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ABSTRACT 
 

 

Near-infrared (NIR) diffuse tomography is an emerging method for imaging the 

interior of tissues to quantify concentrations of hemoglobin and exogenous 

chromophores non-invasively in vivo. It often exploits an optical diffusion 

model-based image reconstruction algorithm to estimate spatial property values from 

measurements of the light flux at the surface of the tissue. In this thesis, three 

assessment studies of statistical accuracy of NIR tomographic imaging and 

computer-assisted diagnosis systems on computer simulated and phantom & patient 

study test data were present.  

In mean-squared error (MSE) based statistical analysis, estimates of image bias 

and image standard deviation were calculated based upon 100 repeated 

reconstructions of a test image with randomly distributed noise added to the light flux 

measurements. It was observed that the bias error dominates at high regularization 

parameter values while variance dominates as the algorithm is allowed to approach 

the optimal solution. 

In contrast-to-noise ratio (CNR) based statistical analysis, CNR was used to 

determine the detectability of objects within reconstructed images from diffuse 

near-infrared tomography.  It was concluded that there was a maximal value of CNR 
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near the location of an object within the image and that the size of the true region 

could be estimated from the CNR.  Experimental and simulation studies led to the 

conclusion that objects can be automatically detected with CNR analysis and that our 

current system has a spatial resolution limit near 4 mm and a contrast resolution limit 

near 1.4.  A new linear convolution method of CNR calculation was developed for 

automated region of interest detection. 

In NIR tomographic imaging system observer performance studies, receiver 

operating characteristic (ROC) Analysis on NIR tomography imaging system were 

performed and interpreted. Parametric and nonparametric approaches have been 

applied for estimating the ROC curve and two Matlab program were developed as 

observer test interface and ROC analysis tool. The results indicate that effects of 

iteration and algorithm performance significantly alter detectability of objects in NIR 

tomography images. 
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CHAPTER 1 

 
 

Introduction 

 

 How accurate and effective is a particular medical diagnostic imaging system? How can 

the efficacy and efficiency of an existing medical imaging system be improved? These are 

two of the most common questions radiologists must face throughout their career. A medical 

diagnostic system can be divided into two composite modules: an image construction module 

and an image processing and interpretation module, as described in Figure 1.1. In the image 

construction module, the inputs are patients, diseased or healthy, and the outputs are images 

containing patient information. The combination of hardware and imaging capacity of any 

particular medical diagnostic imaging system are distinct from any other imaging system. In 

the image processing and interpretation module, radiologists read and analyze the images and 

give final diagnoses with or without the help of computer assisted diagnosis systems. To 

understand the performance of a medical imaging system and improve its efficacy and 

efficiency thereafter, an assessment system module, as indicated in Figure 1.1, is also 

necessary. Generally speaking, the image interpretation module and the imaging system 

assessment module can be combined and form a so-called ″post processing″ module.
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Figure 1.1 A typical medical diagnostic system diagnosis flow (red arrow) and 
system assessment process flow (black arrow) within image construction module, 
image processing and interpretation module and imaging system assessment 
module. 

 

 

In recent years, as traditional medical imaging modalities mature and many new imaging 

algorithms emerge, there is more attention devoted to the assessment of medical imaging and 

computer-assisted diagnosis systems. This trend emerges in two quantifiable features: firstly, 

technical improvements such as the use of a Contrast-Detail Curve and Receiver Operating 
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Characteristic (ROC) analysis provide objection assessment of system performance; secondly, 

the experience and information learned from system assessment studies has led to computer 

assisted detection systems, which requires more informative and dedicated medical imaging 

system assessment technologies.  

 In this thesis, two new post-imaging analysis tools for NIR diffusion tomographic 

imaging are present and a complete system assessment study are performed and analyzed for 

the breast imaging work going on at Dartmouth College. The following sections in this 

chapter briefly reviewed optical imaging in breast cancer early detection with focus on NIR 

tomographic imaging technologies and the practice currently in clinical trials.  

In Chapter 2, a mean-squared (MSE) based image analysis is presented and the results 

from several simulation, phantom and patient studies are discussed.  

The contrast-to-noise ratio (CNR) is introduced for NIR imaging analysis in Chapter 3 to 

analyze the detectability of objects within reconstructed images from diffuse NIR 

tomography. A new linear convolution method for CNR calculation is also developed in 

Chapter 3 for using in an automated region of interest (ROI) detection tool.  

In Chapter 4, receiver operating characteristic (ROC) analysis based observer 

performance studies on the NIR tomography imaging system are performed and interpreted. 

Parametric and nonparametric approaches have been applied for estimating the ROC curves. 

The results in Chapter 4 indicate that effects of iteration and algorithm performance 

significantly alter the detectability of objects in NIR tomography images.  Location ROC 

(LROC) analysis is also introduced to examine the ability to observers to find the position of 

objects in NIR images.  Finally these tools are used to interpret the results of the ongoing 

clinical trial to assess the benefit of NIR tomography as a tool in breast tumor 
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characterization.  

 

1.1 Optical Imaging for Breast Cancer Detection 

Electromagnetic wave and mechanical wave imaging has been an area of research 

interest in medical imaging in the past several decades. The idea of using electromagnetic 

waves in breast cancer diagnosis was first proposed in 1929, when a visible light was used as 

the projection imaging source and large breast tumors were successfully detected [16].  

Since then, many kinds of radiation were reported to be used in breast cancer imaging 

research. These include various electromagnetic wavelengths, such as X-ray, ultraviolet, 

visible & infrared light, microwave and RF waves, and mechanical waves such as ultrasound 

or elastography.  Depending on the intrinsic characteristics of these waves and the physics 

of the interactions between the waves and human tissue, one or several of following 

mechanisms are used including transillumination, reflection, refraction, diffusion, diffraction, 

scattering, interference, modulation and re-emission of radiation [6].  

While magnetic resonance imaging (MRI) and X-ray computed tomography (CT) give 

very successful clinical images and have become the standard medical diagnostic methods 

for visualizing and examining soft human organs and bones, their drawbacks remain.  It is 

well known that CT uses ionizing radiation at high doses and MRI requires a very expensive 

infrastructure, which lead to recent renewed interest in alternative modalities such as optical 

imaging. A properly designed optical imaging system is believed to be non-invasive to the 

human body, relatively inexpensive, physically compact and requires a small space. Another 

reason for the interest in optical imaging is the fact that it is able to provide broad and direct 
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physiological information about human organs, such as changes in hemoglobin concentration, 

oxygen saturation, water and lipid concentrations, while CT and MRI provide primarily 

anatomical information of the tissue. This difference may lead to advantages of optical 

imaging over CT or MRI in some medical diagnostic applications, such as breast cancer early 

detection or brain imaging [29, 34, 73, 83, 87].   

The development of photon migration and diffusion theories to model light travel in 

highly scattering media has led to theoretical and experimental advances in optical 

spectroscopy and imaging of the human breast in the last few years.  Light travels in a 

diffuse pattern in highly scattering media, and numerical modeling of this phenomenon has 

allowed the development of efficient and accurate Diffuse Optical Tomography (DOT).  The 

wavelengths used in DOT are at the red end of the visible spectrum and in the near-infrared 

range, between 650 to 950 nanometers, where light propagates relatively deeply through 

tissue, up to 10 - 12 centimeters.  Therefore diffuse optical tomography is also referred as 

NIR tomographic imaging in some literature, emphasizing the spectral location. This imaging 

approach provides a diagnostic modality to non-invasively quantify oxygen saturation, 

hemoglobin concentration, water concentration, scattering and potentially exogenous 

chromophores in tissues [62, 73, 99]. It takes advantage of the optical contrast of both 

absorption and scattering between normal and tumor tissues in vivo. In the approach used in 

this thesis, for instance, frequency domain light signals are used to quantify both absorption 

and scattering images of the breast, using transmitted amplitude and phase shift of intensity 

modulated near-infrared light.   

