 

[105, 106] techniques.   

At Dartmouth, a frequency domain system for NIR imaging has been developed 

over the past decade consisting of a set of six diode lasers that are modulated using an 

external signal generator where the detected light response is electrically heterodyned 

with a reference signal so that the intensity and phase of transmitted light can be 

determined [107]. Section 4.2 gives a brief introduction to this frequency domain 

system. The details of the performance were described in by McBride [84]. In Chapter 

3, a systematic simulation study shows that including more wavelengths of 

measurement data could improve the recovery of chromophore concentrations and 

scattering properties. Following that hypothesis, the experimental validation is shown 

in this chapter, where broadband NIR frequency domain data was acquired, using a 

high power, wavelength tunable mode-locked pulsed laser as the light source. Recent 
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studies have shown the use of a Ti:Sapphire pulsed laser to generate supercontinuum 

light for time-resolved spectral quantification of tissue properties[106]. Frequency 

domain measurement using a pulsed laser was also reported in a human brain study 

with a single wavelength, where the reference optical signal was used for lock-in 

detection[108]. In this thesis work, phase sensitive detection relative to the intrinsic 

mode-locked frequency of the Ti:Sapphire laser was accomplished with sufficient 

stability and concomitant measurement noise characteristics, to allow high fidelity 

spectral image reconstruction. Unlike the diode laser based frequency domain 

instrument, which generates intensity-modulated light using an external frequency 

generator, the new approach takes advantage of the pulsed light occurring at the 

intrinsic mode-locked frequency (f1) which hovers around 80 MHz and shifts slightly 

with different wavelengths of operation. In real time, the mode-lock frequency and 

phase can be triggered by using the analog signal provided on an output channel at the 

rear of the laser head. The mode lock stability of these lasers is not routinely very 

reliable, so the development of a system where the phase stability was good, was 

critical for the potential use of Ti:Sapphire lasers for this application. The system 

signal amplitude and phase noise were systematically compared to that produced with 

diode lasers over the full PMT detection band. 

 To extend the measurements to longer wavelength ranges (above 850nm), a 

continuous wave approach was explored using a spectrometer-based detection system 

in section 4.4. A three-wavelength laser source including 903, 912, and 948nm was 

built specifically for NIR breast imaging. The source coupling system was designed 
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and calibrated for this light source.  

 In section 4.5, the idea of integrating the continuous wave system into an existing 

frequency domain system was presented. The procedure for data acquisition was 

optimized to minimize the total measurement time using Labview software. This 

combined approach was used for both normal (see Chapter 8) and cancer patients (see 

Chapter 9) in the study reported later in this thesis. 

 

4.2 Near-Infrared FD tomography system using laser diodes  

The frequency domain system at Dartmouth has been used to image more than 

300 normal and cancer patients. Figure 4.1 shows this imaging system in Advanced 

Imaging Center at Dartmouth-Hitchcock Medical Center. Amplitude modulated laser 

diode sources are operated at 100MHz. Six laser diodes (661nm, 761nm, 785nm, 

808nm, 826nm and 849nm) are driven by a DC current source (ILX Lightwave, 

Bozeman, MT) and frequency generator(Marconi/IFR Systems, Wichita,KS). The 

signal from the current source (DC) and frequency generator (AC) are combined with 

a bias tee (Picosecond Pulse Labs, Boulder, CO) and input into a six way RF 

switch(DowKey, Ventura, CA) controlled with six digital lines. The laser diodes are 

each mounted in a fiber launch module (Thorlabs, Inc) and the output beams are 

directed into the input end of a 1×6 fiberoptic combiner (Fiberguide, Stirling,NJ). The 

output leads to the parallel detection array where it is multiplexed using a rotation 

stage to the source fibers connected to breast tissue through the patient interface in 

Fig.4.1(b).  
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Figure 4.1 Overview of the NIR frequency domain system. (a) Drawing of the source and 
detector multiplexing system connected with patient interface. (b) A picture of this system. 
(c) The patient examination table with a hole placed over the fiber interface in (a). At right, 
the rack mounted cart that houses: frequency generators, laser diodes, current control, rotary 
stage control and the computer.   

 

The detection array consists of 16 PMTs (Hamamastu, Japan), 16 RF mixers 

(Minicircuits, Brooklyn, NY) and two 1×16 splitters. All the components are mounted 

on a rotary stage in circular geometry. The transmitted light intensity at the farthest 

detectors is orders of magnitude less than near-source detectors. Therefore the gains 

of PMTs need to be adjusted due to the limited dynamic range of each PMT analog to 
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digital conversion. During the measurement, the source fiber is rotated to the first 

source position and the gain settings of 15 PMTs are adjusted. Then the source 

position is changed sequentially to other 15 positions uniformly along the perimeter of 

breast. In this system, the relative positions of the PMTs are kept fixed to the source 

position, so that the gains are fixed initially, prior to rotating. The 100MHz detected 

signal at each PMT is heterodyned down to a lower frequency (eg. 500Hz) through 

the RF mixers. A fixed signal from the second signal generator (eg. 100.0005MHz) is 

divided 15 ways with a RF splitter for the mixers. The two frequency generators are 

synchronized and a small amount (eg. 1%) of each is split off and mixed to generate a 

low frequency reference signal (eg., 500Hz). The output signal from mixers passes 

through a low-pass filter and amplifier circuit to the data acquisition board coupled to 

the computer.  

As shown in Fig.4.1, the patient interface consists of three planes of fibers (16×3) 

array in a circular geometry and a precision positioning system underneath a custom 

built patient bed. The patient places her breast through a hole in the bed, similarly to 

the procedure done in a breast biopsy. The fiber array is positioned vertically to the 

plane of interest and then moved radially into direct contact with the breast. The 

compression on the tissue is very mild compared to x-ray mammography systems, and 

the comfort level of these exams has been followed in the past with all patients 

reporting it was more comfortable than a mammography exam. 
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4.3 The mode-locked Ti:Sapphire laser based FD system 

4.3.1 Preliminary test 

Two electrical output channels at 40MHz and 80MHz from a mode-locked 

Ti:Sapphire laser (Mai Tai HP, Spectra-Physics Inc.) were used for lock-in detection 

during frequency domain measurements. The 80MHz signal was a modulation 

frequency from the photo-diode detector placed within the laser cavity and the 

40MHz signal was the driving frequency of the acousto-optic modulator (AOM) used 

for laser mode-locking. To implement this mode-locked Ti:Sapphire laser in 

frequency domain measurements, a phase-locked loop that synchronizes the 

mode-lock frequency of the pulse light to the reference signal from the laser was 

developed for heterodyne detection. Figure 4.2 shows the circuit for testing the 

synchronization between the electrical mode-locked signal and the reference signal. 

The 40MHz signal was divided down to 10MHz with a phase locked loop frequency 

synthesizer (Analog Devices Inc, EVAL-ADF4007EB1), then amplified to trigger a 

signal generator  (IFR Inc., PSG1000). The output of the signal generator was set at 

80MHz and displayed by one channel of an oscilloscope, while the 80MHz signal 

directly from laser was used as the trigger signal of the oscilloscope and shown by 

another channel. The stable waveforms show that the output signal of the signal 

generator (yellow) was phase-locked with the signal (blue) directly from the laser.  
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Figure.4.2 The circuit for testing synchronization of two electric signals from the laser. 
Two stable waveforms on the oscilloscope indicate the synchronization of two signals. 

 

A stable reference signal relative to the optical detection signal is the prerequisite 

for frequency domain measurement. In our existing laser-diode based system, the 

lasers are modulated by a frequency generator phase-locked with the other frequency 

generator, giving a very stable reference signal for lock-in detection. In this 

Ti:Sapphire laser based system, the laser frequency modulation was carried out with a 

80MHz mode-lock cycle. To demonstrate the frequency domain measurement using 

this laser, a single-channel detection system was set up, as shown in Fig.4.3.  

 

 
Figure 4.3 The system setup for performing frequency domain measurement with the 
intrinsic reference signal from a Ti:Sapphire laser. The detected optical signal (lower) and 
reference signal(upper) are presented on an oscilloscope. 
 

The laser light was delivered to the surface of a resin phantom through a fiber. 

The transmitted light was detected at the opposite side of the phantom using an 

Avalanche photodiode detector (APD). The output of the APD was mixed with the 
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80.0001MHz signal from the signal generator phase-locked to the mode locking 

signal of the laser. A low-pass filter was used to filter out the high frequency 

components and accomplish the heterodyne detection. The reference signal was 

created by mixing the split part from the 80.0001MHz signal by the signal generator 

and the 80MHz signal from the laser. Two filtered signals were input, through two 

channels, to the oscilloscope. The lower waveform is the detected optical signal from 

the APD and the upper one is the reference electric signal. These two waveforms are 

presented stably with each other, which indicate the successful frequency domain 

measurement using the intrinsic reference signal from the pulsed laser.  

 

4.3.2 Frequency domain NIR tomography using mode-locked Ti:Sapphire laser 

 
Figure 4.4. System diagram of the frequency domain NIR imaging instrument that 
incorporates a mode-locked Ti:Sapphire laser as the broadband light source, with a 10 
MHz lock to an external signal generator for a reference signal, and heterodyne mixers 
after the photomultiplier tube (PMT) detectors. 

 

Figure 4.4 shows a diagram illustrating the use of the Ti:Sapphire laser in our 

NIR tomography system[109]. Similarly to Fig.4.3, the frequency of output electrical 

signal from laser was further divided to 10 MHz using a phase locked loop frequency 
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synthesizer, and was used to trigger the external clock of a signal generator. The 

output of the signal generator was offset from the fundamental frequency, f1=80MHz, 

by 1 kHz (δf), giving f2 = f1 + δf.  Then, the signal at f2 was split into two paths, one 

of which was used to electrically heterodyne the detected light signal from the 

photomultiplier tubes (PMTs) (Hamamatsu) through a mixer to a low frequency (at δf 

= 1 kHz) for data acquisition. The dynamic range of the PMT response was kept 

within the range of 0.01-0.1V for data acquisition purposes, and this range was 

dynamically maintained by automatically setting the gain of the PMTs to the 

appropriate value at each source position. The other part of the f2 signal was mixed 

with the electrical output from the laser at f1 to obtain a phase reference at δf. The 

laser pulses were extremely short in time, near 100 fs, when initially exiting the laser, 

meaning that there was a wavepacket of multiple harmonic frequency contents in this 

pulse train which extend well into the GHz range.  However, these pulses pass 

through the lenses and fibers associated with the imaging system that blur the laser 

signal in time, thereby converting more amplitude into the fundamental part of the 

power spectrum around f1. The actual mode lock frequency of the laser varies around 

80MHz, but this variation is reflected in the analog output signals and is tracked by 

taking the Fourier transform of the heterodyned signal and extracting the maximum 

value to keep the lock-in detection scheme working properly. The δf heterodyned 

signals are bandpass filtered and amplified by 100X and then read by a multi-channel 

analog-to-digital data acquisition board.  
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4.3.3 System performance  

For the experiments performed in this work, the average power of laser light 

measured at the fiber interface was attenuated to about 20 mW. This was about the 

same level as our present diode lasers[107]. However, the laser is capable of 

delivering power up to 2.9 W at its output. Output power is an important 

consideration because it will potentially improve the depth of tissue that can be 

imaged (by several centimeters) beyond what is achievable with low-power diode 

lasers without exceeding safety standards. The existing diode laser system has been 

used to image through breast tissue with diameters of 9-12 cm, depending on the 

blood content of the tissue, so that this new source should potentially allow imaging 

through 11-14 cm of breast tissue. The limit on input power for diagnostic use is 

dictated by federal ANSI standards, which is near 1 W/cm2 
at 800 nm.  Of course, 

use of the full power range requires careful safety assessment to eliminate the 

potential of over-exposure. This is readily achieved in well-designed systems with 

redundant interlock.  

The other important feature of the wavelength tunable Ti:Sapphire laser system is 

the superior spectral coverage as compared to discrete diode lasers. The tunable 

wavelength can be chosen from 690nm to 1020nm arbitrarily, with 5 nm resolution at 

any chosen center wavelength. To study the stability variation of the system across the 

full wavelength range of PMT signal detection, repeated measurements (100 trials) 

were recorded in a solid phantom every 5nm from 695nm to 845nm. The standard 

deviation of the logarithm of amplitude (in percentage) and phase (in degrees) is 
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shown in Fig. 4.5(a).  

 

 

 
Fig. 4.5.(a) Measurement noise levels (normalized standard deviation) for amplitude 
(Amp.) and the phase (un-normalized standard deviation) are shown as a function of the 
wavelength when using the Ti:Sapphire laser based approach.  The amplitude noise 
levels are shown in (b) and phase noise levels in (c), as a function of mean signal 
amplitude (on a logarithm scale) to compare the Ti:Sapphire laser to a diode laser system, 
showing they have overall similar error values. 

 

The amplitude and phase noise levels, assessed as the normalized standard 

deviation in the measurements fluctuated at different wavelengths due to the 

wavelength-dependent stability of mode-lock circuits working with the Ti:Sapphire 

laser. This varying noise level is particularly high at the low and high wavelength 

range limits. This is primarily determined by two factors which arise from the source 
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and detector, respectively. The instability near 690nm was caused by the higher loss 

of the laser cavity near its low wavelength limit, while the increasing instability close 

to 850nm was caused by the significantly decreasing sensitivity of the PMT 

photocathode. To compare the limit of noise levels of the Ti:Sapphire laser source 

with a diode laser system[107], a variable attenuation liquid phantom was used to 

decrease the signal intensity continuously. All the measurement data points for all 

detectors were put together to show the noise levels of amplitude and phase vs. signal 

intensity in both systems, as shown in Fig. 4.5(b) and (c). The noise level was up to 

1% in amplitude and 3 degrees in phase, which is higher than that in Fig.4.5(a). The 

noise level goes higher as the signal intensity decreases towards the response limit of 

the PMTs. Although noisier at some amplitude values, the Ti:Sapphire source 

generally shows similar stability to the diode laser system at the same signal intensity 

levels[107]. 

 

4.3.4 Phantom with absorption and scattering heterogeneity    

 
Figure 4.6 Left: Picture of a resin phantom with ink solution filled in the hole. Right: 
Reconstructed images of absorption and scattering coefficient using Ti:Sapphire laser at 
800nm.  
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This Ti:Sapphire laser based frequency domain system was tested to image 

absorption and scattering properties of a resin phantom with a cylindrical hole. 

Intralipid (2% in volume) solution with 0.2% India ink (Pelikan, Brampton, ON) was 

filled in the hole. The measurement at 16 source positions took about 30s at one 

wavelength. The averaged value of absorption coefficient aμ  and reduced scattering 

coefficient '
sμ is about 0.006 mm-1and 2mm-1, respectively. This was quite close to 

previous study using the laser-diode based system[107]. The wavelength-tunable 

Ti:Sapphire laser provides a unique way of extracting sufficient spectral information 

for chromophores in the tissue. Experimental studies on spectral tomography using 

this system were discussed in Chapter 6.  

 

4.4 CW NIR tomography using spectrometer-based system  

4.4.1 Spectrometer-based detection system 

The optical detection system used for continuous wave spectroscopy of tissue 

with the widest bandwidth possible was a spectrometer based system [110].  This 

system was composed of 16 Princeton Instruments/Action Insight:400F Integrated 

Spectroscopy systems (Acton, MA) located on two custom designed wheeled carts as 

shown in Fig.4.7. The Insight:400F consists of a 0.3m F3.9 imaging spectrograph and 

a low noise, front illuminated CCD (Pixis, 400F) operating at -70 ºC. The 1340 × 400 

pixel CCD is binned vertically to maximize detector area/wavelength with a binned 

detection area of 0.16 mm2 for each horizontal pixel. Each spectrograph contains a 

motorized grating turret holding 300 and 1200 1/mm gratings, providing spectral 
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ranges of 60 and 300nm, respectively.  