In practice, however, since light traveling between two points on the surface experience 

multiple scattering events and result in a very weak intensity, multiple sources and detectors 
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are usually used at the body surface to maximize the response information. Using the surface 

transmission profile from the imaging system, together with a light propagation model, an 

iterative algorithm is used to minimize the difference between the measured data and the 

model data is used to reveal optical properties of the body being imaged. This process is the 

″image reconstruction″. While some sophisticated models are used in DOT [23], the diffusion 

approximation based model is widely used in biological tissues where scattering is much 

more probable than absorption [31, 41, 57, 62, 73].   

In recent years, a lot of effort has been made to improve separation of absorption from 

scatter in the image formation process. These efforts include time-domain and 

frequency-domain techniques. Time-resolved imaging techniques use a picosecond or 

femtosecond laser to illuminate the Region of Interest (ROI) surface via fiber optics, and 

various detection optics are employed to collect the response signals, which consist of 

histograms of photon flight times produced by measuring the photon arrival time with respect 

to the laser-generated reference signal [31, 32, 58]. Alternatively, in frequency-domain, the 

intensity of the light sources is sinusoidally modulated at a frequency of up to several 

hundred megahertz and similar detection schemes are used to measure the demodulation and 

phase shift of the light diffusely transmitted through the ROI.  The independent measure of 

phase and amplitude provide sufficient information to quantitatively separate absorption and 

scatter coefficients.   

Frequency-domain diffuse optical tomography is used throughout this thesis study.  In 

the next sections, the theory and methods we used for frequency-domain DOT is briefly 

discussed and the operation of the NIR tomographic imaging system used for phantom and 

patient studies is presented. 
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1.2 Near Infrared Tomographic Imaging Research at 
Dartmouth College 

 
1.2.1 Frequency Domain Diffuse Optical Tomography Theory 

 
The diffusion equation for NIR tomographic imaging can be derived from the radiative 

transport equation under certain approximations [63, 64, 68] as: 

－∇⋅D(r)∇Φ(r,ω)＋[μa(r)+i(ω/c)]Φ(r,ω) = S(r,ω)          (1-1) 

Where Φ(r,ω) is the radiance, D(r) is the diffusion coefficient, μa(r) is the absorption 

coefficient, S(r,ω) is the source, c is the light speed in the medium, and ω is the modulation 

frequency. The diffusion coefficient can be written as  

)]()([3
1)(

rr
rD

sa μμ ′+
=                     (1-2) 

where μs′(r) is the reduced scattering coefficient (also referred to as transport scattering 

coefficient). 

 Forward calculations with the diffusion equation are accomplished with a finite element 

numerical solution using a circular mesh with a set of regularly spaced node positions [65]. 

The diffusion equation is solved for the optical flux at the boundary positions corresponding 

to the detector locations based upon source locations matching the fiber positions used in the 

system, as described in next section [49]. The amplitude and phase of this signal is calculated 

at 100 MHz to provide the simulated set of measurements, ΦM.   
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 The image reconstruction approach we use has been described in detail elsewhere [52, 

66, 70, 76].  Briefly, a Newton-Raphson approach to iteratively solve for the spatial 

distribution of optical propertiesμ, which minimizes the squared error between sets of 

measured and calculated data. Thus, the objective function to be minimized has the form: 

       
k

2

M C2
k 2

Φ -Φ (μ )
=

M
χ

σ
                  (1-3) 

where ΦC(μk) is the calculated set of data based upon the estimated distribution of interaction 

coefficients, μk, at the kth iteration.  M is the number of measurements and σ is the average 

standard deviation in these measurements.  Minimizing Equation (1-3) by optical property 

parameter variation is non-linear, but can be realized through iterative solution for μ, based 

upon an initial estimate of the distribution.  The matrix solution has the form [70]: 

k+1 k k k k
-1 Tk T

M Cμ = μ (μ ) (μ ) + λ (μ ) (Φ -Φ (μ ))⎡ ⎤ ⎡ ⎤+ ⎣ ⎦ ⎣ ⎦J J I J        (1-4) 

with J(μk) being the sensitivity or Jacobian matrix whose elements are given by the partial 

derivatives Jm,j(μk)= ∂Φm/∂μk
j, where m is the index for the particular source-detector 

measurement and j is the index for each node location.  Because this problem involves the 

inversion of an ill-posed matrix JTJ, it is typically regularized by adding the identity matrix, I, 

multiplied by an arbitrary parameter λ.  In previous studies [65, 76], we found that different 

methods of determining the regularization parameter can change the reconstructed image 

significantly.  In the study of the thesis, fixed decreasing method where 

C
k

k
λ

λ =+1   (C constant and C = 10  in this study)          (1-5) 

and Standard Levenberg-Marquardt algorithm where 
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is used to efficiently reconstruct the tomographic images. 

Alternatively, Equation (1-4) can be formally derived by adding a factor of λ║μ - μ0║2 

to the initial objective function (Equation (1-3)) to yield an approximate form of this 

expression [70].  In practice, Equation (1-4) is typically solved with a homogeneous guess 

of the initial values for μ0, which can be derived from an overall average of the tissue 

properties derived from the measurement data [67].  

Procedures for efficiently determining the regularization parameter have been studied 

in detail in theoretical situations, yet there is considerable freedom to arbitrarily set the value 

of this parameter during the reconstruction process. In previous studies a standard 

Levenberg-Marquardt algorithm has been used for stepping down the regularization 

parameter as the number of iterations progresses [65].  However, fixing the regularization 

parameter to a single value during the reconstruction has been found to increase the level of 

stability which can be achieved in the resulting images, especially when the algorithm is 

applied to multiple samples with varying levels of contrast.  Empirical studies indicate that 

Levenberg-Marquardt style methods of lowering the regularization parameter based upon the 

convergence of the objective function can lead to images which are not linearly correlated to 

their true contrast value.  Further, if the regularization gets too low, images become 

dominated by random property value variations.  However, we have found that it is not 

possible to accurately recover objects with different sizes without varying the regularization 
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parameter.  The process of varying the regularization parameter allows the inversion 

solution to contain spatial information which preserves different levels of resolution [76]. 

This tradeoff between statistical accuracy versus optimal resolution and contrast is important, 

and is investigated in chapter 2 of this paper through visualization and quantification of the 

image error in terms of statistical measures of bias and variance. 

 

 

1.2.2 NIR Tomographic Imaging System 

 

The frequency domain NIR tomographic imaging system at Dartmouth College consists 

of four parts: light delivery, detection array, fiber optic patient interface and computer control 

and electronics [46], as shown in Figure 1.2.  

Six directly modulated lasers are used at wavelengths of 660nm, 761nm, 785nm, 808nm, 

826nm and 849nm in the light delivery section. Modulation signal of 100 MHz from the 

signal generator and the DC laser drive current are combined with a bias-T and input into a 

1x6 RF switch controlled by the computer. The 6 outputs of the switch are used to drive those 

6 lasers, of which the output lights are combined into a single fiber by a 6x1 optical combiner, 

as illustrated in Figure 1.2.  



 - 11 -

 

Figure 1.2 Schematic outline of NIR tomographic imaging system at Dartmouth 
College: (a) Light Delivery System, (b) Detection Array, (c) Fiber optic /Patient 
interface and (d) Computer Control System; Black arrow represents electrical 
signal paths and Red arrow represents optical signal paths transmitted in fiber 
optics.  
 

In the detection array section, of which partial views are shown in Figure 1.3, sixteen 

Photo-Multiplier Tubes (PMTs) are used to detect the light from the fiber optic/patient 
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interface. Since the detected signal from the PMTs is at a high frequency (100 MHz), 

heterodyning of the signal is the common technology, as used in radio and wireless phones, 

to convert the MHz signal into a low frequency signal in the kHz range. For this purpose, a 

2nd signal generator is used at a frequency of 100.0001 MHz and the signal is split and 

delivered to sixteen mixers for each detection channel. Two 16-way splitters are is split to 

used to achieve multiplexing, one for splitting the DC power supply for the sixteen PMTs and 

the other one for splitting the local oscillator input to the sixteen RF mixers, as illustrated in 

Figures 1.2 and 1.3. 

            

(a)                (b)                 (c)                 (d)  

 

(e) 

Figure 1.3 The rotary stage of the detection array (e). It consists of sixteen (a) mixers, 
(b) 1×16-way RF splitters, (c) PMTs (Photo-Multiplier Tube) and (d) a mounting disc.  
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The fiber optic/patient interface is designed to be a circular geometry with adjustable 

diameter from 4 to 20 cm to fit different breast size. Direct fiber contact is used to deliver the 

light into the object under test. Sixteen motorized linear translation stages are arranged in a 

circle for radial positioning of the fiber array, as illustrated in Figure 1.4. Stepper motors are 

used to control the interface moving vertically and radially. Each radial translation bar is 

configured to have three fiber insert positions providing additional dimensional and object 

size choice. The whole fiber optic/patient interface section is placed under a patient bed with 

a hole through which the patient can place her breast into the circularly arranged interface bar 

array. In phantom studies, a fixed stand (not shown in Figure 1.4) is used to hold the phantom 

to be inserted into the patient interface. Figure 1.5 is the assembly view of the whole 

detection array and patient interface. In this thesis study, the system is configured to allow 

injection of a source of light into one of the sixteen fibers, while the other 15 bundles remain 

connected to PMTs for light detection. This unique arrangement is designed to allow the 

PMTs to measure from all 16 source positions without changing the gain on the detector, 

thereby minimizing the time for data acquisition. However for each breast or tissue phantom 

examined, the response of the PMTs at different gain levels requires calibration, and so this 

calibration is automatically controlled by the computer immediately prior to the imaging 

session [49]. 
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(a) 

 

(b) 

 

(c) 

Figure 1.4 The fiber optic/patient interface. (a) one translation stage, mounting platform 
and phantom; (b) Explode view of the radial translation stages on the circular platform (c) 
3D assembly view of (b)
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(a)                                         (b) 

 

 

 

 

 

 

(c)                                     (d) 

Figure 1.5 NIR tomographic imaging system at Dartmouth College. In (a), a schematic 
visualization of the system is shown for clarity. The lower source-detector array at the bottom 
has a fiber optic in-put for the source and has a fixed set of 15 PMTs that rotate around and 
align with each of the fibers.  The photograph of the hardware in the lab is shown in (b), and  
in (c) placed underneath the patient table.  In (d) a human subject having a test is shown on 
the patient bed [68] 
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The computer control system is an IBM type PC running Labview, the graphical 

programming development environment (National Instruments Corporation, Austin TX) It is 

programmed to fully operate the light generation and detection, including switching the 

different laser sources, rotating the detection array, calibrating and setting up the PMTs and 

fiber optic/patient interface and acquiring the data. Data is collected at all 16 measurement 

sites for each source position using a parallel acquisition strategy.  

 

 
1.2.3 Experimental Research: Computer Simulation, Phantom 

and Patient Studies 
 

The purposes of experimental research are to evaluate or optimize the reconstruction 

algorithm, and to assess the NIR tomographic imaging hardware system. In this thesis 

research, we designed three performance studies: computer simulations, phantom and patient 

studies.  Circular geometry is used in computer simulation, as illustrated in Figure 1.6.  

The diameter of the inclusion object is ranged from 2 mm to 26 mm depending on the 

purpose of the studies. 

The optical properties, i.e. the absorption coefficient μa and reduced scattering 

coefficient μs
/, of the object inside the simulation field, are chosen to provide a certain optical 

contrast for different research purposes. Forward calculations from diffusion theory are used 

as the simulated data. Noise is included in the data with amplitude dependent upon the test, 

but in general the average percentage noise added to the amplitude is linked to the average 

degrees of noise added to the phase signal. For example, standard measurements with the 
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experimental system exhibit a random variation in amplitude near 1% and a corresponding 

random variation of 0.5 degrees standard deviation in the phase shift. These levels are taken 

to be characteristic of detector behavior and are used as representative noise levels in several 

of the simulation studies completed here. 

 

 

Figure 1.6 Illustration of the geometry used for the simulation studies, consisting 
of a circular object inclusion at a 2:1 contrast in the absorption coefficient.  
Orientation of the sources (arrows) and detectors (rectangles) are shown 
surrounding the circular object in an alternating pattern. 

 

Gelatin phantoms are used to mimic the physical and optical properties of the human 

breast. The gelatin phantoms usually are placed in the imaging array to acquire tomographic 

data prior to cutting the hole.  A homogenous fit to calculated data from diffusion theory 

was performed in this step to allow accurate prediction of the absorption and reduced 

scattering coefficient in the gelatin phantom. 
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Figure 1.7 Illustration of the two procedures used in phantom study 

 

The phantoms were imaged following the two procedures outlined in Figure 1.7.  

During procedure #1 (on the left in Figure 1.7), the fiber optic interface was fixed and 

multiple data acquisitions were performed sequentially, without moving either the fiber optic 

array or the phantom.  In procedure #2 (on the right in Figure 1.7), the fiber optic interface, 

(i.e, the source and detection fiber) was repositioned after each data acquisition.  During this 
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process, the linear translation stages which move the source and detection fibers were opened 

until there was no direct contact with the phantom.  The array was then closed to 

re-establish a connection between the fibers and the phantom.  As specified in [74], the total 

error consists of a sum of image bias and variance.   

Each time the fiber optic interface was reset and the source and detection fiber created 

contact with the phantom, the positioning error of the fiber optic interface introduced another 

source of image bias in the reconstruction process. In procedure #1, the same image bias 

exists in each of the multiple sets of data because the standard deviation associated with the 

positioning of the fiber optic interface is zero, leaving only deviations due to the PMT 

detector random noise. In procedure #2, on the other hand, the image bias of each of the 

acquired data sets is randomly distributed thus introducing a standard deviation in the fiber 

optic interface position on top of the detector random noise. 

 Patient studies are considered to be the ultimate goal of any NIR tomographic imaging 

research. In the NIR tomographic imaging system assessment study presented in Chapter 4, a 

series of patient study are performed, where 95 female patients are tested in the system and a 

Receiver Operating Characteristic (ROC) analysis based observer performance studies are 

presented. 
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CHAPTER 2 

 
 
 

Mean-Squared Error (MSE) based Statistical 
Analysis of Nonlinearly Reconstructed Near 
Infrared Tomographic Images 
 
 

As discussed in Chapter 1, near-infrared tomographic (NIR) imaging often exploits an 

optical diffusion model-based image reconstruction algorithm to estimate spatial property 

values from measurements of the light flux at the surface of the tissue. In this chapter, 

mean-squared error (MSE) over the image is used to evaluate methods for regularizing the 

ill-posed inverse image reconstruction problem in NIR tomography. Estimates of image bias 

and image standard deviation were calculated based upon 100 repeated reconstructions of a 

test image with randomly distributed noise added to the light flux measurements.  