 

 
Figure.4.7  The spectrometer-based detection system for continuous wave NIR tomography is shown 

here, with 16 CCD-coupled imaging monochromators.  

 

Sixteen custom designed bifurcated fiber bundles (Zlight, Latvia) are used as 

transmitted light detection and source light delivery. Each fiber bundle is composed of 

eight 13 meter long and 400 μm diameter silica fibers which contact the tissue surface. 

Seven fibers from each bundle, as detection fibers, connect to the input system of each 

spectrograph and the eighth branches off to the source coupling system as a source 

fiber. The performance of this system was discussed in detail in Scott Davis’s 

thesis[111].  
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4.4.2 Light source system 

Since the wavelengths are limited below 850nm in the frequency domain system, 

due to the detection ability of PMTs, this spectrometer system provides a 

complementary approach for longer wavelength measurement. The output wavelength 

of the Ti:Sapphire laser is tunable from 650nm to 1020nm, which is sufficient for NIR 

imaging of tissue. Phantom experiments using it for CW measurement are presented 

in Chapter 6. One limitation of the application of Ti:Sapphire laser is that the 

measurement is taken one wavelength at one time. When data from multiple 

wavelengths is required, the total imaging time could be too long for clinical study. 

The simulation study in section 3.4 presents the alternative of adding a few 

wavelengths into the frequency domain data set for combined spectral reconstruction. 

The reconstruction results using 3 longer wavelengths above 850nm in Fig.3.8 show 

the improvement in quantification of water and lipid with this strategy. In order to 

validate this method, a three-wavelength diode laser source was built with all of the 

components in one box as shown in Fig.4.8.  
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Figure 4.8  Components of the three-wavelength diode laser source box developed for faster detection of these 

wavelengths with the spectrometer detection system. 

 

Three laser diodes at 903nm(30mW, Thorlabs), 912nm(100mW, QPhotonics, LLC), 

948nm(100mW, Qphotonics, LLC) were installed in this laser source. A lens holder 

was designed (Fig.4.9) to place the SMA fiber collimators (F220SMA-B, Thorlabs) 

and collimation tubes (LT230P-B, Thorlabs).  

 
Figure.4.9 Drawing of the lens holder for three laser diodes. 
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The diode lasers are driven by the current boards (LD1255, Thorlabs) connected to a 

relay board (RLY104-5V-FT, Winford Engineering, LLC) for computer control. The 

output of the three laser diodes is directed into one fiber through a 3 to 1 combiner 

fiber bundle. 

 

  
(a)                                   (b) 

Figure 4.10 (a) Front panel of the three-wavelength laser source and motorized rotary stage 
is shown here. In (b) the spectrum of three laser diodes as detected through on a 
spectrometer CCD channel. 
 

Fig.4.10(a) shows the front panel of this laser source. The data acquisition box 

(NI USB-6229, National Instruments) is used to control the current of each laser.  An 

example of the output spectrum is shown in Fig.4.10(b). This laser source makes 

simultaneous measurement of three wavelengths possible using the spectrometer 

system. The light source was coupled sequentially into one of sixteen source fibers 

using a motorized rotating stage(Velmex, Bloomfield, NY) customized for this system 

in Fig.4.10(a). Due to the difference of the coupling efficiency of each source fiber, 

pre-calibration was required to compensate for this variance.  
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(a) 

  
(b) 

Figure.4.11.(a) Calibration for the output power from each source fiber using a slab resin 
phantom. (b) The normalized relative power of each source fiber at three wavelengths.  

 

A slab phantom was used to perform the calibration as shown in Fig.4.11(a). The 

sixteen source fibers from the rotary stage were plug into same position on the 

interface one by one; on the other end a detection fiber connected to a spectrometer 

records the transmitted light intensity with a CCD camera. The measured intensities 

from sixteen source fibers are then normalized shown in Fig.4.11(b). This 

pre-calibration is only needed once after the rotary stage is installed and the coupling 

coefficients are used in calibration during data processing.  
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4.5 Combine FD and CW methods for patient imaging 

In this work, the spectrometer-based system is implemented for breast imaging by 

adding spectral information to our existing frequency domain system. 

 

 
Figure.4.12 Combined FD and CW Systems for breast imaging. 

 

The spectrometer system is located outside the imaging room (Fig.4.12(c)) and 

sixteen source/detection fibers are directed into the room and placed in the middle 

plane of the patient interface as shown in Fig.4.12(a). To achieve ideal signal-to-noise 

ratio, the exposure time of the CCD camera is set at 20s at each position for breast 

imaging. The continuous wave measurement with spectrometers includes the 

following steps: 1.system set up(verify camera temperature, set grating and filters); 
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2.optimize the exposure time of the 15 cameras at one source position; 3.take 

measurement at 16 source positions sequentially. To save imaging time, the 

optimization of exposure time (step 2) is only conducted once at the first source 

position and the exposure time array is rotated correspondingly for the following 

fifteen source positions, which leads to about 10-minute measurement for 16 source 

positions in total. Therefore a typical patient imaging study on both sides of the breast 

with the combined FD and CW approach takes about 30 minutes (2*(10+5) minutes).  

Since the spectral response sensitivity of the PMT drops significantly above 

850nm and the sampling range of the CCD camera can be adjusted to a certain narrow 

range, the frequency domain and continuous wave methods can be performed 

simultaneously to expedite the measurements.  

 

Figure.4.13 Flow chart of procedure of patient imaging with FD and CW system 
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Figure 4.13 shows the steps involved in synchronizing the measurements of the 

two systems. The source fibers from the two systems were connected into one fused 

fiber going to the patient interface shown in Fig.4.12. Once the measurement is started, 

the rotary stage on the frequency domain system moves to first source position, then 

the gain setting of PMTs is determined for the six wavelengths sequentially. When the 

gain setting is finished, a trigger signal is sent from the program of frequency domain 

measurement (see Appendix A.2) to the program controlling the spectrometer system 

(see Appendix A.2) to start the optimization process for the CCD cameras. Once the 

optimization is complete, both systems start the measurements simultaneously and the 

source position is moved to next one when both systems send a confirmation signal of 

the completed measurement. By synchronizing these two systems, the total imaging 

time can be reduced to less than 20 minutes.  
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CHAPTER 5 

Wavelength Optimization of the Spectral Derivative Method 
                                                                                
 

5.1 Introduction 

One of the major challenges in spectral reconstruction is to accurately 

differentiate the chromophores, that is to decrease the small amounts of coupling 

between chromophores with similar spectra.  Corlu et al. proposed an approach to 

find the optimal set of wavelengths for spectral reconstruction that well separates the 

chromophores[52]. This method gave the best 4-wavelength set [650, 718, 886, 930] 

in their analysis. Wang et al. also showed that including data from broadband 

wavelengths can improve quantification of chromophores[54].  In frequency domain 

measurements, a practical limitation on full spectrum detection is the low detection 

sensitivity of photo multiplier tubes (PMT) towards the longer wavelengths, beyond 

850 nm.  In this chapter, a spectral derivative based method is described in order to 

improve the quantification of chromophores, which can be used with any available 

measurement wavelengths. The spectral derivative method was discussed by Xu et al. 

to remove coupling and geometric errors in DOT reconstruction[93]. The difference in 

data at pairs of multiple wavelengths was used to reconstruct the absolute 

concentration of chromophores. In this chapter, the wavelength optimization idea 

from [52] was implemented in a spectral derivative method to decrease the crosstalk 

between oxy-hemoglobin(HbO2) and water. The algorithm to determine the optimal 

set of wavelengths is discussed and simulation results are shown for 2D and 3D cases 
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using both direct and derivative methods. 

 

5.2 Methods  

In spectral reconstruction, concentrations of chromophores are recovered by 

combining data from multiple wavelengths together. The inverse equation is given by,   
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where the structure of Jacobian matrix J was shown in Eq.(2.27). In the spectral 

derivative approach, the right side of Eq.(5.1) is modified as[93],  
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 (5.2) 

Simply the difference between adjacent wavelengths is used as the objective function. 

The Jacobian matrix J  for the spectral derivative method can be derived from the 

Jacobian J in Eq.(2.27) and is the subtraction of the last NW-1 rows from the first 

NW-1 rows of J .  

In this study, six wavelengths 661, 761, 785, 808, 826 and 849nm were chosen 

based on the existing frequency domain system[107].  Figure 5.1 shows the 

extinction coefficients of HbO2 and water at these six wavelengths. The difference of 

adjacent wavelengths (DAW) was calculated in an ascending order of the wavelengths. 

The spectra of HbO2 and water show quite similar trends across the whole wavelength 

range, even with the DAW values. This similarity makes it difficult to separate these 
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two chromophores in spectral reconstruction and can cause significant crosstalk 

between them, which will be shown later in simulation results.  

 

Figure 5.1. The top figure shows the absorption spectrum of HbO2 and water at 6 
wavelengths, while the bottom figure shows the difference of adjacent wavelengths 
(DAW) in ascending order as 661, 761, 785, 808, 826 and 849nm. 

 

A quantitative way to evaluate this similarity of spectra lies in the correlation 

coefficients as defined below,   
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1 2Abs Absr −
 is the correlation coefficient of their extinction coefficients of two 

chromophores, 
1 2DAW DAWr −

 is the correlation coefficient of DAW of two chromophores. 

( )iε λ is the extinction coefficient at iλ . Since 6 wavelengths are used here, n is 6 and 

m is 5 in above equations. The correlation between the extinction coefficient values of 

HbO2 and water is 0.86; while the correlation between the DAW of these two 
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chromophores is 0.57. In direct spectral reconstruction, once laser sources are chosen, 

the correlation of these chromophores is fixed. With the spectral derivative method, 

the difference of adjacent Jacobian terms of multiple wavelengths is used in the 

inverse problem[93]. In this scenario, the correlation of different chromophores is 

determined by the DAW of their spectra instead of the absolute values. This provides 

the possibility of manipulating the order of the wavelength sets to optimize the 

correlation of chromophores by permutation changes. The permutation of 

wavelengths has no effect on correlation of the absolute values, while the correlation 

of DAW varies since different permutations gives distinct DAW sets. The correlation 

coefficients of DAW between pairs of HbO2, Hb and water were calculated on all the 

360 permutations of the given six wavelengths (the total number is 720, but every pair 

of permutations in ascending and descending order give same correlation value). The 

calculation results are shown in Figure 5.2, where each dot represents one set of 

wavelengths and their correspondent correlation values 
1 2DAW DAWr −

, which are 

abbreviated as HbO2-Water, HbO2-Hb, Hb-Water, respectively.  
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Figure 5.2. Wavelength permutations with the associated correlation coefficients of DAW 
of HbO2, Hb and Water. Each dot in the plot represents one set of wavelengths and its 
corresponding correlation values of DAW.  

 

Because of the strong spectral features of Hb relative to the other spectra, the 

correlation coefficients of HbO2-Hb and Hb-Water are negative. This also suggests the 

present choice of six wavelengths is ideal for quantifying Hb concentration. As for 

HbO2-water values, most dots are found around the region close to 1 due to the 

similarity of their spectra. However, some points with small correlation coefficients of 

HbO2-Water are obtained among all the permutations. The criteria for choosing the 

best wavelength set is an optimization of all three values (HbO2-Water, HbO2-Hb, 

Hb-Water). The criteria used here was simply picking the minimum correlation of 

HbO2-Water. This is because the correlation involving Hb was always negative and 

the second smallest correlation value of HbO2-Water was 0.24, which is about 33% 

larger than the smallest one. The corresponding wavelength set is [661 761 808 785 

826 849], which is indicated by the arrow in Fig.5.2. Similarly to Fig.5.1, the spectra 



 72

of three chromophores and their DAWs were shown in Fig.5.3 to illustrate the 

relationship of spectrum values with the optimized wavelength set [661 761 808 785 

826 849]. Although its difference from the ascending wavelength set is only swapping 

of 785nm and 808nm, significant differentiation of DAW between HbO2 and water is 

achieved.  

 
Figure 5.3. The top figure shows the spectrum of HbO2 and Water at 6 wavelengths, 
while the bottom figure shows DAW in the order as 661, 761, 808, 785, 826 and 849nm. 

 
 

5.3 Simulations in two and three dimension cases  

Simulations using the direct spectral method and spectral derivative method were 

compared in two and three dimensional cases. The meshes for reconstruction were 

chosen based on our existing NIR breast imaging systems. As shown in Fig. 5.4(a), 

the diameter of 2D circular mesh is 84mm and 16 sources/detectors are distributed 

uniformly around the boundary of the imaging region[107]. In Fig.5.4(b), a rectangle 

slab mesh for 3D reconstruction is a prototype of our MRI-guided NIR imaging 

system[45]. The dimension of this mesh is 110mm*60mm*70mm and there are 8 

sources/detectors along both sides of the region.  
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Figure 5.4. The (a) 2D mesh and (b) 3D meshes with sources and detectors marked.  

 

Table 5.1 Parameters of chromophores used for reconstruction 

 HbO2 (mM) Hb (mM) Water (%) 
Background 0.005 0.005 40 
Target object 0.01 0.01 80 

 

The parameters of chromophores for simulations were listed in Table 5.1. The 

theoretical forward data was calculated based on these parameters with 2% Gaussian 

distributed noise added to the measurement data. To better compare the difference 

between the two reconstruction methods quantitatively, the scattering properties were 

assumed homogeneous and the position information of the target was incorporated 

into the reconstruction for both methods. The details of this region based spectral 

reconstruction were presented in Chapter 2. Figure 5.5 shows the results of 2D 

spectral reconstruction using the two methods. The first column shows the expected 

parameters of three chromophores. In the second column, the value of recovered Hb 

concentration is perfectly accurate because of the distinct features of Hb spectrum 

from the other two chromophores; however, there is significant underestimation of the 

HbO2 object and overestimation of the water object value. This error in quantification 

of HbO2 and water comes from the similarity of their spectrum trends. In third column, 



 74

the spectral derivative method was used with the optimized wavelength set [661 761 

808 785 826 849] to minimize the correlation between HbO2 and water. Although 

there is still underestimation of HbO2 due to the noise, the recovery of water is 

improved. The separation of HbO2 and water indicates the advantage of the spectral 

derivative method in quantifying chromophores. Figure 5.6 shows 3D reconstruction 

results with slab geometry mesh. Similarly to the 2D case, the HbO2 value of object is 

underestimated and water value is much higher than the true value with the direct 

spectral method. Both chromophores were better quantified with recovered values 

very close to the true values using the spectral derivative method. 

 

 

Figure 5.5. 2D Simulation results with direct spectral method and spectral derivative 
method. The wavelength set for spectral derivative method is 661, 761, 808, 785, 826 and 
849nm. The recovery of water is superior with the latter method. 
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Figure 5.6. 3D simulation results with the direct spectral method and the spectral 
derivative method. The wavelength set for the spectral derivative method was 661, 761, 
808, 785, 826 and 849nm. The recovery of HbO2 and water are superior with the latter 
method. 