In this chapter, we first carried out an image error analysis on simulated data of a diffuse 

near-infrared (NIR) tomography system.  Then the same methodology was used in section 2 

on experimental data acquired on phantoms with a prototype imaging system intended for 

characterizing breast tissue.  The purpose of this study was to find out whether and how 

imaging performance is limited by random measurement error or by calibration issues.  The 
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results indicate that the image error over the entire field of view is generally not minimized 

when an accurate homogeneous estimate of the phantom properties is available; however, 

local image error over a target region of interest (ROI) is reduced. The image reconstruction 

process which includes a Levenberg–Marquardt style regularization provides good 

minimization of the objective function, yet its reduction is not always correlated with an 

overall image error decrease. Minimization of the bias in an ROI which contains localized 

changes in the optical properties can be achieved through five to nine iterations of the 

algorithm. The studies also show that pre-calibration of the algorithm through statistical 

evaluation of phantom studies may provide a better measure of the image accuracy than that 

implied by minimization of the standard objective function. Furthermore, the test data 

indicates that the bias error dominates at high regularization parameter values while variance 

dominates as the algorithm is allowed to approach the optimal solution.  This optimum does 

not necessarily correspond to the minimum projection error solution, but typically requires 

further iteration with a decreasing regularization parameter to reach the lowest image error. 

Increasing measurement noise causes a need to constrain the minimum regularization 

parameter to higher values in order to achieve a minimum in the overall image MSE. 

 

2.1 Introduction 

While both preclinical [35, 69, 75, 76] and clinical studies are underway [15, 27, 52, 

73], the implementation of efficient and accurate image reconstruction algorithms is still 
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evolving. NIR reconstruction schemes typically involve a nonlinear inverse solution to an 

ill-posed problem that requires matrix regularization methods [2, 3, 37, 65]. While several 

promising approaches have been developed there has been comparatively little consideration 

given to the statistical accuracy of the resulting images [98]. This issue becomes particularly 

important for functional imaging that responds to a combination of physiological and 

anatomical factors that are otherwise difficult to predict in advance. Knowledge about the 

validity of the resulting image is important for producing information sufficiently reliable for 

clinical decision-making. To this end, we have applied standard concepts for calculating the 

mean error in an estimate, including bias and standard deviation, to analyze reconstructed 

NIR tomography images. This analysis is used to examine the effects of varying the 

reconstruction parameters on image accuracy under alternative assumptions about system 

measurement noise. 

In previous studies [98], the concept of using maps of the surface of confidence 

ellipsoids for entire images was introduced as a method of visually displaying and analyzing 

the statistical uncertainty in our NIR reconstructions. The proposed methods rely on the 

theoretical properties of converged least squares estimates. However, because the problem of 

NIR image reconstruction from projection measurements is ill-posed, the inversion process 

seldom converges to a unique minimum, and different choices for structuring the 

minimization of the objective function can lead to different images. These numerical 

difficulties result from the incompleteness of the imaging data, both in terms of its precision 

and number of observations, and the nonlinear relationship between the image variable (i.e., 
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optical properties) and the measured data set (i.e., signal amplitude and phase shift). Given 

these limitations, it is necessary to use empirical methods to study image accuracy in order to 

judge the validity of reconstructed results in typical clinical settings. Since an image can be 

considered as a large array of scalar data, we have examined the standard deviation and bias 

errors of all reconstructed values within the image, thereby creating spatial distributions of 

the total image error. 

 The major factors which affect image reconstruction are: 1) the method of regularization; 

2) the regularization parameter; and 3) the type and level of noise in the data. In previous 

studies [40, 41, 72], regularization was achieved through an adaptation of the fixed-reduction 

(FR) method [77 ]. In this approach, the regularization parameter is decreased in successive 

iterations as long as the calculated objective function also decreased. During this process 

there is significant empirical flexibility in choosing the initial regularization parameter and its 

rate of decent. Further, it is not clear if decreasing this parameter beyond a certain level leads 

to reliable images [77]. In practice, constraints must be established for useful upper and 

lower bounds on the regularization parameter. For example, in some cases we have 

empirically found that more reliable images are obtained when this parameter remains fixed 

at its lowest value through all iterations [70].  It is also possible to consider reconstructing a 

fixed number of iterations which are chosen based on pre-calibration phantom studies. The 

advantage of the statistical methods we use here is that they provide a framework for 

quantitatively evaluating competing regularization options, at least under the controlled 

conditions of simulated data and laboratory phantom studies. 
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Constraints on the regularization parameter are related to noise in the measurements as 

well as the limitations of the projection data. In the model-based image reconstruction 

approach, there are several different forms of ″noise” which we consider either as: 1) random 

noise (i.e., typically from stochastic detector fluctuations); 2) quasi-random noise (i.e., 

typically from systematic experimental variations such as changes in fiber positions); and 3) 

mismatch noise (i.e., typically from mismatch between the theoretical model and the physical 

light transport process). Each of these types of noise can independently alter the solution to 

the regularization inverse problem, and impact the creation of an optimal approach. Further, 

the latter two forms of noise may impact the objective function in a way which limits its 

accurate minimization.  

On other hand, in the phantom and patient studies, the model-based image reconstruction 

approach has several forms of variation which we classify as: 1) purely random Gaussian 

distributed noise, typically from stochastic detector fluctuations; 2) detector calibration 

changes, model mismatches and quasi-random systematic experimental variations such as 

fiber positioning; and 3) physiologic noise due to movement, respiration and blood flow in 

the tissue being examined. In the current study, we limit our analysis to the first two ″system″ 

related noise sources leaving the physiologic factors for later investigation once the system 

response is better characterized. Inherent limitations in photomultiplier tubes generate the 

random light noise detection of approximately 1% in amplitude and about 0.5 in phase shift 

at 100-MHz signal frequency [49]. While it is important to assess the effects of these random 

variations in the resulting images, it is unlikely that the entire observed behavior can 
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attributed to random noise by itself. Here, we consider the relative contributions of random 

noise from the detectors as well as quasi-random variation from the fiber optic positioning 

system and model mismatches incurred from the two-dimensional diffusion equation 

approximation employed by the reconstruction algorithm. 

In this chapter, we empirically explore the impact of noise on the resulting image error 

using statistical methods to guide the selection of a regularization strategy which limits this 

error. In section 2.2, we introduce the definition of mean-squared error (MSE) in NIR 

tomographic imaging. Section 2.3 reviews the important features of MSE based statistical 

analysis on simulated NIR tomography images. Simulation experiments are conducted which 

eliminate the quasi-random and mismatch noise components that exist in practice in order to 

first investigate the impact of random measurement error on choice of regularization 

parameter. In section 2.3, we extend these ideas to include images and data recorded during 

laboratory phantom experiments which contain all forms of noise inherent in our prototype 

NIR breast tomography system. Relationships between statistical properties, types of noise 

and regularization approaches that emerge from the simulation studies are compared to the 

analogous trends that result from these laboratory experiments. 

 

 

2.2 Mean-Squared Error Definition 
 

Evaluating the mean-squared error (MSE) in an entire image and appropriately 
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interpreting its meaning has not typically been considered in traditional medical imaging. The 

need for an error analysis is heightened when the image variable is expected to be interpreted 

quantitatively. It is also more important, and yet less well established, in nonlinear image 

reconstruction where the relationship between bias and variance can change depending upon 

the parameters used during the inversion process. In this regard, NIR imaging represents a 

case study where the MSE can be exploited to assess image accuracy as a vehicle for 

optimizing control of the image reconstruction process. 

When the true image is known, such as in simulation or phantom studies, then spatial 

distributions or images of the bias and standard deviation,σ in the imaged parameter can be 

calculated for each pixel, j, according to: 
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where μj is the recovered interaction coefficient at pixel j, μo
j is the true value of the 

interaction coefficient, and μ j is the average estimated value from a total of R reconstructed 

images.  The mean square error is defined as MSE = bias2 + σ2, so it is important to 

evaluate both these terms to deduce which component dominates the image and to determine 

if the balance between these quantities changes with the parameters used in the 

reconstruction. 