 

In both 2D and 3D reconstruction examples, the spectral derivative method shows 

superior results in the quantification of HbO2 and water concentration. In this work, 

three chromophores were used in spectral reconstruction; however, this method can 

easily include more chromophores such as lipid. Xu shows[93] that spectral derivative 

method has the advantage of removing some inherent measurement errors, such as 

boundary reflection mismatch, coupling variation and geometric mis-modeling. All of 

these errors are not related to the measurement wavelengths, so changing the 

wavelength order for optimization can still help overcome those system errors, and at 

the same time, the spectral correlation is reduced with properly chosen wavelength 

permutation. Corlu proposed an approach[52] to find the best choice of wavelengths 
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for evaluating chromophores properties in NIR spectroscopic imaging. One of the 

criteria to calculate the optimized wavelength set is to have all chromophores make 

similar contributions in the reconstruction. However, the correlation can not be 

reduced even though the contributions of chromophores are balanced. With the 

spectral derivative approach in this work, the optimized wavelength set from Corlu’s 

method can be further utilized to improve the spectral reconstruction. Moreover, this 

method can be used on any spectral system with multiple laser sources. It is possible 

that the availability of measurement wavelengths is limited due to some 

instrumentation factors, such as detector sensitivity limitation, but the best way to use 

the available wavelengths can be achieved with the spectral derivative method. 
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CHAPTER 6 

Phantom Studies 
                                         

 
 

6.1 Introduction 

Previous chapters have demonstrated the advantage of the spectral approach for 

quantifying tissue properties with simulation examples. The approaches to 

instrumentation discussed in Chapter 4 provide several different options for 

multi-spectral NIR imaging. In this chapter, an extensive set of tissue phantom studies 

have been performed to verify the multi-spectral approach using the range of 

experimental methods.  

Gelatin phantoms have been shown to be a good tissue-simulating medium for 

several imaging modalities, such as magnetic resonance elastography, electrical 

impedance spectroscopy, microwave imaging spectroscopy and NIR 

spectroscopy[112]. A gelatin phantom can be mixed with blood to provide an 

adjustable level of absorption and similar spectrum to breast tissue. The procedure for 

phantom preparation is described in section 6.2, and experimental data calibration is 

discussed in section 6.3.  

The Ti:Sapphire laser based frequency domain system provided the capability of 

freely choosing the measurement wavelengths within the detectable range of the 

PMTs. Section 6.4 shows experimental results of the comparison of the resulting 

accuracy using different numbers of wavelengths. To overcome the detection limit of 

the PMTs above 850nm, a continuous wave experiment was performed to examine the 
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improvement in separating water and HbO2 with longer wavelengths using the 

Ti:Sapphire laser in section 6.5. Finally, preliminary experiments to combine the 

frequency domain and continuous wave approaches is shown in the phantom tests in 

section 6.6.   

 

6.2 Phantom preparation 

The procedure for gelatin phantom preparation uses porcine gelatin (Fisher 

Scientific, G2500), TiO2 powder (Fisher Scientific, T8141), porcine blood and saline.  

Procedure:  

1. Mix 50g gelatin with 500ml saline while stirring with an automated stir bar  

2. Heat gelatin solution in microwave for 1 minute to approximately 40o Celsius.  

3. Stir heated solution for about 15 minutes.  

4. Add TiO2 powder slowly. (The solution becomes white when the TiO2 is fully 

mixed.) 

5. Stir for 30 minutes, then add a pre-calculated quantity of blood. 

6. Stir for at least 1 hour when the TiO2 particles can be seen suspending in the 

gelatin solution. 

7. Pour the gelatin solution into mold for setting.  

8. Put the mold into a refrigerator for approximately 1 hour to harden.  

During the stirring process, it is important to spoon off the bubbles from the top. The 

phantom can be shaped using cylindrical or breast-like molds. Small molds can be 

inserted into the solution to produce spherical or cylindrical inclusions prior to 
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hardening. In this work, gelatin and liquid inclusions were used to create different 

contrasts in the chromophore values.  

 

6.3 Data calibration  

Before reconstructing images from measurement data, calibration is a critical step 

to modify the experimentally acquired data to better match the model calculations. A 

detailed discussion of the calibration procedure is presented in Troy McBride’s thesis 

work [84]. In general, three practical factors were considered in the calibration 

process: 1. systematic instrumentation-based offset; 2. source strength variation; 3. 

fiber-tissue coupling variation. To remove these experimentally related offsets, a 

homogeneous calibration phantom is measured before measuring the heterogeneous 

subject (phantom, patient). Then the systematic offsets are removed from the 

heterogeneous data by subtracting the difference between measured and calculated 

homogeneous data: 

( ) ( ) (hom ) (hom ) ( )( )calibrated hetero measured hetero measured o calculated o offset netΦ = Φ − Φ −Φ −Φ     (6.1) 

(hom )calculated oΦ  is calculated based on a homogeneous fitting algorithm which 

minimizes two parameters: the slope of intensity times source-detector distance 

ln( )*I r  with respect to source-detector distance and the slope of the phase with 

respect to the distance[84]. Figure 6.1 shows an example of the fitting process from 

experimental data. The minimization includes two steps: 1. an initial estimation of 

optical properties ( aμ , '
sμ ) from an analytic solution for an infinite medium using the 

Newton-Raphson method; 2. an iterative method is used to find the optical properties 
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in the measurement geometry with FEM calculations. ( )offset netΦ  is calculated as 

follows[84]: 
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                 (a)                                 (b)    

Figure 6.1 (a) Plots of ln( ) *I r versus source/detector distance for homogeneous phantom 

data (hom )measured oΦ , heterogeneous data ( )measured heteroΦ , homogeneous fitting results of 

(hom )measured oΦ and calibrated data ( )calibrated heteroΦ  (b) Plots of phase verse source/detector 

distance.  

The model-based reconstruction process starts from an initialguess of the optical 

properties of the imaging subject. This initialguess is calculated during the calibration 

process by homogeneous fitting with ( )measured heteroΦ .  
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6.4 Frequency domain experiments with the Ti:Sapphire laser  

6.4.1 Phantoms with a solution inclusion  

A gelatin phantom with a heterogeneous target was constructed for hemoglobin 

concentration measurements. The diameter of the phantom in the following 

experiment was about 86mm with height about 85mm. The total hemoglobin (HbT) 

throughout the background of the gelatin phantom was 15 Mμ . After refrigeration for 

1 hour, the gelatin phantom was ready for imaging and its cylindrical hole was filled 

with a blood solution of 30 Mμ HbT and 1% Intralipid as shown in Fig.6.2.  This 

provided a hemoglobin target with 2 to 1 contrast, and essentially no contrast in 

scatter. FD measurement was performed at 12 wavelengths over the wavelength range 

from 695nm to 820nm. To compare the effect of number of wavelengths, three 

different sets of data consisting of 4, 6 and 12 wavelengths, respectively, were used 

for spectral tomography reconstruction. The details of the wavelengths used is 

indicated in Fig.6.2. 

Although the target was observable in the HbT image in all three cases (compare 

rows (i) (ii) and (iii) in Fig.6.2), the variation in the background was high in the case 

with 4 wavelengths. The target HbT value was underestimated with 6 wavelengths but 

had the closest value to the truth with less background variation when 12 wavelengths 

of data were used. As shown in the cross sectional plot in Fig.6.2, the increase in 

background clutter and the underestimation of the inclusion value with fewer 

wavelengths illustrates the limitations in quantifying chromophores if the number of 

sampled wavelengths does not provide enough spectral information.  
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Figure 6.2. Gelatin phantom (radius = 44mm) with inclusion (radius = 15mm) used for 
imaging evaluation (bottom right). Spectral tomographic images reconstructed with 
different numbers of wavelengths are shown (in the rows above) where row (i) is the 
result with 4 wavelengths (695nm 750nm 800nm 820nm), row (ii) is the result with 6 
wavelengths (695nm 700nm 740nm 780nm 800nm 820nm), and row (iii) is the result 
with 12 wavelengths (695nm 700nm710nm 720nm 740nm 750nm 770nm 780nm 790nm 
800nm 810nm 820nm). Cross plot (bottom left) summarizes the recovered image contrast 
for HbT as a function of the number of wavelengths used. 

 
 

To study this further, a two-target gelatin phantom experiment was completed to 

demonstrate the enhanced image quality with better spectral capability using this 

system. The HbT value in the background of the gelatin phantom was15 Mμ . The 
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radius of the phantom was 44mm and the two holes had radii 18mm and 20 mm and 

were filled with blood solutions of 30 Mμ Hbt and 1% Intralipid.  

 

 

  

Figure 6.3. Gelatin phantom with two inclusions is used for image evaluation (bottom 
right). Spectral tomographic images reconstructed with different numbers of wavelengths 
are shown (in the rows above) where row (i) is the result with 4 wavelengths (695nm 
750nm 800nm 820nm), row (ii) is the result with 6 wavelengths (695nm 700nm 740nm 
780nm 800nm 820nm), and row (iii) is the result with 12 wavelengths (695nm 
700nm710nm 720nm 740nm 750nm 770nm 780nm 790nm 800nm 810nm 820nm). Cross 
plot (bottom left) summarizes the recovered image contrast for HbT as a function of the 
number of wavelengths used. 
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Experimental data yielded spectral reconstruction results with three sets of 

wavelengths and a cross-sectional profile of HbT, as presented in Fig.6.3. The two 

targets are hardly evident in the 4 and 6 wavelength cases whereas the reconstruction 

from 12 wavelengths of data estimates the locations of the two targets of Hbt very 

clearly. The results from the 12 wavelength case also shows smoother images of the 

other chromophores and scattering parameters. The cross-sectional profile indicates 

that the recovered HbT concentrations are inaccurate in the 4 and 6 wavelength cases, 

while the values from the case with 12 wavelengths of data are closer to the true 

results. 

 

 
Figure 6.4 Simulation of two-target phantom with known contrast in total hemoglobin 
(Hbt). Row (i) involves 4 wavelengths (695nm 750nm 800nm 830nm), row (ii) involves 
6 wavelengths (695nm 710nm 750nm 780nm 800nm 830nm), and row (iii) involves 12 
wavelengths (695nm 700nm710nm 725nm 735nm 750nm 770nm 780nm 800nm 810nm 
820nm 830nm).  These choices match the experimental study shown in Figure 6.3. 
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Figure 6.4 shows simulation results based on this gelatin phantom design. The 

position of two targets was chosen based on the gelatin phantom shown in Fig.6.3. 

Since the information about blood in experiment is HbT, the contrast of targets and 

background are displayed with the same HbT concentration as in the experiment. 

Gaussian-distributed noise was assumed to be 2% in amplitude and 1% in phase. 

Three different wavelengths sets were used for spectral reconstruction, which also 

were based on the sampling wavelengths in the experiment. The experimental 

total-hemoglobin result with 12 wavelengths in Fig.6.3 is quite consistent with the 

simulation in Fig.6.4. Since the impact of systematic error is usually hard to predict in 

the realistic experimental process, the comparison between experiment and simulation 

is fair.  The simulation indicates that promising results are possible with low noise 

dependence in the case of more wavelengths. The dependence of noise effect on 

number of wavelengths is discussed further in Chapter 7.  
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6.4.2 Phantoms with a Gelatin Inclusion 

 
Figure 6.5 (a) A small gelatin inclusion (b) the heterogeneous phantom in the imaging 
interface. (c) the dimension and blood concentration of background and inclusion.  

 

In this experiment, the inclusion was made from a small gelatin object that 

consisted of higher concentrations of blood than the background gelatin shown in 

Fig.6.5. This phantom design was closer to a realistic breast imaging situation since 

the tumor was usually embedded in the surrounding tissues. The transmitted data was 

acquired in three planes with 29 wavelengths from 695nm to 840nm with 5nm 

intervals. The 760nm data was not used because there was instability of the 

mode-lock circuit at this wavelength. Based upon the spectral resolution of the 

Ti:Sapphire laser, this was the maximum number of non-overlapping available 

wavelengths. Three different sets of wavelengths were used for spectral reconstruction. 

Similarly to section 6.4.1, the three sets were chosen in same range between 695nm 

and 840nm: 1) 5 wavelengths: 695,750,800,830,and 840nm; 2) 12 wavelengths: 695, 
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700, 710, 720, 740, 750, 770, 780, 790, 800, 810, and 840nm; and 3) Using all 29 

wavelengths. The results are shown in Fig.6.6-6.8.  

 

 

 
Figure 6.6. Reconstructed images from the data acquired at plane 0 as indicated above 
(bottom right). Results of different numbers of wavelengths are shown (in the rows above) 
where row (i) is the result with 5 wavelengths (695,750,800,830,and 840nm), row (ii) is 
the result with 12 wavelengths (695, 700, 710, 720, 740, 750, 770, 780, 790, 800, 810, 
and 840nm), and row (iii) is the result with 29 wavelengths (from 695nm to 840nm with 
5nm interval). The cross section plot (bottom left) summarizes the recovered image 
contrast for HbT as a function of the number of wavelengths used. 
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Figure 6.7. Reconstructed images from the data acquired at plane 1, as indicated above 
(bottom right).  The results of different numbers of wavelengths are shown (in the rows 
above) where row (i) is the result with 5 wavelengths (695,750,800,830,and 840nm), row 
(ii) is the result with 12 wavelengths (695, 700, 710, 720, 740, 750, 770, 780, 790, 800, 
810, and 840nm), and row (iii) is the result with 29 wavelengths (from 695nm to 840nm 
with 5nm interval). The cross section plot (bottom left) summarizes the recovered image 
contrast for HbT as a function of the number of wavelengths used. 
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Figure 6.8. Reconstructed images from the data acquired at plane 2 as indicated above 
(bottom right). Results of different numbers of wavelengths are shown (in the rows above) 
where row (i) is the result with 5 wavelengths (695,750,800,830,and 840nm), row (ii) is 
the result with 12 wavelengths (695, 700, 710, 720, 740, 750, 770, 780, 790, 800, 810, 
and 840nm), and row (iii) is the result with 29 wavelengths (from 695nm to 840nm with 
5nm interval). The cross section plot (bottom left) summarizes the recovered image 
contrast for HbT as a function of the number of wavelengths used. 

 

In Figure 6.6 and 6.7, the inclusion is well resolved spatially. The 5-wavelength 

case shows an over-estimated HbT value and this error leads to crosstalk in StO2 

image. In 12-wavelength case, the HbT value was much closer to the true blood 

concentration in both inclusion and background. This trend in image quality with 
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respect to the number of wavelengths was quite similar to what was observed in 

section 6.4.1. The result using 29 wavelengths was almost same as 12 wavelengths. 

This observation indicates that the optimum accuracy of quantification can be 

achieved with certain numbers of wavelengths, and it is not necessarily true that just 

increasing the number of wavelengths improved the image. In Fig.6.8, the inclusion 

was poorly resolved with data from plane 2. This was because the imaging plane was 

probably not as close to the object as planes 0 and 1. Therefore, for optical 

tomography, the quantification of tumor properties depends upon whether the data is 

taken at a plane near the position of the tumor. In order to find the optimum plane, 

spatial prior information such as MR images, could be used for guidance of NIR 

spectroscopy, to achieve the most accurate tissue properties. Three dimensional 

reconstruction of this phantom experiment was also performed by processing the data 

of the three planes together, using a spatial-prior method[113].  

 

6.4.3 Discussions  

The experiments shown above provided validation of simulations in Chapter 5 

and the improvement gained with more wavelengths is apparent. The question of 

wavelength selection has been investigated in the case of frequency domain and 

continuous wave data [37, 114]. The essence of spectral reconstruction is to quantify 

different chromophores as independently as possible with sufficient spectral 

information. The simulation and experimental results are consistent with the findings 

from previously published work, and indicate that an increased number of 
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wavelengths within a fixed range would be superior. A common limitation in 

frequency domain measurements is the observed error in the water image. For 

example, in Fig.6.7 both the background and inclusion were made from gelatin with 

same procedure, so the water image might be expected to be homogeneous. But even 

though many wavelengths are used, there is still substantial crosstalk from HbT to 

water (i.e. third row of Fig.6.7) and this was also observed in the simulation study in 

Fig.3.2. This crosstalk originates from the lack of spectral information of water in the 

longer wavelength range above 850nm due to the detection limitation of PMT. An 

alternative strategy proposed in previous chapters was to use a continuous wave 

method. In following sections, the CCD-based spectrometer system was used to 

perform continuous wave measurement so that longer wavelengths above 850nm 

could be accessed and the quantification performance of chromophores was analyzed, 

based upon gelatin phantom experiments.  

 

6.5 Continuous wave experiments with the spectrometer system 

6.5.1 Continuous-wave phantom experiments 

To study the differentiation of chromophores with CW imaging methods, the 

blood-based gelatin phantoms were prepared with two types of chromophore contrast. 

The first one had a hole in the middle of the gelatin, in which Intralipid solution was 

poured, with a higher blood concentration, featuring a 2:1 contrast in HbT and about 

95% water at this inclusion position. The second test phantom was made with a 

similar cylindrical inclusion but composed of a gelatin matrix rather than Intralipid, 
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using the same higher concentration of blood at 2:1 contrast. This latter phantom then 

had a homogeneous water concentration image, whereas the first one would be 

expected to have an inhomogeneous variation in water as well as contrast in 

hemoglobin. The expected properties of the phantom are shown together with 

experimental results.  

CW measurement data was taken from 700nm to 900nm at 13 wavelengths using 

the spectrometer tomography system with the Ti:Sapphire laser source. Figure 6.9 

shows the CW measurement reconstruction results from the phantom with a solution 

inclusion. The solution had a higher concentration of HbT than the background and 

the water concentration was expected to be near 90%. To estimate the water 

concentration in the gelatin phantom, CW measurements at multiple wavelengths 

were taken on a homogeneous gelatin phantom with no inclusion. A FEM model 

based fitting procedure [84] was used on the data at all wavelengths, the concentration 

of HbO2, Hb and Water was fitted based on their extinction coefficients. The HbT 

value estimated with this method was consistent with the actual blood concentration 

in the gelatin and the water concentration was around 50% for this gelatin phantom. 

The expected improvement in chromophores recovery was the contrast of each 

phantom, specifically; the water image of the phantom with the gelatin inclusion was 

expected to be homogeneous, while there should be clear contrast in the phantom with 

a solution inclusion.  
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Figure.6.9 Continuous wave experiments of the phantom with an Intralipid solution based 
inclusion. The first row shows the expected properties of chromophore concentrations; 
the second row shows the reconstructed images with wavelengths from 700nm to 840nm; 
and the third row shows images reconstructed with wavelengths from 700nm to 900nm. 

 

The first row in Figure 6.9 shows the true properties of chromophores of the 

phantom with a solution inclusion. In CW reconstruction, the scattering parameters 

are not updated and here the initial guess of scattering amplitude and power is 

estimated from previous phantom studies[54] and assumed homogenous. Although the 

whole spectrum from 700nm to 900nm was available using the CW method, the 

reconstruction results with 700nm-840nm CW data were still shown, since it is close 

to the spectral range used in FD measurements, which are limited to wavelengths 

below 850nm. The second row shows reconstruction images with wavelengths from 

700nm to 840nm (700 720 740 750 765 780 790 800 820 and 840nm). The HbT 

image shows clear contrast but lower background estimation compared to the true 

values. The water image was much noisier than the HbT, and was dominated with 

artifacts. The noise in water image can be explained by its low absorption in this 
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spectrum range. In spectral reconstruction, the terms for water in the Jacobian matrix 

are one to two orders of magnitude smaller than HbO2 and Hb terms due to the small 

contribution to absorption. Therefore water result was more susceptible to 

experimental noise and coupling errors. The third row shows reconstruction results 

with the whole wavelength range from 700nm to 900nm. With 3 wavelengths above 

840nm (860, 880 and 900nm) added, the coupling error effects were reduced, and the 

background value was well recovered. As shown in the second row, the overestimated 

water concentration led to crosstalk into the background value of HbT by giving 

lower values than expected. Both HbT and water were better quantified with the 

whole spectrum in the third row.  

Figure 6.10 shows CW reconstruction results of the phantom with a gelatin 

inclusion. As shown in first row, the water concentration was expected to be 

homogeneous. Strong crosstalk between HbT and water was observed in the second 

row where the sample spectrum was limited to under 840nm. The crosstalk was 

significantly decreased when 3 wavelengths above 840nm were added to the data set 

in the reconstruction, as shown in the images in the third row. The artifacts observed 

previously from coupling errors in the water image were also effectively reduced.  
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Figure.6.10 Images from the continuous wave experiments of the phantom with a gelatin 
inclusion. The first row is the expected properties of the chromophore concentrations; the 
second row shows reconstructed images with wavelengths from 700nm to 840nm; and 
the third row shows images reconstructed with wavelengths from 700nm to 900nm. 
 
 

6.5.2 MRI-guided CW phantom experiments 

The aim of this experiment is to evaluate the advantage of spatial-prior 

information when optimized spectral ability (700nm-900nm) is achieved. A 

three-layer gelatin phantom was made for a MRI-guided NIR experiment. The outer 

layer and middle layer were gelatin with different concentration of blood and the inner 

layer was a cylindrical hole added with a blood solution. The contrast in HbT 

concentration from inner layer to outer layer was about 2:1:0.5 and the water 

concentration in the solution contrast was around 95%. Gadolinium (OmniscanTM 

gadodiamide) was used as a MR contrast agent, which was added to the middle layer 

of the phantom to create contrast in the MR images.  
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Figure.6.11  (a) The 3D visualization of the three-layer gelatin phantom using Mimics 
software is shown. In (b) the region segmentation is shown based on contrast level in (a), 
In (c) the mesh generated from the MRI images of the phantom are shown.  

 

Figure 6.11 (a) is the 3D visualization of the T1-weighted spin echo MRI image 

of this phantom using Mimics® software. The optical data acquisition plane was 

marked with a MR sensitive fiducial marker. Region segmentation was performed by 

separating the middle layer with gadolinium from outer layer and inner layer of the 

top right image in Fig6.11 (b). An FEM mesh with spatial coordinates and region 

information was then generated in Fig6.11 (c) for image reconstruction. Figure 6.12 

shows the CW spectral reconstruction results with and without spatial prior 

information using 13 wavelengths from 700nm to 900nm (700, 720, 740, 750, 765, 

780, 790, 800, 820, 840, 860, 880 and 900nm). In the second row, direct spectral 

reconstruction shows reasonable HbT concentration in the solution (inner layer), but 

the difference between middle layer and outer layer could not be differentiated. Due 

to the complex geometry, the water concentration in the solution was underestimated 
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compared to the simple circular geometry shown in previous sections. Region based 

spectral reconstruction was shown in the third row. Layer structural information was 

“hard” coded in the Jacobian matrix[54]. The trend of HbT concentration was well 

recovered for all three layers and the water concentration in the inner solution was 

also clearly observed.  

 

 

Figure.6.12  The first row shows expected chromophores properties of the three-layer 
gelatin phantom; the second row shows direct spectral reconstruction images and the 
bottom row shows region-based reconstruction with MRI spatial information 
incorporated.  

 
 
6.5.3 Discussions  

 The CW phantom experimental results show the improvement in quantification of 

chromophore contrast when more spectral information is available. The recovered 

water concentration of the gelatin phantom is different from the weight ratio (about 

95%) during the preparation of the phantom. The fitting results of water concentration 
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in gelatin phantom vary in the individual phantoms from 40% to 60%. Although the 

procedure of making these phantoms is same [94], there is still some uncertainty in 

the production process resulting from the different mixing properties of water and 

gelatin due to temperature and stirring conditions, the distribution of TiO2 power as 

scatter through the whole phantom body. And the longest wavelength used here is 

900nm due to the stability of the laser at its long wavelength limit. The contrast 

results in Fig.6.9 and 6.10 show the improvement in the water images, but it is 

possible that the wavelength close to the water absorption peak around 950nm is 

required to quantify the absolute value of water content in a gelatin medium. This 

issue is addressed by using a diode laser in the final part of this chapter.  

 The MRI-guided experiment shows the promising results of improved accuracy 

by incorporating spatial information into the NIR reconstruction. This is especially 

important when complex human tissue is imaged. Brooksby et al. showed that 

MRI-guided NIR spectral tomography yields quantitative results on physiological 

information related to adipose and fibroglandular tissue[44]. Therefore, an optimum 

NIR imaging system could include FD and CW approaches for full spectral capability 

and provide molecular level interpretation of tissues while the structural information 

is available from another conventional imaging modality such as MRI.  
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6.6 Combine FD and CW measurements with the Ti:Sapphire laser 

6.6.1 Phantom results  

Ti:Sapphire laser based FD system was used for imaging tests from 700nm to 

845nm. CW data at three wavelengths (860,880 and 900nm) was acquired using the 

spectrometer system. The phantom experiment was performed on separate interfaces 

involving the two systems both with 16 sources * 15 detectors in a circular geometry. 

The phantom was aligned so that its position relative to the source/detector fibers was 

same on the two systems. Therefore, the FD and CW data for the different 

wavelengths was considered to be taken from the same interface. Figures 6.13 and 

6.14 show the results of reconstructed phantom images with the combined FD and 

CW measurements. The second row in Figure 6.13 contains the frequency domain 

results with 9 wavelengths (700,720,740,765,770,780,810, 830 and 845nm) for the 

phantom with a solution inclusion. Although the contrast in water of the inclusion was 

observable, the image was dominated by noise, and the region near the edge was 

saturated in this image. The FD data and CW data at 3 wavelengths were then 

combined for spectral reconstruction as discussed in Chapter 2. The scattering 

amplitude and scattering power for CW reconstruction were extracted from the 

frequency domain results and averaged to avoid the coupling artifacts in scattering 

amplitude. As shown in the third row of Figure 6.13, the water image was improved 

with a much more homogeneous background, and the recovery of the HbT 

concentration was also enhanced due to the improved water image. The recovered 

contrasts of HbT and water were shown in bar graphs in Fig.6.14(a).   
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Figure.6.13 Images recovered from the combined FD and CW measurements of a 
phantom with a solution inclusion are shown. The first row is the expected properties of 
the chromophore concentrations; the second row shows reconstructed images with only 
frequency domain data at 9 wavelengths from 700nm to 840nm; and the third row shows 
images reconstructed with combined data sets adding in continuous wave data at 
wavelengths of 860, 880 and 900nm. 
 

 
Figure.6.14 Bar graphs of the quantified contrast values are shown for HbT and water 
with the combined approach of FD + CW for (a) solution inclusion (b) gelatin inclusion. 

 

Figure 6.15 shows the reconstructed results of a phantom having a gelatin inclusion. 

The frequency domain reconstruction was taken with 9 wavelengths. The recovered 

chromophore images were generally good, although there was a small amount of 

crosstalk from HbT into water. With CW data at 860nm, 880nm and 890nm added 

into the reconstruction, the crosstalk was reduced and the artifacts in HbT were 



 101

decreased. Figure 6.14(b) shows the improved contrast in water with the combined 

approach.  

 

 

Figure.6.15 Images recovered from combined FD and CW measurements of a phantom 
with a gelatin inclusion are shown. The first row is the expected properties of 
chromophore concentrations; the second row shows reconstructed images with only 
frequency domain data at wavelengths from 700nm to 840nm; and the third row shows 
images formed with combined data sets involving continuous wave data at wavelengths 
of 860, 880 and 900nm. 

 

6.6.2 Discussions  

It was also found that when FD and CW data were combined together, some 

background noise was introduced into the water image in Fig.6.15, however, with the 

CW-only experiment, the whole spectrum gave the best results in the third row of 

Fig.6.11 and 6.12. This is due to the mismatch between the interface geometry of two 

imaging systems in this experiment. The different source and detector geometries and 

positions can introduce error into reconstruction when two data sets were combined 

together.  

For clinical imaging the two systems are required to be built together. The issue 
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of measurement time is an important limiting factor in the exploitation of these results 

within a clinical trial. The frequency domain measurement is quite fast, requiring 

about 1 minute per wavelength. The spectrometer-based CW measurement requires 

fairly long exposure times at every source position to achieve sufficient signal to 

noise ratio, which increases the total measurement time considerably. Usually, the 

shortest acceptable exposure time at the far detectors is about 20 seconds, so that the 

total measurement time at each wavelength is about 8 minutes, which includes 

exposure time at 16 source positions and system setting adjustment between adjacent 

source positions. If three wavelengths are needed for CW measurement, the total 

measurement time would be more than 20 minutes, which is too long for most clinical 

imaging exam. The alternative approach was to use a diode laser based system, 

developed to decrease the measurement time by inputting light at three wavelengths 

on the tissue surface simultaneously (see Chapter 4).  

 

6.7 Phantom tests of the combined measurement, using a laser-diode 

based source  

In section 4.4.4, a three-wavelength light source (903, 912 and 948nm) was 

developed with diode lasers. Here this light source was used to perform continuous 

wave measurement of the gelatin phantom with a solution inclusion. In this 

experiment, FD measurement was taken with the 6-wavelength diode laser based 

system. Both frequency domain and continuous wave fibers were located on the 

interface at different planes (see Fig.4.12). The solution inclusion was made as a deep 
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cylindrical hole so the data taken at separate planes of the frequency domain and 

continuous wave systems could be approximately treated as the same plane. 

Reconstructed images are shown below.  

 

 
Figure.6.16 (a) Expected phantom properties. (b) Reconstructed images using 
laser-diode based frequency domain system (661, 761, 785, 808, 826, and 849nm). (c) 
Reconstructed images with 3 longer wavelengths (903, 912, and 948nm) added to 
frequency domain data set. The color map is adjusted for better visualization.  

 

The frequency domain results show significant over-estimation of HbT value 

which can be explained as resulting from one of two possibilities: 1. there are only six 

wavelengths used in FD measurement. As disused before, too few wavelengths can 

lead to error in quantification. 2. Longer wavelengths are not included. With three 

wavelengths added with the continuous wave approach, the HbT image is 

significantly improved. The water content in the gelatin background is found around 

100%. This is consistent with the weight percentage of water used for making the 
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phantom. The Ti:Sapphire laser based experiment shows the gelatin has about 60% 

water, while the longest wavelength used is 900nm. Here 948nm is supposed to cover 

the major peak of water absorption. The crosstalk between hemoglobin and water can 

cause substantial error in the quantification of both[67]. This experiment indicates the 

importance of have longer wavelengths to cover the feature of all chromophores, 

including water and lipid.  

 

6.8 Summary 

    Ti:Sapphire laser based FD system provides the possibility of adding more 

wavelengths for measurement and the resulting improvement was found in both 

simulation and experiments. However, from a practical perspective, including cost, 

safety issues, combining the laser diode-based FD system with CW measurement is 

superior to using Ti:Sapphire laser for FD measurement with the trade-off on limited 

wavelengths. In this work, it was found that adding longer wavelength above 850nm 

has more apparent benefits than adding more wavelengths in the range below 850nm. 