In this study we normalized the mean square error (MSE) contributions of bias and 
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standard deviation to be a percentage of the actual interaction coefficients.  In addition to 

reporting the variance and bias as distributed over the entire image, we also computed 

average values as a way of characterizing and comparing reconstructions obtained with 

different parameters or successive image estimates recovered during a series of iterations.  

Summation over an entire image or a region of interest defines scalar values for bias and 

standard deviation which are averaged over the relevant group of pixels: 
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2.3 MSE Statistical Analysis of Computer Simulated 
NIR Tomographic Images 

 
  
2.3.1 NIR Tomography Simulation Setup 
 

In order to evaluate the general performance of the image reconstruction algorithm, as 

briefly introduced in chapter 1, a regular geometry was chosen for simulation studies with an 

86 mm diameter field having absorption coefficient μa = 0.01 mm-1, and reduced scattering 

coefficient, μs
/ = 1.0 mm-1. Within this field, a 26 mm diameter heterogeneity was located 

just off-center as depicted in Figure 2.1, with interaction coefficients μa = 0.02 mm-1 and μs
/ 

= 1.0 mm-1 to provide a 2:1 contrast in absorption but no scattering contrast. Forward 

c a l c u l a t i o n s  f r o m d i f f u s i o n  t he o r y  w e r e  u s e d  a s  t h e  s i mu l a t e d  da t a .  

 
 
 
 
 
 
 
 
 
 
 
 

Figure 2.1 Illustration of the geometry used for the simulation studies of MSE 
analysis, consisting of a circular object of 86-mm-diameter having a 
26-mm-diameter inclusion just above the center at a 2:1 contrast in the absorption 
coefficient. 

 
Noise was included in the data with amplitude dependent upon the test, but in general the 

average percentage noise added to the amplitude was linked to the average degrees of noise 

Phantom

ROI

12mm 

86 mm

26 mm 
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added to the phase signal. For example, standard measurements with the experimental system 

exhibit a random variation in amplitude of 1% and a corresponding random variation of 0.5 

degrees in the phase shift. These levels were taken to be characteristic of detector behavior 

and were used as representative noise levels in several of the simulation studies completed 

here.  

 
2.3.2 Images of Interaction Coefficient and Error  

Image reconstruction with the FR approach of reducing the value of the regularization 

parameter at each step in the iteration process has been used. Recall in Chapter 1, we 

introduced the matrix solution derived from radiative transport equation for the image 

reconstruction problem. It has the form 

k+1 k k k k
-1 Tk T

M Cμ = μ (μ ) (μ ) + λ (μ ) (Φ -Φ (μ ))⎡ ⎤ ⎡ ⎤+ ⎣ ⎦ ⎣ ⎦J J I J        (2-5) 

and the objective function to be minimized the Newton-Raphson approach is: 
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σ
                  (2-6) 

At each iteration, the Hessian matrix (JTJ in Equation (2-5)) is normalized such that the 

diagonal values become unity. The regularization parameter begins at a value of λ = 100, and 

decreases by a factor of 100.5 in each iteration, such that after 5 steps it is equal to 1.0.  

Updates to the absorption and reduced scattering coefficients are estimated at each iteration, 

and the images of these quantities progressively improve over the first few cycles as long as 

the objective function (Equation (2-6)) is reduced.  As the number of iterations progresses 
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and the regularization parameter decreases, random variations in the background optical 

properties can be observed on the order of the magnitude of the properties of the test object.  

Representative images from this process are show in Figure 2.2 for both absorption 

coefficient (top row), and reduced scattering coefficient (bottom row), after 1, 2, 5 and 8 

iterations, respectively.   

 
      (a)      (b)           (c)          (d) 
 

 
     (e)          (f)           (g)          (h) 

Figure 2.2 Reconstructed images of absorption coefficient (a - d) and reduced 
scattering coefficient (e - h) are shown after different numbers of iterations in the 
reconstruction process.  The absorption and reduced scattering coefficient 
images were created in pairs with (a) and (e) resulting after 1 iteration, (b) and (f) 
after 2 iterations, (c) and (g) after 5 iterations, and (d) and (h) after 8 iterations of 
the algorithm.  The units for the gray scale bars are mm-1.    

 

 Using the same simulated data as the synthetic measurements in 100 repetitions of the 

reconstruction program, each with a different realization of 10% added noise. The average 

images in Figure 2.2 were formed by stopping the algorithm at iteration number 1, 2, 5 and 8. 

This high level of noise was added to visualize the spatial heterogeneity in the background 
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properties at higher numbers of iterations. The four sets of 100 images were then used to 

calculate images of bias and standard deviation at each of the four iteration endpoints, based 

upon Equations (2-1) and (2-2). These statistical images are shown in Figure 2.3 for the 

absorption coefficient as a function of iteration number on the same order as in Figure 2.2.  

The corresponding bias and standard deviations images for the reduced scattering coefficient 

are shown in Figure 2.4.  Note that the reduced scattering coefficient was homogeneous in 

the test object, so that any spatially heterogeneous changes in this coefficient are due to bias 

or variance within the image.  

 
      (a)       (b)            (c)          (d) 
 

 
      (e)       (f)            (g)            (h) 

Figure 2.3 Calculated images of absorption coefficient bias error (a-d) and standard 
deviation error (e-h) from 100 repetitions of the reconstructions shown in Figure 2.2 
with random noise added to the simulated measurement data.  The units on the 
gray scale bars are in mm-1.  
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     (a)     (b)           (c)          (d) 
 

 
     (e)      (f)           (g)            (h) 

Figure 2.4.  Calculated images of reduced scattering coefficient bias error (a-d) 
and standard deviation error (e-h) from 100 repetitions of the reconstructions 
shown in Figure 2.2 with random noise added to the simulated measurement data.  
The units on the gray scale bars are in mm-1. 
 

 
2.3.3 Fixed versus Levenberg-Marquardt Regularization 

 In order to quantitatively compare regularization options more easily, the standard 

deviation and absolute bias were averaged over all nodes within the image field using 

Equations (2-3) and (2-4).  With a fixed regularization parameter of λ = 100, the same 

image field was reconstructed 100 times with a randomly varying noise level using standard 

deviation of 1% in amplitude and 1 degree in phase shift.  The average standard deviation 

and absolute bias in nodal property values were calculated at each iteration from 1 to 10 

using the ensemble of 100 images at each step.  The same process was repeated with a fixed 

regularization parameters of λ = 10 and λ = 1, respectively.  The results of these simulations 
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are plotted in Figure 2.5 with the top two graphs (for absorption and reduced scattering) 

reporting values for the entire image.  The bottom two graphs show similar results where 

the averaging of standard deviation and bias was constrained to nodes within the region of 

interest (ROI) of the heterogeneity.   

   
(a)           (b) 

 

 
(c)          (d) 

 
 

Figure 2.5 Absolute bias and standard deviation for the absorption coefficient of 
the entire image (a) and the scattering coefficient for the entire image (b).  The 
same analysis for the region of interest (ROI) for the absorption coefficient (c) 
and the reduced scattering coefficient (d) are also shown.  Each data set was 
completed with fixed levels of regularization parameter, λ = 100, 10 and 1, as 
denoted in the legend. The errors are plotted as a percentage of the interaction 
coefficients in the background object. 
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 The same series of calculations were performed for reconstruction with the 

Levenberg-Marquardt regularization approach where the regularization parameter was 

initiated at λ = 100 and decreased by a factor of 100.5 during each successive iteration.  In 

Figure 2.6, the absorption and reduced scattering coefficients error for the entire image and 

the ROI are presented.    