Therefore, a systematic study of normal and cancer patients imaged using this 

laser-diode based combined approach was presented in Chapters 8 and 9.  
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CHAPTER 7 

Effect of Noise on Spectral Reconstruction 
                                                                                
 

7.1 Introduction 

The simulations and experimental results in Chapter 3 and 6 show the advantage 

of adding more wavelengths upon image reconstruction. One reason for this 

improvement is related to the spectral features of the chromophores in tissue. For 

example, the major peak of water is above 940nm and adding longer wavelengths (i.e. 

948nm) to the data sets of shorter wavelengths (i.e. 661, 761, 785, 808, 816, and 

849nm) improves the recovery of water. The phantom results in Chapter 5 also show 

that even though the essential spectral features of chromophores are covered by a few 

wavelengths (i.e. 4 wavelengths between 695nm and 845nm), adding more 

wavelengths in the same range also improves the reconstruction substantially. In this 

chapter, this question is addressed in detail based on the noise behavior of the imaging 

system. It has been widely accepted that the advantage of spectral reconstruction lies 

in the simultaneous inversion of multiple wavelength data. Corlu, et al. proposed an 

approach to select the optimal wavelength sets that would allow optimal 

quantification of tissue properties by maximizing uniqueness of the inverse problem 

and equalizing the contribution of different chromophores[52]. What is examined in 

this chapter is that even if the criteria in [52] are satisfied, the addition of more 

wavelengths can still benefit the reconstruction process through the suppression of 

bias-based measurement errors. The total noise of the system was analyzed as a 
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function of different numbers of wavelengths, to assess the value of added 

wavelengths in the eventual recovered chromophore concentrations.  

 

7.2 Noise distribution models: Zero mean versus non-zero mean 

Simulations were used to guide the experimental study plans, and in particular, 

one of the most critical unknown factors related to these simulations was the actual 

experimental noise features. The NIR image reconstruction is essentially a least 

square fitting process. In a spectrally constrained reconstruction, data from multiple 

wavelengths is combined for estimation of chromophore concentration and scattering 

properties. So it is the distribution of combined noise that determines the fitting 

process in spectral reconstruction.  Most of the related work assumes the noise in the 

data is normally distributed[52, 89, 114, 115]. However, if the noise is not normally 

distributed, the fitting results can severely deteriorate. Although it is difficult to isolate 

all sources of noise in a realistic system, what can be studied is the net effect of all the 

factors and what matters to the reconstruction process is whether this “net” noise is 

close to a normal distribution. In the following simulations, two noise models were 

assumed for comparison. The first one was a “zero-mean noise” case, which assumed:  

(1) the noise in each measurement from a given source-detector pair was proportional 

to the signal intensity, and (2) the sum of all the noise from all 240 measurements (16 

sources × 15 detectors) at one wavelength was normally distributed and had zero 

mean value.  This noise model has been almost universally used. The second noise 

model also assumes the noise in each measurement was proportional to the signal, and 
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that the noise in the data at each wavelength was normally distributed, but the mean 

value of the total sum noise at each wavelength varies randomly, which introduced 

error with different non-zero mean values into each wavelength. When 

multi-wavelength data is combined, the non-zero mean noise leads to an overall 

non-normal distribution. To simplify the problem, only amplitude noise was 

considered since it has the major effect in the quantification of chromophore 

concentrations.  

The simulation example was created with contrast in total hemoglobin(HbT), 

oxygen saturation(StO2) and water. The homogeneous circular background was 86mm 

in diameter and the source-detector configuration was same as the system setup (16 

sources × 15 detectors). The inclusion was 20mm in diameter and had 3:1 contrast in 

the chromophore concentration. The recovered average value of this region of interest 

was compared with the two noise models. A finite-element mesh with 1785 nodes was 

used to calculate the forward data, based upon the optical properties of this example. 

As for the first noise model, a normally distributed zero-mean noise was generated at 

each wavelength as follows, 

( )0,sim theory theoryI I N Iλ λ λε= +                    (7.1) 

where simI λ  and theoryI λ  are simulated experimental data and theoretical forward data, 

respectively. In Eq.(7.1), I represents the natural logarithm of the amplitude data 

incorporated in the inverse calculation. (0, )theoryN I λε  is normally distributed noise 

with zero mean and standard deviation theoryI λε   with ε  equal to 2%. This assumed 

noise percentage is larger than the upper limit of the noise level (1%) estimated from 
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the standard deviation of repeated measurements, as shown in Fig.4.5(b) because ε  

represents the overall difference between the true data and the measured values, 

having both bias and variance. This difference comes from: (1) instrumentation 

sources such as variation in detector response, instability of laser power and (2) 

coupling errors between the fiber interface and the breast. To keep the comparison 

consistent, the wavelengths in simulations were chosen to be the same as the 

experimental validation: 5-wavelength set including 700, 740, 790, 830 and 845nm; 

11-wavelength set including 700, 710, 720, 740, 755, 770, 790, 810, 830, 840 and 

845nm.  

The histograms of the noise level distribution (in percentage) for the data sets 

with 5 and 11 wavelengths are plotted in Fig. 7.1(a) and (b), respectively. In this 

“zero-mean” case, when the data with multiple wavelengths were combined, the 

whole noise data set still displayed normally distributed features. Figure 7.1(c) and (d) 

are the probability plots of noise from two wavelength sets, which are both quite close 

to ideal normal distribution shown as dashed line.  
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Figure 7.1. Zero-mean noise model data graphs showing: (a) a histogram of the noise 
distribution for all 5-wavelength data sets; (b) a histogram of the noise distribution for all 
11-wavelength data sets; (c) a normal probability plot of noise for the 5-wavelength data 
set, the dash straight line is a reference plot for a normal distribution; (d) a normal 
probability plot of noise for the 11-wavelength data set. The departure of the points from 
a straight diagonal line would indicate that there is distortion in the normal distribution, 
which is not apparent in this case. 

 

 Figure 7.2 shows the reconstructed images of the 5-wavelngth and 11-wavelength 

cases. The true values of chromophore concentrations and scattering properties were 

shown in the first row. Since the 5-wavlenegth and 11-wavelength data sets result in 

similarly low condition numbers (56.4 and 62.3) according to Corlu’s criteria[52], 

both wavelength sets provide sufficient spectral information to differentiate the 

chromophores. Therefore no significant differences in recovery results were found. 

The bar graph in Fig. 7.3 shows the recovered error in the region of interest. When 

noise at each wavelength has zero mean, reconstructed chromophore error with few 

wavelengths was similar to that with a higher number of wavelengths. The 
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reconstructed images of water were dominated by noise in both cases. This was 

because the spectrum of the measurements was limited under 845nm according to the 

spectral response of the PMT. The major spectral peak of water above 900nm could 

not be covered. To increase the accuracy of water concentration recovery, a 

continuous wave approach was incorporated with frequency domain measurement, 

and this was discussed in chapter 4 and 6. 

 

 
Figure 7.2. Reconstructed Images using the “zero-mean” noise data simulations are 
shown. The first row shows the true properties of chromophores (Hemoglobin, HbT; 
Oxygen Saturation, StO2; water) and scatter parameters (amplitude and power). The 
second and third row show the reconstruction results with 5-wavelength and 
11-wavelength data sets, respectively. 

 

Figure 7.3 Bar graphs of reconstruction error of ROI of results with the zero-mean noise 
model 
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Under the second noise model, first the zero-mean normal-distribution noise was 

generated for data at each wavelength, and then a random shift of mean value was 

added to each data set, so that a normally distributed noise scenario with different 

center positions at each wavelength was simulated:  

( )( ),sim theory theoryI I N a Iλ λ λλ ε= +                      (7.2) 

where ( ( ), )theoryN a I λλ ε  is the normally distributed noise with mean value of ( )a λ and 

standard deviation theoryI λε  with ε  equal to 2%. In the simulation, ( )a λ  is a 

random value in the range of 5% of theoryI λ . The chromophore properties are the same 

as in the previous example. Data of using 5 wavelengths and 11 wavelengths was 

combined together, respectively for spectral reconstruction.  

 
Figure 7.4. The Non-zero-mean noise model data are shown using: (a) a histogram of 
noise distribution of all 5-wavelength data sets; (b) a histogram of noise distribution for 
all 11-wavelength data sets; (c) a normal probability plot of noise of all 5-wavelength 
data sets, where the dashed straight line is a reference plot for a normal distribution; (d) a 
normal probability plot of noise for all 11-wavelength data sets. The departure of the 
points from the straight line is an indication that the data is not coming from a normal 
distribution in (c), whereas (d) is closer to the normal distribution. 
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In this case, the combined noise of the 5-wavelength data set shows a non-normal 

distribution in Fig.7.4(a), while the 11-wavelength displays a nearly normal 

distribution in Fig.7.4(b). The probability plot in Fig.7.4(c) and (d) shows that the 

combined 11-wavelength noise data set did result in maintaining the normal 

distribution better than the 5-wavelength case, which is expected in a statistical sense. 

The reconstructed images in the second row of Fig. 7.5 show that the deviation from a 

normal noise distribution leads to poor inversion results. The bar graph in Fig. 7.6 

displays the recovered error in the estimated value of the inclusion. Under the noise 

model defined in Eq.(7.2), non-normal distribution with fewer wavelengths leads to 

significant underestimation of chromophore concentrations with about 60% error in 

HbT and StO2 as compared to less than 40% error in Fig.7.3. However, the error using 

11 wavelengths in Fig.7.6 is decreased significantly and is about the same level as 

Fig.7.3 since the combined noise behavior was close to a normal distribution. The 

underestimation of parameters can be understood as a distortion of the least squares 

fitting process by the non-normal deviation noise. In the maximum likelihood sense, 

the fitting curve was biased in the wrong direction to bring the noise into the model. 

Even though the 5-wavelength data set was well selected spectrally[52], the 

reconstruction was considerably effected by noise in a “non-zero mean” situation.  
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Figure 7.5. Reconstructed Images using “non-zero mean” noise data. The first row shows 
the true properties of chromophores and scatter parameters. The second and third rows 
display the reconstruction results with 5-wavelength and 11-wavelength data sets, 
respectively. 
 

 
Figure 7.6 Bar graphs of reconstruction error in the ROI of results with a Non-zero-mean 
noise model 
 

The comparison of these two different models provides important guidance for 

the experiment. The ability to have spectral fitting results which are minimally 

sensitive to noise does not largely depend on the number of wavelengths if the noise 

distribution of each wavelength is close to the ideal zero-mean normal distribution. 

However, these simulations do indicate that including more wavelengths of data has a 

distinct advantage when there is a variation in the mean value of noise at each 



 114

wavelength. The non-zero mean value of noise can occur in all data sets and this value 

is likely different for each wavelength data set. Combining more wavelengths into the 

inversion provides a sum data set which appears to be closer to a zero-mean noise set.  

This observation was examined with experimental data, as described below. 

 

7.3 Experimental validation to assess the appropriate noise model 

The Ti:Sapphire based broadband frequency domain system provided a unique 

approach to test noise models because the measurement wavelengths could be chosen 

freely across the laser tuning range. To study the resulting image accuracy of this 

system, gelatin phantom experiments with a heterogeneous target were constructed 

for hemoglobin concentration measurements. The gelatin phantom was composed of 

porcine gelatin (Sigma-Aldrich G2500), TiO2 powder (Sigma-Aldrich T8141), 

porcine blood and saline. The details of the phantom preparation were discussed in 

Chapter 6. The first test phantom had a blood solution inclusion and gelatin 

background. The HbT concentration throughout the background of this phantom was 

approximately 10 Mμ and the blood solution inclusion had approximately 30 Mμ HbT 

concentration and 1% Intralipid. The diameter of the phantom and inclusion was 

88mm and 18mm, respectively. This provided a hemoglobin target with 3 to 1 

contrast, and essentially no contrast in scatter. The water concentration of the 

inclusion was around 100% and the gelatin background was assumed to have less 

water concentration than the blood solution inclusion[94]. To study the ability to 

differentiate between oxygenated hemoglobin and deoxygenated hemoglobin, a 
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second phantom test was designed to feature a contrast in both HbT and StO2 by 

dissolving some yeast in the blood solution inclusion to decrease the oxygen 

concentration, while the StO2 of blood in the gelatin background was unchanged.  A 

chemical microsensor (Diamond general development corporation, Ann Arbor MI) 

showed the StO2 was around 50% during measurement. Two different data sets 

consisting of acquisition with 5 and 11 wavelengths, respectively, were collected for 

spectral tomography reconstruction over the wavelength range from 700nm to 

845nm. 

Figure 7.7 shows the reconstructions of the first phantom with contrast only in 

HbT and Fig. 7.8 shows the reconstructions of the second phantom with HbT and 

StO2 contrast. In the first row of Fig. 7.7 and 7.8 involving the 5-wavelength case, the 

contrast in HbT was significantly underestimated, while the 11-wavelength case in the 

second row shows better recovery of HbT and the inclusion with StO2 contrast was 

better spatially resolved with more wavelengths. The bar graphs in Fig. 7.9(a) and (b) 

display the improvement when data sets of 11 wavelengths were used for spectrally 

constrained reconstruction.  
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Figure 7.7. Experimental results of gelatin phantom with blood solution contrast in HbT 
and water. The first row shows reconstructed results with the 5-wavelength data set, the 
second row shows reconstructed results with the 11-wavelength data set.  
 
 
 

 

Figure 7.8. Experimental results of gelatin phantom with blood solution contrast in HbT, 
StO2 and water are shown. The first row shows reconstructed results with the 
5-wavelength data set, the second row shows reconstructed results with the 
11-wavelength data set.  
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Figure 7.9. Bar graphs of reconstruction error of inclusion in two phantom experiments 
are shown with (a) the phantom with contrast in HbT; and (b) the phantom with contrast 
in both HbT and StO2.  

 

The experimental results have shown a similar trend, as was observed in the 

“non-zero mean” noise model in Fig.7.5. To explore the connection between the 

experiments and simulations further, an approximate noise distribution in the 

experiment was extracted from the multiple wavelengths of data for the first phantom 

experiment shown in Fig. 7.7, as follows: 

experiment theoryI Iε = −                       (7.3) 

where experimentI  is the experimental data and theoryI is calculated with known phantom 

properties using the theoretical diffusion model. Besides the systematic errors 

mentioned before, ε  here also includes the uncertainty of the actual phantom 

properties, which largely depend on the preparation procedure. However, the critical 

factor is the combined noise distribution of all of these realistic factors. 
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Figure 7.10. Noise distribution of experimental data from the phantom with contrast in 
HbT showing: (a) a histogram of noise distribution for all 5-wavelength data sets; (b) a 
histogram of noise distribution for all 11-wavelength data sets; (c) a normal probability 
plot of noise for all 5-wavelength data sets, where the dashed straight line is a reference 
plot for the normal distribution function; (d) a normal probability plot of noise for all 
11-wavelength data sets. The departure of the points from a straight line in (c) means the 
distribution is not exactly a normal distribution, whereas in (d) this is much closer to one. 

 

The histograms of the combined noise with 5 and 11 wavelengths were plotted in 

percentage in Fig. 7.10(a) and (b), respectively. The probability plots were displayed 

in Fig.7.10(c) and (d). The 5-wavelengths case shows larger deviations from a normal 

distribution, which is consistent with the “non-zero mean” noise model of Eq.(7.2) in 

the simulations. Both the noise distribution plots and measured data would support 

that the mean value of noise varies at different wavelengths. 

 

7.4 Discussions 

This “non-zero” unpredictable bias is a mixture of several factors associated with: 

(1) the varying stability of the mode-lock performance at different wavelengths, and 
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(2) the variation of response between detectors. These wavelength-dependent factors 

lead to varying noise behavior across the spectrum, which in turn cause 

underestimation of the chromophore properties if the combined noise distribution 

deviates from a normal distribution.  This occurs even though the few sampling 

wavelengths are chosen to maximally differentiate the chromophores.  Including 

more wavelengths proved to be an effective strategy which compensates for this 

unavoidable systematic error in two ways. First, when more wavelengths of data are 

combined, the collective noise behavior appears closer to a normal distribution, and 

secondly more wavelengths provide a more complete data set of spectral information 

about the chromophores. From a practical point of view, adding more wavelengths 

leads to extra cost in the instrumentation, and usually longer acquisition time. The 

best strategy is to find the trade off between the gain in quantification of tissue 

properties and cost in practical implementation of a multi-wavelength system. In this 

work, adding wavelengths does not require more instrumentation since the 

Ti:Sapphire laser is inherently tunable across the NIR range. Yet measurement time is 

another important issue in clinical studies with NIR tomography. Here, the total 

measurement time for 11 wavelengths was about 7 minutes, which is acceptable in 

patient imaging studies. Moreover, the increased stability of the reconstruction could 

also be useful for NIR systems with less expensive diode lasers. Usually, diode lasers 

are chosen at wavelengths which provide maximum sensitivity to target 

chromophores. The results in this work show that seemingly redundant wavelengths 

could play a critical role in improving quantification of chromophore concentrations. 
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The extra cost in diode lasers is usually low and the time of measurement can be 

decreased with a laser diode based system using approaches such as frequency 

encoding in the frequency domain measurement[116], broadband spectroscopy in a 

continuous wave system[117]. Several studies have been attempted to find the 

optimum wavelength set for better quantification of chromophores [114, 118]. With a 

larger number of wavelengths, the optimized approach can still be implemented to 

differentiate the chromophores while the distortion by noise is effectively diminished. 

Both simulations and experiments show that even with large numbers of wavelengths, 

there is significant underestimation on HbT with recovery error from 40% to 55%. 

The difficulty in obtaining accurate quantification comes from the ill-posed nature of 

diffuse optical tomography reconstruction. The number of unknowns (1785 nodes × 5 

parameters) is much larger than the number of data (240 measurement × 11 

wavelengths) even though the spectral reconstruction method is used.  Normally 

distributed noise can still bias the objective function 2χ  and leads to 

underestimation of parameters. The crosstalk among chromophores is another reason 

for the recovery error, and including longer wavelengths to better quantify water 

concentration could improve the hemoglobin results. Incorporating spatial prior 

information has been shown to be a good way to improve this quantification 

further[27, 54, 73], and leads to diffuse NIRS being used for alternative purposes, 

which is as an addition to standard imaging systems.  
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CHAPTER 8 

Normal Subject Imaging 

                            

8.1 Introduction 

The adult female breast skin architecture consists of superficial epidermis with a 

dense collagenous dermis[119]. A schematic diagram of the breast is shown in 

Fig.8.1[120]. Beneath the skin, a layer of adipose tissue (fat) surrounds and intermixes 

with the light pinkish-tan colored breast glandular tissue and the supporting white 

fibrous tissue stroma.  

 

 

Figure 8.1 A schematic representation of the basic anatomy of the breast.  

 

In general, the breast is richly supplied with blood but more vessels are found in 

the glandular tissue then in the fibrous and adipose areas. For young women, the 

breast structure is usually characterized by dense, glandular and water-rich tissue. The 
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postmenopausal breast shows a reduction in the glandular volume and increase in 

adipose tissue. The breast is a turbid, light scattering medium with a complex 

combination of layers, bands, sheets and nodules of absorbers, scatters and 

fluorophores. Near-Infrared optical methods have the advantage of high sensitivity to 

the concentration of the main absorbers constituting the breast, which are 

oxy-hemoglobin (HbO2), de-oxyhemoglobin(Hb), water, and lipid. With the ability to 

distinguish among these different constituents, optical methods are useful for 

characterizing the bulk composition of the breast. Studies utilizing NIR technique 

have shown that breast tissue characteristics correlate with factors such as age[35, 36, 

40, 121], body mass index[14, 37, 41], hormonal cycle[39] and menopause status[37, 

38, 40]. The inter-subject and intra-subject variation in optical parameters of normal 

breast tissues has also been investigated[38, 68]. In some of these studies, the content 

of water was assumed to be constant, ranging from 20 to 40% of the overall volume 

composition, and the lipid contribution was also kept constant or neglected.[41, 122]. 

The spectroscopic results have shown that physiological and pathological variations 

may affect the water and lipid content in female breast tissues. Therefore, a 

tomographic study of the optical properties and bulk composition of the breast 

including the contribution of water and lipid can be important for better understanding 

of the complex structure of the breast. Spinelli et al.[123] and Intes [124] presented 

time-domain optical mammography studies using discrete wavelengths. In their work, 

the chromophore concentrations and scattering properties were fitted with the 

absorption and reduced scattering coefficients. Due to the ill-posed nature of the 
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optical tomography reconstruction problem, the method suffers from errors due to the 

hypersensitivity to noise[54, 115] and non-uniqueness [52]in the estimation of optical 

properties. Spectrally constrained methods utilize the data at multiple wavelengths 

simultaneously to directly recover the chromophore concentrations and scattering 

parameters. Several studies have shown the robustness of this method in simulation, 

phantom experiment and breast imaging with frequency domain[53, 54] and 

continuous wave [51, 114]systems. In Chapter 4, the spectral approach was extended 

to combine frequency domain(FD) and continuous wave(CW) measurement so that 

both absorption and scattering information can be extracted from the broad spectrum 

which covered all major chromophores in breast tissues. The simulation and tissue 

phantom results showed improvement in chromophore values recovered. In this 

chapter, this new approach is used to study the relationships between optical and 

physiological properties of breast tissues of women with normal mammography. 

Since mammography has been widely used for screening senior women for breast 

disease, large epidemiological studies have shown that radiographic density is 

correlated to risk of developing breast cancer[125, 126]. Based on the radiographic 

density, breast tissue is generally categorized into four groups: 1. fatty(F), 2. 

scattered(S), 3. heterogeneously dense(HD), 4. extremely dense(ED). The correlation 

between radiographic density and NIR parameters is explored in this chapter.  
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8.2 Results and discussion 

 In total, eleven subjects were involved in this sub-study. Each of them was 

assigned to a unique exam number. Data from two subjects was not included in the 

statistical analysis because the breast size was too small to maintain consistent fiber 

contact with the tissue surface. The age, body mass index (weight/height squared, 

BMI) and radiographic densities of nine subjects are listed in Table 8.1.  

 

Table 8.1. Normal patient information 
 

Subject 
ID # 

Age 
(yrs) 

BMI 
(kgm-2) 

Radiographic
Density 

510 50 28.3 Scattered 
518 58 26 Scattered 
529 55 29.3 Scattered 
530 67 25.8 Scattered 
504 49 40.6 Scattered 
520 37 27 ED 
533 51 24 ED 
522 52 26.5 HD 
505 62 35.2 Fatty 

 

All exams were performed on both breasts, except for subject 505 who was 

imaged only on the right breast. FD and CW data were acquired during each exam. To 

compare the effect of including the CW data at the longer wavelengths above 850nm, 

reconstructed images with only 6-wavelength of FD data are shown together with the 

results from combined data sets in Fig.8.2-8.10. When using only FD data, lipid is not 

included in reconstruction since lipid absorption is much lower than the other 

chromophores below 850nm.  
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Figure.8.2 Reconstructed images of chromophore concentrations and scattering 
parameters for subject #510. The upper two rows show the results when only FD data 
below 850nm is used. The two rows below are the results of combined FD and CW data 
and lipid is quantified. 

 

 
Figure.8.3 Reconstructed images of chromophore concentrations and scattering 
parameters for subject #518. 
 



 126

 
Figure.8.4 Reconstructed images of chromophore concentrations and scattering 
parameters for subject #529. 

 

 
Figure.8.5 Reconstructed images of chromophore concentrations and scattering 
parameters for subject #530. 
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Figure.8.6 Reconstructed images of chromophore concentrations and scattering 
parameters for subject #520. 

 

 
Figure.8.7 Reconstructed images of chromophore concentrations and scattering 
parameters for subject #504. 
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Figure.8.8 Reconstructed images of chromophore concentrations and scattering 
parameters for subject #533. 

 

 
Figure.8.9 Reconstructed images of chromophore concentrations and scattering 
parameters for subject #522. 
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Figure.8.10 Reconstructed images of chromophore concentrations and scattering 
parameters for subject #505. 

 
 

8.2.1 Intrasubject variations 

In this tomographic study, the coronal distribution of NIR properties across the 

whole breast is recovered. The heterogeneity of breast tissue has been studied using 

spectroscopic approaches[68, 127]. The tomography images presented here provide a 

more robust and objective way to study intrasubject variation. As shown in the figures 

above, images of HbT and StO2 are generally homogeneous. The mean variance in 

HbT and StO2 among all subjects is 10.14% and 6.69%, respectively. Water and lipid 

show larger variation at 16.36% and 16.13%, respectively. This occurs because they 

vary significantly in different types of breast tissues. The low concentration region 

inside the images of lipid likely shows glandular region surrounded by adipose tissue. 

The low heterogeneity in StO2 agrees with the results reported by Shan et al. [68] and 

Svensson et al.[127]. However, the lipid variation observed here is larger than that 

reported by Shan et al. [68]. Their smaller value could have been caused by the 

reflective measurement geometry, which mostly samples the upper layer of breast 

tissue.  
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8.2.2 Improvement with included longer wavelengths 

 
Figure.8.11 Bar graphs of average value and standard deviation of HbT concentrations for 
all subjects. Results using FD and combined approach were compared.  

 

 
Figure.8.12 Bar graphs of average value and standard deviation of StO2 for all subjects. 
 

 
Figure.8.13 Bar graphs of average value and standard deviation of water concentrations 
for all subjects. 
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Figure.8.14 Bar graphs of average value and standard deviation of lipid concentrations 
for all subjects. 

 

The mean value and variation of all parameters for each subject are summarized 

in the bar graphs in Fig.8.11-8.14. The properties reconstructed from only FD data 

and combined data sets are shown for comparison. Fig.8.11 suggests a general 

overestimation in HbT if only FD data is used, which is similar to previous phantom 

experiments in section 6.7. When data at longer wavelengths above 850nm are not 

included, some absorption of water is mistakenly attributed to hemoglobin. Similar 

results were also reported in other spectroscopic studies [37, 128]. Consequently, the 

overestimation of HbO2 leads to similar errors in quantification of StO2 as shown in 

Fig.8.12. In discrete wavelength measurements, the sensitivity of the wavelengths to 

chromophores is important. Previous simulation and phantom experiments show that 

water concentration was underestimated without the included longer wavelengths. 

Here, the same observation was found in Fig.8.13. Adding CW data at 903, 912, and 

948nm significantly improves the quantification of water concentrations. The lipid 

contribution is also estimated in Fig.8.14, which is directly related to breast tissue 

type.   
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8.2.3 Intersubject variations 

For all subjects, HbT values range from 9.9 Mμ to 26.5 Mμ  with a mean of 

16.1 Mμ  and StO2 varies from 48.6% to 71.9% with a mean value of 60.6%. 

Although the number of samples is not large, these results agree with several other 

studies of healthy breast [36, 38, 88, 129, 130]. The inter-subject variation of water 

and lipid is quite large. The minimum water concentration is 20.0% and the maximum 

is 72.6%. The lipid fraction shows variation from 43.3% to 90.8%. These large 

variations come from the strong dependence of water and lipid content on the 

structure of breast tissue, which varies significantly between individuals[37].  

 

8.2.4 Correlation between physiological parameters  

 Scattering properties were also studied in these subjects. Figures 8.15 and 8.16 

display a correlation plot of the average water and lipid concentration versus 

scattering power. The solid fitting lines demonstrate that there is positive correlation 

between water content and scattering power, while there is a decreasing linear 

correlation for lipid content versus scattering power. Similar results were also 

reported by Cerussi et al. [35]and Pifferi et al. [128]. Scattering power is related to 

the size of the scattering centers. Water-abundant breasts are associated with a larger 

composition of the collagen-rich glandular tissue, which has small scattering centers. 

On the other hand, fatty tissues have larger scattering centers. The results indicate a 

consistent correlation between scattering properties and radiographic density of breast 

tissue. The correlation plot of HbT versus water content in Fig.8.17 is consistent with 

the scattering dependence. Glandular tissue with larger water content is also 
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characterized by well-vascularized lobular tissue.  

 

 
Figure 8.15 Correlation plot for water concentration versus scatter power. 

 

 
Figure 8.16 Correlation plot for lipid concentration versus scatter power. 

 

 
Figure 8.17 Correlation plot for HbT versus water concentration.  
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The lipid and scattering power are also presented as functions of BMI in Figures 

8.18 and 8.19, respectively. There is general positive correlation between lipid and 

BMI, except in the unusually large case (BMI = 40.6). This agrees with the fact that 

BMI represents a measure of breast fat content. Scattering power decreases as BMI 

increases. This is consistent with the correlation of scattering power with water and 

lipid shown before. The dependence of lipid and scattering power on BMI does not 

show as strong of a trend as plots in Fig.8.16 and 8.17. This is because breast mass 

and over all body mass are not perfectly correlated. Overall, the absorption and 

scattering information provided by optical methods provide a consistent picture of the 

breast tissue properties.  

 
Figure 8.18 Lipid concentration versus BMI, in this case do not show a strong correlation. 

 

 
Figure 8.19 Scatter power versus BMI, in this case do not show a strong correlation 
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8.2.5 Comparison of physiological parameters based on radiographic density 

 To study the relationship between NIR information and radiographic density, the 

subjects in this study were categorized into two groups. Scattered and fatty types are 

usually characterized as low density, while extremely dense and heterogeneous dense 

type are high density. Therefore, the Scattered/Fatty group includes all scattered and 

fatty subjects and the ED/HD group includes extremely dense and heterogeneous 

dense subjects. In addition to compare these two groups of different densities, the 

difference between the two sides of the breast is taken into consideration. Shah et al. 

[68]and Svensson et al. [127] reported the variation between left and right breasts 

with a DOS approach in reflectance mode using a hand-hold probe. In this work, the 

tomographic method is expected to give more global information about breast for 

comparison.  

 

 
 

 The comparison results by groups defined above are shown in Table 8.2. ED/HD 

groups show significantly higher values in HbT and water than the Scattered/Fatty 

group. This is due to the dominate fibroglandular tissue in the high density group 

whereas the Scatter/Fatty group shows higher lipid content. This is consistent with its 

low radiographic density due to the major fat content. There is no significant 

difference observed in StO2 and scattering amplitude. The difference in scattering 

power is also apparent between the two groups. This agrees with results reported by 
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Pogue et al. using frequency domain tomography[38]. The scattering parameters are 

determined by the size and density of particles. Although the microscopic structure is 

hard to identify from the bulk properties, the clear trend here shows that there is 

strong correlation between the scattering properties and radiographic density of breast 

tissues.  