 
Figure 2.6   Absolute bias and standard deviation for the absorption coefficient (a) 
and reduced scattering coefficient (b) using the Levenberg-Marquardt scheme 
where the regularization parameter was initiated at 100 and decreased by a factor of 
100.5 after each iteration.  The values for both the entire image and the region of 
interest (ROI) are shown in each graph as a percentage of the background 
interaction coefficient values within the object 
 

 An important measure of error in the reconstruction process is the squared projection 

error as calculated in Equation (1-4).  The tabulated values for the projection error are 

plotted in Figure 2.7.  The line labeled 0.5 corresponds to the reconstruction procedure 

where the λ value is decreased by a factor of 100.5 at each iteration step, which is the 

condition used in the reconstruction data shown in Figure 2.6.  In this line, the minimum 

projection error is obtained after the 5th iteration.  The same test object was also 

reconstructed using reduction factors of 100.25 and 100.125 between iterations, and this data is 
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plotted in the same figure with labels 0.25 and 0.125, respectively.   These results illustrate 

that as the step decreases; the minimum obtainable projection error is also decreased 

suggesting that a more optimal image is obtained for this objective function.  

 

 

Figure 2.7 Projection error (or objective function values, from equation (2-6)) as a 
function of iteration number using the Levenberg-Marquardt scheme where the 
regularization parameter is decreased by a constant factor between iterations.  The 
reduction factor had the values of 100.5, 100.25 and 100.125, as denoted by the legend. 

 

2.3.4 Image Quality 

 Reconstructed images of NIR interaction coefficients are readily obtained with the 

algorithm analyzed here, and the analysis examined here is an important tool for measuring 

the quality of the image recovery algorithms being developed.  The images shown in Figure 

2.2 are typical and illustrate many of the features of image reconstruction from diffuse 

projection measurements.  Most notably, it is well known that the spatial resolution of NIR 
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tomographic images is limited and also spatially dependent [70].  The major consequence of 

having modest spatial resolution is that finely detailed objects appeared blurred.  For 

example, the circular test heterogeneity with sharply defined edges (top-hat profile) that was 

used here appears as a circular blurred heterogeneity with a Gaussian-shaped profile.  This 

change in shape will ultimately limit the accuracy of the reconstruction because there is an 

inherent bias in the image due to the loss of resolution.  This loss of resolution can be 

minimized by inclusion of spatially varying regularization or through definition of alternative 

objective functions [25, 60, 66, 70].  There has been considerable study of how best to 

choose the regularization parameter constraints, however it is not well defined how this 

change in objective function will alter the resulting image variance under the conditions used 

here.  The calculations shown in this paper present a first step towards this type of error 

analysis, testing first the impact of Levenberg-Marquardt style regularization upon the image 

error.  The data presented in Figures 2.5 through 2.7 indicates that the Levenberg-Marquardt 

method indeed does minimize the mean square image error as well as the objective function.  

However there are features of the minimization algorithms which can be observed from the 

bias and standard deviation which are not apparent in the objective function values.    

As the regularization parameter is reduced and the number of iterations progresses, the 

contrast and resolution of the image heterogeneity is increased as shown in Figure 2.2.  

Typically, as the contrast of the heterogeneity in the recovered image approaches the true 

value, the imaging objective function approaches a minimum.  Since the required matrix 

inversion is ill-posed the solution becomes unstable as the regularization parameter is 
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reduced, which is manifested in the image as increased heterogeneity within the image field.  

It is not clear to what extent these spatial heterogeneities are correlated to the data noise, 

versus more systematic errors.  When the noise in the measurements is random, then 

successive reconstructions from different data will produce images with different spatial 

noise.  This random variance in the reconstructed image is what has been quantified here by 

the standard deviation.   However in regions where the bias is significantly larger than the 

standard deviation (Figure 2.8(a)), it must be assumed that random variation is not highly 

correlated to image error.  However after several iterations when the standard deviation 

significantly exceeds the bias error (Figure 2.8(d)), then there is correlation between the 

image heterogeneity and the data random noise. 

A well known artifact of NIR imaging is the cross-talk between absorption and 

scattering coefficients [52].  While the measured phase and amplitude provide a unique set 

of data sufficient to accurately reconstruct the true absorption and scattering coefficients, it is 

well known that there can be approximately 1% cross talk from an absorbing object into the 

scattering image, or up to 30% cross talk from a scattering object into the absorption image.  

This artifact will increase the bias of the resulting image pair, and somewhat complicates the 

analysis used here.     
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(a) (b) 

   
(c)                                 (d) 

Figure 2.8.  Absolute bias and standard deviation for the absorption coefficient (a) 
in the entire image and the ROI after 1 iteration.  The same calculations are also 
shown after 2 iterations (b), 5 iterations (c) and 8 iterations (d).  Each calculation 
was repeated with a range of noise levels between 1% and 50%. 

 

In these studies we have separated the absorption and reduced scattering coefficient 

error analyses in order to individually observe the effect.  As noted in the graphs of Figure 

2.5, the bias and standard deviation errors are typically much lower in scattering coefficient 

than in absorption coefficient for the test object we studied.  This is likely a result of 

choosing an absorbing object for the test field.  However, this test object is representative of 
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many physiologically relevant tissue contrasts as well, so there is inherent practical value in 

this choice.  Still, by separating the absorption and scattering contrast errors we are able to 

independently examine the reconstruction algorithm performance under the conditions used 

here for analyzing the relationship between noise and regularization method. 

Analysis of the bias and standard deviation plotted in Figure 2.5 indicates that for the 

case of a fixed regularization parameter, the bias is almost always higher than the standard 

deviation.  In general, the bias tends to decrease with successive iterations while the 

standard deviation increases.  However, there are notable exceptions to this trend which 

occur at the lower regularization parameter values.   

 

2.3.5 Regularization Method 

 When using the Levenberg-Marquardt approach to vary the regularization parameter 

there is a more efficient minimization of the bias error and the resulting image projection 

error is also minimized.   The challenge in using this method is to optimally define the 

lower limit of the λ parameter such that the total error does not increase due to the matrix 

being ill-conditioned.  Since the mean square error (MSE) of the estimate is the summation 

of the bias squared and the variance, the minimum MSE will coincide with the minimum of 

the standard deviation and bias errors.  From the data in Figure 2.6, this will occur for the 

entire image near the 8th and 9th iterations, corresponding to λ near 0.01, for the case of 1% 

noise.  However, if we are most concerned with minimizing the error in the ROI of the 
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heterogeneity, then the minimum occurs near the 11th iteration in absorption coefficient 

where λ is closer to 0.00033.  There is a local minimum in the scattering coefficient error of 

the ROI near the 7th iteration; however, since the overall error in scattering is lower than 

absorption, the total error will be still be minimal near the 11th iteration.  

Interestingly, the projection error plotted in Figure 2.7 for the same method of 

regularization (top line in this graph) shows a minimum between the 5th and 6th iterations, 

corresponding approximately to λ = 0.1.  This observation suggests that the minimum 

projection error solution does not necessarily correspond to the minimum image error.   

The effect of decreasing the reduction factor of λ between iterations from 100.5, to 100.25 

or 100.125, (as shown in Figure 2.7) decreases the overall projection error and the overall 

mean square error.  This observation indicates that as the reduction in λ decreases, the 

projection error decreases, and the overall minimum in this objective function is lowered.  

This is an important observation since is indicates that the standard Levenberg-Marquardt 

method of using a factor of 10 between iterations is not the best way to minimize this 

problem.  It is also an unfortunate observation because it suggests that more iterations at the 

lowest reduction factor is always the optimal way to minimize projection errors, thereby 

significantly increasing the computational time needed for the solution.   

 
2.3.6 Noise Analysis 

While the previous set of reconstructions where carried out with a fixed noise level, it is 
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also important to assess the influence of noise level on the regularization parameter.  The 

Levenberg-Marquardt method with a reduction factor of 100.5 was found to provide the 

minimum bias and standard deviation errors as well as the minimum projection error, so it 

was used exclusively in this analysis.  The same image field was reconstructed from a fixed 

set of iterations with increasing levels of noise between 1 % and 50%.  The graphs in Figure 

2.8 show the calculated bias and standard deviation in the absorption coefficient as a function 

of noise for both the entire image and the ROI.  The graph reports these values after 1, 2, 5 

and 8 iterations. 

The graphs of image error versus noise level shown in Figure 2.8 illustrate several 

important features about the trade-off between image bias and image standard deviation.  In 

general, when the regularization is high (at low numbers of iterations), the image is 

dominated by bias error, and as the reconstruction progresses, the variance becomes the 

dominant factor.  Overall the error in the entire image is typically more than two-orders of 

magnitude higher than in the ROI.  As might be anticipated, the point at which the standard 

deviation and bias form a combined minima is the optimal image in terms of the mean image 

error.  Interestingly, this optimal image occurs at a higher number of iterations for the ROI 

than for the entire image, suggesting that if quantification of a localized region is the most 

important consideration, than a larger number of iterations is required. 

The noise in the measurement data determines the regularization level that is required for 

minimal image error. There is an inverse relationship between the noise level and the number 

of iterations needed to reach the minimal image error.  For example, with 50% noise the 
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optimal image is achieved after approximate one iteration, whereas with 25% noise it is 

achieved with 2 iterations, with 8% noise it is achieved after 5 iterations, and with 1% noise 

it is achieved after 8 iterations.  These iterations correspond to final regularization 

parameters of 100, 33.3, 1.0 and 0.0333, respectively.  Thus, the noise level in the 

measurement data must be quantified in order to appropriately choose the number of 

iterations to be used in the algorithm and the lower limit on regularization parameter. 

 

 

2.4 MSE Statistical Analysis of Phantom Study Images 
 

In NIR, the presence of tissue–air interfaces and other boundaries plays a crucial role in 

the imaging problem. Because the light transport process is analogous to diffusion, the light 

signal significantly samples the tissue lateral to the line-of sight path between source and 

detector. Thus, small changes in fiber position can have a major effect on the resulting 

measured signal. Boas et. al, estimated that fiber positions need to be known to within 

100μm in order to maintain a position-dependent variation of less than 2% [9]. In our current 

system, the positioning precision of an individual fiber is near this order of magnitude, 

although the inter-fiber repeatability over several repositioning placements is less accurate. 

Since these errors cannot be eliminated in the current realization, we have characterized 

system performance both with the fibers positioned once on a single phantom during 

repeated measurements, as well as with the fibers positioned on the same phantom 
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in-between repeated set of measurements. This comparison provides quantitative information 

on how the fiber positioning affects the images obtained.  

Reconstruction algorithms are developed to accurately create images of the NIR 

absorption and reduced scattering of the region of interest (ROI) and previous studies have 

indicated that this can be achieved with modest spatial resolution [49]. However, determining 

the ″accuracy″ of the image reconstruction is difficult, and can only be reliably tested on 

tissue simulating phantoms where the optical interaction coefficients are known accurately. 

In section 2.2 of this chapter, where simulated data was used, the image reconstruction 

algorithm minimized the bias initially, while allowing the standard deviation to increase as 

the number of iterations progressed. The ″optimal″ image was obtained in a region when the 

bias and standard deviation were of comparable order of magnitude. In this paper, the same 

analysis is applied to real images recovered from experimental data collected from calibrated 

tissue phantoms. 

Different methods of regularization have been applied in our optical diffusion 

model-based image reconstruction algorithm. The regularization parameter is a key factor 

which can modify the reconstructed images significantly [1, 3, 36, 40, 72]. The technique of 

developing the best method of regularization is problem-dependent [1, 36, 70]; hence, the 

type of analysis employed here provides an objective method with which to compare a 

variety of regularization schemes. Statistical analysis of the reconstructed NIR tomographic 

images efficiently evaluates the validity of competing regularization methods, and is 

potentially an alternative approach to understand algorithm convergence. 
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2.4.1.  Phantom Studies Setup 

In section 2.2, we introduced the concept of analyzing near-infrared (NIR) tomographic 

images by examination of bias and standard deviation maps of an ensemble of simulated 

reconstructions obtained from repeated sampling of synthetic measurement data.  In this 

section, we will discuss the test results of phantom studies. Phantom studies provide a more 

practical way to evaluate the NIR tomographic image reconstruction method specified in 

former sections. Gelatin phantoms are used to mimic the physical and optical properties of 

the human breast. The phantoms demonstrated in Figure 1.5 and Figure 2.9 are gelatin 

phantoms with optical properties similar to breast tissue. Typical breast tissue is thought to 

have an absorption coefficient μa of 0.002 to 0.02 mm-1 and a reduced scattering coefficient 

μs’ of 0.5 to 2.0mm-1 [26, 46, 67, 73, 93, 99].  The gelatin phantoms were combined to 

achieve the required absorption coefficient, such that the absorption coefficient was 

determined predominantly by water and the concentration of India ink. Titanium dioxide is 

used in the resin phantom recipe to provide the appropriate reduced scattering coefficient. 

After being removed from the mold, the cylindrical gelatin phantom had a diameter of 86 

mm and a height of 55 mm. A hole of 22 mm in diameter was cut in the phantom and filled 

with Intralipid and ink to produce absorption coefficient contrast in the phantom with a 

closely matched scattering coefficient to the background. As illustrated in Figure 2.9, the 

relative position of the hole and the phantom was well controlled. The only difference 

between phantom #1 and phantom #2 is the relative position of the location of the inner circle 
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creating heterogeneity within the region. The tumor-like circular object of 22 mm in diameter 

in phantom #2 was located closer to the edge of the phantom. These two phantoms were used 

to help evaluate the sensitivity to the object position in the imaging system. 

                 

（a）             (b) 

Figure 2.9.   The geometries of the phantoms used in the studies for a 22 mm 
diameter circular object in each 86 mm diameter jelly phantom.  (a) The 
absorption and scattering coefficients of the homogeneous phantom #1 are 0.00525 
and 0.941 with the absorption and scattering of the heterogeneous object inside are 
0.00930 and 1.02.  (b) The absorption and scattering coefficients of the 
homogeneous phantom #2 are 0.00578 and 1.03 with the absorption and scattering 
of the heterogeneous object inside are 0.00951 and 0.973. 

 

As described in chapter 1, newly made gelatin phantoms were first used in the imaging 

system to acquire tomographic data prior to cutting the hole. A homogenous fit to calculated 

data from diffusion theory was performed in this step to allow accurate prediction of the 

absorption and reduced scattering coefficient in the gelatin phantom. Once these background 

values where known, the holes are then created in the desired locations.  

The two phantoms were tested each in two different procedures described in chapter 1 

trying to minimize the fiber optic interface system error, as illustrated in Figure 1.6 
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2.4.2. Phantom Studies Results 
 
2.4.2.1. Images of Interaction Coefficient and Errors 

 Initially, a decreasing regularization was used where the value was continuously dropped 

by a fixed amount (FR method). The initial regularization value (λ) was 100, and then it was 

reduced by a factor of 10 after each iteration. The effect of this procedure is to increase the 

contrast between the ROI and the background at the expense of introducing higher spatial 

frequencies in the recovered optical property at each iteration. Using the 20 sets of the  

 
Figure 2.10   Reconstructed images of absorption coefficient (μa) and reduced 
scattering coefficient (μs’) from 20 measurement by the fixed decreasing 
regularization method for the phantom #1 after 1 iteration (a, e), 3 iterations (b, f), 5 
iterations (c, g), and 8 iterations (d, h). 