 

 
 

 The relative deviation defined as /left right average− is calculated for HbT, 

water, lipid, and scattering power. In our studies, there were no significant differences 

between left and right breasts, as shown in Table 8.3, which makes sense because they 

are considered to be very symmetric in composition in humans. In general, the 

deviation found here is smaller than in the results reported by Shah et al. [68]and  

Svensson et al. [127]. This is likely caused by the different measurement geometries 

used for measuring the bulk properties. The transmission data using 16 source ×15 

detectors is less sensitive to the local heterogeneity of the breast compared to the 

reflectance measurements obtained on a relatively small scale[68, 127].  
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CHAPTER 9 

Imaging Patients with Malignant Breast Tumors In Vivo 
                                                                                
 

9.1 Introduction 

 NIR spectroscopy and imaging of cancer tumors could have significant potential 

for diagnosis and monitoring of breast cancer. When compared to conventional 

clinical breast imaging modalities, such as x-ray mammography[131], ultrasound[132] 

or contrast-enhanced MRI[133], NIR shows the unique advantage of providing 

molecular-level contrast with non-invasive, non-ionizing signals and is a potentially 

inexpensive technique. The key question examined in this thesis has been how to 

maximize the accuracy of tumor estimation with additional wavelengths of data.  

Cerussi et al. demonstrated diffuse optical spectroscopy (DOS) of malignant 

breast tumors [134] using a single surface detector, with wide bandwidth spectral data 

similar to what has been investigated here. The reflectance approach in their 

experiments was primarily sensitive to near-surface tumors and the spectra measured 

with this method is likely to also include contributions from both normal and diseased 

tissues. Diffuse optical tomography (DOT) has been used for imaging benign and 

malignant breast tumors with continuous wave(CW)[135], frequency 

domain(FD)[115], and time domain(TD)[19, 124] approaches. The measurement 

wavelengths in these works have been below 850nm primarily due to instrumentation 

limitations, which may lead to difficulty in quantifying water and lipid content[136]. 

Several DOT studies have utilized combined FD and CW systems for 
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three-dimensional breast imaging[33, 137], where the distribution of hemoglobin 

concentration and blood oxygen saturation was reconstructed. However, in most 

instances, the water and lipid concentrations were assumed to be homogeneous [33, 

137], which is not likely to be the case. For example, Jakubowski et al. [31]and 

Cerussi et al.[32] both reported significant contrast in water and lipid content between 

normal and cancerous tissues in similar chemotherapy monitoring studies using DOS.  

It has been found that ignoring the water contribution may cause error in the 

estimation of hemoglobin concentrations[37, 136].  

In this work, a hybrid approach to combine FD and CW measurement is 

presented to image malignant tumors in vivo using DOT. The FD system uses 

intensity modulated sources at specific wavelengths to estimate scattering properties 

of tissue, and the CW system adds a wider spectral range to estimate absorption better. 

Here six intensity modulated laser diodes(661,761, 785, 808, 826 and 849nm) were 

used in FD measurements and three laser diodes (903, 912 and 948nm) were used in 

CW recordings. By extending the spectral detection to longer wavelengths, the 

contribution of water and lipids can be estimated together with HbO2 and Hb. This 

study was designed to contribute preliminary data on the contrast between normal and 

tumor tissues in all major chromophores and scatterers with the DOT imaging 

approach.  

 

9.2 Cancer patient study results  

Three female subjects with malignant breast tumors were studied using 
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broadband NIR tomography. During NIR imaging, subjects were placed in a prone 

position on a padded examination platform with the breast to be imaged pendant 

within the fiber-optic array. The circular fiber array was moved into contact with the 

breast. In order to place the imaging array closest to the tumor position, the tumor was 

localized by palpation guided by positional information contained in radiology reports. 

MR images of the patients were also shown, which were acquired with the patient in 

the prone position on a 1.5T scanner (GE Signa, GE Healthcare, Waukesha, WI) for 

standard clinical indications or a 3T (Philips Achieva, Philips Healthcare, Andover, 

MA) system for research studies. For case 1 and 2, dynamic contrast MR images were 

acquired with the injection of a bolus of contrast (Gadodiamide, Omniscan, GE 

Healthcare) at 1.5T. For case 3, T1-weighted images were acquired at 3T.  

Case study 1: This was a 48-year-old women with a 4.2x2.6x3.5cm ductal carcinoma 

in situ and invasive ductal carcinoma in her left breast. Dynamic contrast MR images 

are shown in Fig.9.1. Spectral reconstruction images in Fig.9.2 using FD 

measurement data at six wavelengths are compared with results using combined FD 

and CW data at nine wavelengths in Fig.9.3. The total hemoglobin(HbT=HbO2+Hb) 

image shows a localized increase at the site of the tumor indicating the increased 

vascularity due to angiogenic activity[138]. The optical images show good agreement 

in tumor localization with the MRI results. There is no significant contrast observed in 

the oxygen saturation(StO2=HbO2/HbT) distribution. The water image using only the 

FD data shows a homogeneous result; however, with longer wavelengths added into 

the spectral reconstruction, contrast in water concentration is recovered, along with 
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inverse contrast in the lipid image. The increase in water and decrease in lipid content 

at the tumor position has also been found in other studies of malignant breast tumors 

using spectroscopic reflectance measurements in a similar wavelength range[134] 

[139]. The position of the water contrast is slightly different from the contrast in the 

hemoglobin image in Fig.9.3. This difference possibly arises from our present 

imaging geometry as noted in Chapter 4. Specifically, the imaging plane of the FD 

and CW recordings is not at the same height. The water result is much more sensitive 

to the longer wavelengths. At present, we treat the data from the two adjoining planes 

together in this two-dimensional reconstruction. The quantification error caused by 

the approximation should not be large given the diffusive nature of NIR light in tissue 

and the size of the tumor in this subject. It is interesting that HbO2 and Hb show 

different shapes of contrast. It has been reported that Hb is a more sensitive index in 

the characterization of tumors during neoadjuvant chemotherapy monitoring[31, 32], 

while HbO2 is more related to global vascularity density. To compare the properties of 

tumor and surrounding normal tissue, an ROI of the tumor was obtained from a 

FWHM criterion as applied to the Hb image[140]. The average and standard deviation 

of the ROI and background tissue properties are summarized in Table 9.1. As for the 

scattering properties, there was no significant contrast observed in the tumor position. 

The improvement in water quantification is apparent when the longer wavelengths 

above 850nm were incorporated. The enhanced accuracy in the water image also 

decreases the error in hemoglobin concentration, which has been shown in 

spectroscopic[37] and time-domain[136] studies as well.  
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Figure.9.1 Dynamic contrast MRI images of patient 1: (a) axial view, (b) coronal view, (c) 
sagittal view.  
 
 
 
 

 
Figure 9.2 Reconstructed images of chromophores and scattering parameters of patient 1 
with 6 wavelengths of FD measurement   
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Figure.9.3 Reconstructed images of chromophores and scattering parameters of patient 1 
with 9 wavelengths of combined FD and CW data. 
 

 

Case study 2: The second case was a 69-year-old female subject with a 

2.7x1.8x3.4cm infiltrating ductal carcinoma. The contrast MRI images are 

shown in Fig.9.4. Optical images present consistent localized contrast in 

hemoglobin in Fig.9.5 and Fig.9.6. Similarly to the previous case, the water 

results were improved using the combined FD and CW approach in Fig.9.6. The 

HbT concentration at the tumor region was 27.3 Mμ on average, while the 

background value was about 14.9 Mμ . The tumor also showed higher water 

value at 31.3% compared to background at 21.8%. The lipid content decreases 

by 17.7% from an average of 80.6% in the background to 66.3% in the tumor. In 

this subject, an increase in scattering power was observed in the tumor region. 

This is likely due to the malignant transformation of the tissue cells, which leads 
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to a change in the effective scatter size of the tissue.  

 

 
Figure.9.4 Dynamic contrast MRI images of patient 2: (a) axial view, (b) coronal view, (c) 
sagittal view.  
 
 
 
 

 

Figure 9.5 Reconstructed images of chromophore and scattering parameters of patient 2 
with 6 wavelengths of FD measurements   
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Figure 9.6 Reconstructed images of chromophore and scattering parameters of patient 2 
with 9 wavelengths of combined FD and CW data.   

 
 

Case study 3: This subject was a 43-year-old female with inflammatory breast 

carcinoma. The tumor size was about 9 cm. Only T1-weighted MRI images were 

available for this subject, as shown in Fig.9.7. Due to the large size of the tumor, HbT 

image shows a diffusive feature around the tumor region. However, the Hb image 

presents quite localized contrast with 125.6% increase compared to surrounding 

normal tissue. The difference between the HbO2 and Hb images could come from the 

variable metabolic status of the breast, which suggests it may be important to analyze 

these two parameters separately during diagnosis or therapy observation. The water 

image also shows high contrast in the tumor region, while the opposite contrast is 

found in lipid image. Similarly to case 2, the average scattering power increases by 

16.2% in the tumor region.  
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Figure.9.7 T1-weighed MRI images of patient 3: (a) axial view, (b) coronal view, (c) 
sagittal view.  

 

 

Figure 9.8 Reconstructed images of chromophores and scattering parameters of patient 3 
with 6 wavelengths of FD measurement 
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Figure 9.9 Reconstructed images of chromophores and scattering parameters of patient 3 
with 9 wavelengths of combined FD and CW data.   
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9.3 Discussions 

DOT based on the combination of FD and CW data was used to recover the 

chromophore and scattering parameters in breast cancer tissues. The dominant 

chromophores in breast tissue including HbO2, Hb, water and lipid were quantified 

through spectral reconstruction. The contrast in tumor relative to background tissues, 

defined as mean(tumor)/mean(background), is summarized in Fig.9.10. 

 

 
Figure 9.10. Bar graph shows contrast in tumor relative to background tissues for 
chromophore concentrations and scattering parameters. 

 

The contrast in HbT shows a significant increase in tissue vascular density in the 

tumor region. This is related to angiogenesis in response to fibroblastic and vascular 

growth factors caused by the carcinoma cells[141]. However, there is no consistent 

decrease in StO2 of the tumor. The weak sensitivity of StO2 change to cancerous 

tissues was also found in other DOS studies[134, 142]. Infiltrating breast ductal 

carcinomas are usually surrounded by dense peripheral infiltrates of immune 

inflammatory cells which are metabolically active. The intensity and distribution of 
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the cellular infiltrates varies considerably within a given breast carcinoma and among 

different patients; hence oxygen saturation change caused by inflammatory cells 

could be quite variable[141]. HbT and StO2 capture the mixed effect of blood vessel 

density and tumor cell metabolism. These results suggest that evaluating HbO2 and 

Hb separately is also important to the analysis the tumor properties. HbO2 is more 

related to global vascular structures, while Hb is more sensitive to cellular oxygen 

consumption and local metabolism. The different nature of these two chromophores is 

reflected in the results of patient 3 as shown in Fig.9.9, where Hb shows more 

localized features than HbO2.  

The quantification of water is critical in the study of breast tissues because of the 

highly complex distributions of adipose and fibroglandular tissues. Srinivasan[36] has 

shown water concentration in breast tissue has a large variation from 10% to 70% 

between different subjects, and this has largely been attributed to changes in 

adipose/fibroglandular distribution [44]. Cerussi[37] and Srinivasan [36] also show a 

significant variation in water concentration in normal breast tissues with age. 

Spectroscopy of the breast with a point monitoring system [40, 143] has been shown 

to benefit significantly from the addition of broadband CW data, and this concept was 

extended into a full tomography mode here to study the water properties of tumors. 

With longer wavelengths added in spectral reconstruction, tumor regions were found 

that show significant contrast from 1.5 to 2 relative to the surrounding normal tissues 

in all three subjects. The pathological effect of water has been studied through the 

apparent diffusion coefficient of water (ADCw) using MRI. Paran et al. showed that 
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water diffusion correlates with the microenvironment in breast cancer animal models 

using diffusion MRI[144]. The enhanced water values in tumor can be caused by 

variations in tumor cell density and edema. The hybrid DOT modality also quantifies 

lipid content. Several studies on normal breast tissues have shown the lipid properties 

in breast are strongly effected by age and menopausal status[68, 127]. The 

quantification of lipid can be helpful indicating lesions in the breast. The water and 

lipid were also shown to be related to the response of breast cancer patients in 

neoadjuvant chemotherapy monitoring studies using DOS[32, 139]. The imaging 

approach proposed here can provide a complete distribution of chemotherapy-induced 

changes in the physiological properties of tumors.  

Scattering properties are another important issue in the characterization of breast 

tissue. Cerussi [37] showed collagen-rich glandular tissue has higher scattering power 

than adipose tissue. Pogue [38] has shown scattering amplitude and scattering power 

have a strong correlation with radiographic density and can provide useful 

information for assessing breast physiology and potential risks of disease. FD 

measurement has the advantage of providing path-length information on scattered 

light in tissue. Scattering amplitude is sensitive to the number density of the scatterers, 

while scattering power is related to their size. The contrast shown in scattering power 

in Fig.9.11 indicates a decrease in the size of the scattering centers, which is likely 

related to fibrosis occurring in malignancies. Our findings agree with the results of 

malignant breast tumors reported by Cerussi et al. [134]. Wang et al also reported that 

the effective scatter size in breast tumor is smaller than the background based on a 
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Mie-scattering model[145]. Microscopic study of the scattering properties of tumors 

requires further investigation to fully appreciate the sub-cellular origins of the signal.  
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CHAPTER 10 

Conclusions 
                                         
 
 

10.1 Thesis summary 

 This thesis proposed and implemented strategies to improve multi-wavelength 

NIR tomography for breast cancer imaging. In simulation studies, incorporating 

spectral constraints and spatial prior information yielded more accurate quantification 

of chromophore and scattering values. This work involved three distinct phases of 

technological development, as related to breast imaging. 

First, a novel frequency domain system was created using a mode-locked 

Ti:Sapphire laser, providing a highly tunable multi-wavelength approach to 

quantitative spectroscopy, with maximal power possible for thick tissue imaging. This 

system showed intrinsically high stability with many wavelengths in the NIR range, 

where a mode-locked signal of 80 MHz was heterodyned for lock-in phase detection. 

Phantom studies were used to show the improvement in quantification with increased 

number of measurement wavelengths.  

In a second phase of investigation, follow up analysis of the influence of noise 

upon the spectral reconstruction was examined and related to the number of 

wavelengths used. Specifically, both simulations and experiments consistently showed 

that the inclusion of more wavelengths effectively reduced the skew in the noise 

distribution.  The reduction of this bias effect through added sets of data, resulted in 

more of an overall zero-mean noise distribution, which improved the quantification of 
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tissue properties.  

To overcome the wavelength sensitivity limitations of PMT detectors, a 

spectrometer-based system was used for CW measurements at wavelengths longer 

than 850nm together with the FD-based PMT measurements. This approach provided 

better data sets, and was used in studies of phantoms, healthy subjects and cancer 

patients. 

To summarize the results on human subjects, healthy women were imaged with 

the enhanced spectral capabilities, and the water concentration and lipid fraction of 

tissue were better recovered. The correlation between physiological properties of 

hemoglobin, water, lipid and scattering was discussed. These bulk tissue properties 

were consistent with trends expected in patient demographics, which makes optical 

imaging a useful complementary tool for screening women.  

Finally, patients with malignant tumors were also imaged with the combined 

system. The contrast in hemoglobin, water and lipids in the tumor position reflected 

the change of vascularity and metabolism in cancerous tissues. In conclusion, 

different techniques were validated numerically and experimentally to optimize NIR 

tomography. With the enhanced spectral ability of the imaging systems, in vivo studies 

on healthy and cancer subjects showed quite promising improvements in imaging 

accuracy, and showed good correlation with MR image data. These developments are 

worth further clinical investigation on a larger populations, and should be integrated 

into the ongoing studies at the Dartmouth-Hitchcock Medical Center.  
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10.2 Future directions 

 The advantage of spatial prior spectral tomography has also been shown in 

simulation and phantom experiments with guidance of MRI images. The next step is 

to incorporate this combined NIR imaging approach into the MRI system. The high 

resolution structural information from MRI images can provide adipose/glandular and 

tumor/normal tissue differentiation. By introducing the spatial priors into NIR 

imaging problems, the tomographic imaging problem can be reduced to a 

spectroscopic imaging problem, which makes the ill-posed inverse problem much less 

susceptible to measurement noise. By combining optimum spectral sensitivity with 

high resolution imaging, the quantification of NIR parameters will be improved 

significantly, and may be more clinically useful. At present, a slab-geometry based 

NIR tomography system is under development for hybrid MRI-NRI imaging. The slab 

interface plate is designed to be compatible with an MRI breast coil as shown in 

Fig.10.1.  

 
Figure.10.1 (a) Philips Achieva X 3T MRI system. (b) The interface plate is placed into 
MRI coil for simultaneously MRI-NIR imaging. 
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Figure.10.2 Design of a one-plane NIR fiber holder to be placed into MRI coil. 

 

To incorporate both FD and CW systems into MRI, a slab geometry fiber holder 

was designed based on the dimensions of the fibers from two systems. A graphic 

drawing of this holder is shown in Fig.10.2. In this case, data from multiple 

wavelengths is recorded at the same place so that a 2-D model can be used for image 

reconstruction. The potential drawback of this interface is the limited number of fibers 

at each distance. To overcome this problem, an alternative two-plane fiber holder was 

designed in order to increase the number of positions of measurement, as shown in 

Fig.10.3.  
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Figure.10.3 Design of a two-plane NIR fiber holder to be placed into MRI coil. 

 

With this interface, the fibers of FD and CW systems are placed in separate 

planes, similarly to the imaging study described in Chapters 9 and 10. The MRI 

images can provide the relative position of the fibers to the breast. A 3D mesh with 

source-detector coordinates can be generated based on the MRI information. Region 

segmentation can be performed to identify the tumor, glandular and adipose tissues. 

With the spatial prior method discussed in Chapter 2, chromophore concentrations 

and scattering properties can be “fitted” on each pre-defined region using the 

multi-wavelength data. Then, the distribution of those physiological properties can be 

overlaid with MRI images for diagnosis. The last step is critical for NIR imaging to be 

widely used in routine clinical breast imaging since the consistent structural 

information makes the analysis of functional properties more intuitive and 

straightforward. This work is being carried out in the thesis work of Colin Carpenter 
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and Michael Mastanduno at the Thayer School of Engineering.  Continued work in 

this direction will likely lead to highly accurate and useful NIR spectroscopy during 

breast MR imaging.  
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Appendix A: Data acquisition programs  

A.1 Ti:Sapphire laser based frequency domain system  

Front panel of the main program TiS_FD_Remote_Measurement.vi 

 

The major difference in the programs of this system from the laser-diode based 

system is the lock-in detection techniques. Relevant programs are listed 

below(subroutines are not shown). Some programs common to both systems such as 

rotary stage control, data read-out were presented in Tory McBride’s thesis.  

TiS_FD_Remote_Measurement.vi 
 Calls control program of Ti:Sapphire laser ( remotely ): 
  Local_Laser_Control.vi, which controls laser at another room 

Calls program to find gain settings:  
VXM-Simultaneous Find 15 gain HV12.-each planeTiS.vi 

Calls program for data acquisition:  
VXM-Parallel Acquisition 15 new calibration-TiS-no ASC.vi 

Calls program for lock-in detection using intrinsic signal from Ti:Sapphire laser 
DAQ&LockInDet15 PS-ref1A-TiS.vi 
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A.2 Combined FD and CW system 

 As discussed in Chapter 4, the laser diode-based FD system is synchronized with 

the spectrometer-based CW system. The major programs for synchronization and data 

acquisition are listed below for both systems, respectively.  

A.2.1 FD system programs 

Front panel of main program Automatic Patient imaging _FdCw.vi 

 

 

Automatic Patient imaging _FdCw.vi:  
 Calls program to find gain settings:  

VXM-Simultaneous Find 15 gain HV12.-plane & D _FdCw.vi 
 Calls program to generate laser array based on chosen wavelengths: 

Creat_Laser_Array.vi 
Calls program to generate files for data output: 

  Create_file _FdCw.vi 
Calls program for data acquisition per source position: 

VXM-Transceiver System 15 Main Program _FdCw.vi 
Calls program for displaying amplitude and phase at the front panel:  

Data_Panel.vi 
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A.2.2 CW system programs 

Front panel of main program Acquisition_BreastImaging_Server.vi 
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Main program Acquisition_BreastImaging_Server.vi 
 Calls the main FD program for synchronization of FD and CW measurement 
 Automatic Patient imaging _FdCw.vi ( remotely ) 
   Calls three-wavelength laser source control programs 
  laser_switch.vi 

set_current.vi 
   Calls program to optimize exposure time of CCD cameras  
 Find_exp_times.vi 
 Calls Matlab programs to adjust exposure time on each camera 
               labview_determine_exp_time.m 
       labview_revise_exp_time.m 

Calls program to take measurement per source position 
  Specify_source_det_pair_Dev.vi 

Multi_Acquire_spectra_Dev.vi 
Calls program to calibrate the raw data of spectrum 

  Calib_process_data_Sub_BreastImaging.vi 
  Calls Matlab programs for data processing 

       labview_calibrate_raw2calspec_onesource.m 
    find_peak.m 

         integrate_calspectrans_peak_breastImaging.m 
Calls program to display integrated light intensity  

Sub_BreastImaging_sepWindow_showdata.vi 
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Appendix B: Programs for multi-spectral image reconstruction 

Name Description 
calibrate_FD calibrate_FD(homog_data,anom_data,mesh_fn_homog

,mesh_homog_radius,mesh_fn_anom,mesh_anom_radi
us,data_op,fn_excoef, frequency,iteration,recon_mesh)
 
% calibration program for FD data. 
% example: 
calibrate_FD('cmb_pat504_phantom.paa','cmb_p

at504_left.paa','mesh_calib',43,'mesh_calib'

,42,'calib_pat504_left.paa','excoef_DL6wv.tx

t',100,10,'504_left'); 
% 'cmb_pat504_left.paa' is combined FD data 
sets of all wavelengths 

 
calibrate_raw2calspec_fulls
et_breastImaging 

calibrate_raw2calspec_fullset_breastImaging(fn_saved
_calspec_data, source_array, data_fn, fn_sourcecal, 
fn_detcal, fn_filter_OD,wv_fn) 
% calibration program for CW data to remove 
variation of sources, detectors and baseline noise. Also 
scale the data based on the exposure time.  
% example:  
calibrate_raw2calspec_fullset_breastImaging(

‘pat504_left.int’,[1:16], ‘pat504_left.int’, 

'calib_source_101308.txt','Cal_det_rel_offse

t_300grat_820center_050107.txt','Cal_filters

_grat300_820center_050707_OD1.txt','pixel2wv

_grating300_centerwv820.txt'); 

 
calibrate_raw2calspec_ones
ource_breastImaging 

calibrate_raw2calspec_onesource_breastImaging(sourc
e_num, data_fn, fn_sourcecal, fn_detcal, 
fn_filter_OD,wv_fn) 
% sub-program called by 
calibrate_raw2calspec_fullset_breastImaging 
 

integrate_calspectrans_peak
_breastImaging 

integrate_calspectrans_peak_breastImaging(data_fn,so
urce_array,wv_tag,min_wv, max_wv, wave_fn) 
% Integration of spectrum for intensity data 
% example: 
integrate_calspectrans_peak_breastImaging(‘p

at504_left.int’,[1:16],903,894,904,'pixel2wv

_grating300_centerwv820.txt'); 
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calibrate_CW calibrate_CW(homog_data,anom_data,mesh_fn_homo
g,mesh_homog_radius,mesh_fn_anom,mesh_anom_ra
dius,mus,data_op,fn_excoef,frequency,iteration,recon_
mesh) 
% calibration program for CW data. “mus” is given as 
input based on FD data.  
% example:  
calibrate_CW('cmb_pat504_phantom.int','cmb_p

at504_left.int','mesh_504_cw_left_temp',42,' 

mesh_504_cw_left_temp',43,[1.0264    1.0177    

0.9846],'calib_pat504_left.int','excoef_DL9w

v.txt',0,10,'504_left_cw'); 
 

add_noise_TiS add_noise_TiS(data_fn,data_noise,amp,ph) 
% add normal distribution noise in amplitude and 
phase data 
 

add_noise_TiS_drift add_noise_TiS_drift(data_fn,data_noise,amp,ph,drift) 
% add random shift in amp data based on 
add_noise_TiS 
 

recon_std recon_std(fwd_fn,recon_basis,initialguess,fn_excoef,...
frequency,data_fn,recon_WV,output_fn,iteration,lamb
da,filter_n) 

% standard reconstruction for aμ and '
sμ  at chosen 

wavelength “recon_WV”.  
 

recon_std_cw recon_std_cw(fwd_fn,recon_basis,fn_initialguess,fn_e
xcoef,frequency,data_fn,recon_WV,output_fn,iteration,
lambda,filter_n) 

% CW reconstruction for aμ  at chosen wavelength 

“recon_WV”  

% '
sμ  information is given in “fn_initialguess” 

recon_spectral_intlG recon_spectral_intlG(fwd_fn,recon_basis,fn_i

nitial_guess,fn_excoef,frequency,fn_data,sol

_label,iteration,reg_array,filter_n,include_

wv) 
% spectral FD reconstruction program 
% example: 
% wv_input=[700 740 790 830 845]; 
% recon_spectral_intlG('mesh_504_left',[20 
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20], [0.01 0.005 0.2 0.8 0.9 

0.8],'excoef_TiS_DL.txt',100,'calib_pat504_l

eft.paa', 'recon_FD_504_left',40,[10 

10],0,wv_input); 
 

jacobian_spectral jacobian_spectral(mesh1,mesh2,opt_prop,E,fre

quency,wv_act) 
% spectral Jacobian matrix 
 

recon_spectral_cw recon_spectral_cw(fwd_fn,recon_basis,fn_init

ial_guess,fn_excoef,frequency,fn_data,sol_la

bel,iteration,fn_regularization,filter_n,exc

lude_wv) 
% spectral CW reconstruction program 
 

jacobian_spectral_cw jacobian_spectral_cw(mesh1,mesh2,opt_prop,E,

frequency,wv_act) 
% spectral CW Jacobian matrix 
 

recon_spectral_region_i

ntlG 
recon_spectral_region_intlG(fwd_fn,fn_initia

l_guess,fn_excoef,frequency,fn_data,sol_labe

l,iteration,reg_array,filter_n,include_wv,re

gion) 
% region based FD reconstruction program 
% example 
recon_spectral_region_intlG('cube_eg1','cube

_eg1',[0.005 0.005 0.6 1.0 

1.0],'excoef_DL9wv.txt',100,'cube_cw_m21.paa

','reconCW_cube_m21',10,[1],0,0,[0 1]); 
 

jacobian_spectral_regio

n 
jacobian_spectral_region(mesh,opt_prop,E,fre

quency,wv_act,K) 
% region-based FD Jacobian matrix program 

recon_spectral_region_c

w_intlG 
recon_spectral_region_cw_intlG(fwd_fn,recon_

basis,fn_initial_guess,fn_excoef,frequency,f

n_data,sol_label,iteration,reg_array,filter_

n,include_wv,region) 
 
% region based CW reconstruction program  
% example 
recon_spectral_region_cw_intlG('cube_eg1','c

ube_eg1',[0.005 0.005 0.6 1.0 

1.0],'excoef_DL9wv.txt',0,'cube_cw_m21.int',

'reconCW_cube_m21',10,[1],0,0,[0 1]); 
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jacobian_spectral_regio

n_cw 
jacobian_spectral_region_cw(mesh1,opt_prop,E

,frequency,wv_act,K) 
% region-based CW Jacobian matrix program 

recon_spectral_fdcw recon_spectral_fdcw(fwd_fd,fwd_cw,recon_basis,fn_i
nitial_guess,fn_excoef,frequency,fd_data,cw_data,sol_
label,iteration,reg_array,filter_n,include_wv,last_FDw
v) 
% reconstruction program including both FD and CW 
data. Array of wavelengths are chosen by 
“include_wv”. “last_FDwv” identify the last 
wavelength of frequency domain data.  
% example:  
include_wv = [661 761 808 826 849 903 912 948];

recon_spectral_fdcw('mesh_504_left','mesh_50

4_left_cw',[20 20],[0.01 0.005 0.2 0.8 0.9 0.8]

,'excoef_kou_4Chrom.txt',100, 

'calib_pat504_left.paa','calib_pat504_left.i

nt','recon_FDCW_504_left',20,[10],0,include_

wv,849); 

 
jacobian_spectral_fdcw jacobian_spectral_fdcw(mesh_fd,mesh_cw,mesh2,opt_

prop,E,frequency,wv_act,index_fd) 
% called by recon_spectral_fdcw to calculate 
Jacobian matrix of mixed FD and CW data 
 

homoFit_global_fdcw homoFit_global_fdcw(global_fd,global_cw,fn_excoef,
include_wv) 
%  does homogeneous fitting directly from 
***_global.val, output gives initialguess for 
chromophore and scattering  
 

recon_spectral_region_fdcw recon_spectral_region_fdcw(fwd_fd,fwd_cw,fn_initial
_guess,fn_excoef,frequency,fd_data,cw_data,sol_label,
iteration,reg_array,filter_n,include_wv,last_FDwv,regi
on) 
% region-based combined reconstruction  
 

jacobian_spectral_region_fd
cw 

jacobian_spectral_region_fdcw(mesh_fd,mesh_cw,opt
_prop,E,frequency,wv_act,index_fd,K) 
% region-based Jacobian matrix program  
 

recon_Drv_spectral recon_Drv_spectral(fwd_fn,recon_basis,fn_initial_gue
ss,fn_excoef,frequency,fn_data,sol_label,iteration,reg_
array,filter_n,include_wv) 
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% reconstruction program using spectral derivative 
method in frequency domain.  
% example:  
include_wv = [661 761 808 826 849]; 
recon_Drv_spectral('mesh_504_left',[20 

20],[0.01 0.005 0.2 0.8 0.9 0.8] 

,'excoef_kou_4Chrom.txt',100, 

'calib_pat504_left.paa','recon_Drv_504_left'

,20,[10],0,include_wv); 

 
jacobian_spectral_drv jacobian_spectral_drv(mesh1,mesh2,opt_prop,E,frequ

ency,wv_act) 
% calculate derivative Jacobian matrix  
 

recon_region_drv_spectral recon_region_drv_spectral(fwd_fn,fn_initial_guess,... 
fn_excoef,frequency,fn_data,sol_label,iteration,reg_arr
ay,filter_n,include_wv,region) 
% region based spectral derivative method in 
frequency domain  

jacobian_spectral_region_dr
v 

jacobian_spectral_region_drv(mesh,opt_prop,E,freque
ncy,wv_act,K) 
% region based Jacobian matrix program 
 

read_solution_4Chrom read_solution_4Chrom(mesh,sol_label,fn_excoef,it) 
% plot the reconstruction results.  
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