 

Measurement data from the imaging instrument, the average images of the absorption (at top 
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row) and scattering (at bottom row) coefficients for phantom #1 are shown in Figure 2.10 

after one, three, five, and eight iterations. The corresponding images for phantom #2 (not 

shown) were also obtained. 

Estimation of the absolute bias and standard deviation errors was calculated for both of the 

absorption and scattering coefficients using (5) and (6). Each analysis consisted of 20 sets of 

measured data, producing 20 separate images from the reconstruction program. The mean 

images of the absolute bias (at top row) and standard deviation (at bottom row) errors are 

shown in Figure 2.11 for the absorption coefficients of phantom #1. Each column represents 

the same iteration endpoints presented in Figure 2.10. The equivalent images for the reduced 

scattering coefficient of the same phantom are shown in Figure 2.12. 

 

 

 
 

Figure 2.11  Calculated images of bias error (a-d) and standard deviation error 
(e-h) for absorption coefficient from 20 measurements after 1 iteration (a,e), 3 
iterations (b,f), 5 iterations (c,g), and 8 iterations (d,h) by the fixed decreasing 
regularization method for the phantom #1.       

(a)       (b)       (c)       (d) 

(e)       (f)       (g)       (h) 
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Figure 2.12.   Calculated images of bias error (a-d) and standard deviation error 
(e-h) for reduced scattering coefficient from 20 measurements after 1 iteration (a, e), 
3 iterations (b, f), 5 iterations (c, g), and 8 iterations (d, h) by the fixed decreasing 
regularization method for the phantom #1. 
 

To avoid the reconstructed image accuracy decreasing as the regularization parameter 

reduces below a certain level, the Levenberg-Marquardt regularization approach is used to 

control the regularization value based on the projection error, which was described in 

Equation (2-6). Like the fixed regularization method, the initial regularization value (λ) is 

100, and it is reduced a factor of 100.5 after the first iteration.  Afterwards, the projection 

errors at the previous step and the current step are compared.  If the previous projection 

error is greater or equal the current one, and then the regularization is abated as the same of 

the fixed decreasing method; but, if the previous one is less than the current one, the 

regularization increases by the factor of 100.5, so that the regularization will be kept in a 

(a)        (b)         (c)       (d) 

(e)       (f)        (g)            (h) 
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range.  The average images of the absorption and scattering coefficients calculated using the 

Levenberg-Marquardt method are shown in Figure 2.13, which is similar to Figure 2.10 

where the fixed decreasing approach was used; also, Figure 2.17 is similar to Figure 2.16 for 

phantom #2 by these two different approaches.  Compare the images in Figures 2.11 and 

2.12 with the images in Figures 2.14 and 2.15 for the absorption and reduced scattering 

coefficients respectively. These represent the absolute bias and standard deviation errors by 

the Levenberg-Marquardt approach.        

 
 

 
Figure 2.13. Reconstructed images of absorption coefficient (μa) and reduced 
scattering coefficient (μs’) from 20 measurement by the Levenberg-Marquardt 
regularization method for the phantom #1 after 1 iteration (a, e), 3 iterations (b,f), 5 
iterations (c,g), and 8 iterations (d,h). 

(a)    (b)          (c)                (d) 

(e)    (f)          (g)                (h) 
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Figure 2.14.   Calculated images of bias error (a-d) and standard deviation error 
(e-h) for absorption coefficient from 20 measurements after 1 iteration (a, e), 3 
iterations (b, f), 5 iterations (c, g), and 8 iterations (d, h) by the 
Levenberg-Marquardt regularization method for the phantom #1. 
 

 
Figure 2.15. Calculated images of bias error (a-d) and standard deviation error 
(e-h) for reduced scattering coefficient from 20 measurements after 1 iteration (a,e), 
3 iterations (b,f), 5 iterations (c,g), and 8 iterations (d,h) by the 
Levenberg-Marquardt regularization method for the phantom #1. 
 

(a)    (b)          (c)                (d) 

(a)    (b)          (c)                (d) 

(e)       (f)         (g)                (h) 

(e)      (f)         (g)                (h) 
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Figure 2.16.   Reconstructed images of absorption coefficient (μa) and reduced 
scattering coefficient (μs’) from 20 measurements by the fixed decreasing 
regularization method for the phantom #2 after 1 iteration (a, e), 3 iterations (b, f), 5 
iterations (c, g), and 8 iterations (d, h). 

 

 
 

Figure 2.17 Reconstructed images of absorption coefficient (μa) and reduced scattering 
coefficient (μs’) from 20 measurements by the Levenberg-Marquardt regularization method 
for the phantom #2 after 1 iteration (a, e), 3 iterations (b, f), 5 iterations (c, g), and 8 
iterations (d, h). 

(a)    (b)          (c)                (d) 

(a)    (b)          (c)                (d) 

(e)    (f)          (g)                (h) 

(e)    (f)          (g)                (h) 
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In contrast to the standard practice of minimizing the objective function, it is also 

possible to use the images mean squared error that should be minimized at the same time.  

In the phantom studies used here, the contrast of the image heterogeneity and the accuracy of 

the data acquisition system are the most important factors that determine the quality of the 

images reconstructed from the algorithm analyzed here. The low spatial resolution of 

near-infrared tomographic images limits the quality of the reconstructed images. 

As we can see from Figures 2.10, 2.13, 2.16 and 2.17, the circular heterogeneities with 

sharply defined edges, as shown in Figure 2.9, appear as blurred objects with 

Gaussian-shaped profiles. At the same time, the images can be dominated by fluctuations in 

the properties near the surface.  It is often these highly sensitive regions near the sources or 

detectors which dominate the overall image quality, and the level at which the matrix can be 

regularized.  A striking observation from these calculations, is that the image error (as 

defined by bias and standard deviation together) never decreases in our situation, as can be 

seen in Figures 2.18 through 2.21.  This fact is likely due to errors in the periphery of the 

image dominating the overall image solution.  Thus, while we would like to obtain the most 

accurate image, as measured by mean squared error; this is not achieved by our current 

reconstruction algorithm.  However, at the same time, the random variation between images 

is negligible, indicating that the repeatability of the system is quite high.  This latter 

observation can be seen in all the graphs in Figures 2.18 through 18, where the standard 

deviation is never significant in comparison to the bias error.  Thus, variation between 

images should not be an important aspect of the imaging system performance, other than 
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those changes which are due to calibration changes. 

 

 
Figure 2.18.  Calculations of the absolute bias and standard deviation for 
absorption coefficient in the whole image and the region of interest (ROI) of the 
phantom #1 by the fixed decreasing regularization method (a,c) and 
Levenberg-Marquardt regularization method (b,d).  The fiber optic interface was 
fixed during the data collecting process for the graphs at the top row (a,b); and, the 
imaging system was readjusted after each data acquisition to make the sources and 
detectors touch well with the boundary of  the phantom for the graphs at the 
bottom row (c,d). 

 

 

 

(a)           (b)  

(c)             (d)  
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Figure 2.19.  Calculations of the absolute bias and standard deviation for reduced 
scattering coefficient in the whole image and the region of interest (ROI) of the 
phantom #1 by the fixed decreasing (a,c) and Levenberg-Marquardt (b,d) 
approaches. The fiber optic interface was fixed during the data collecting process 
for the graphs a and b; and, the imaging system was readjusted after each data for 
the graphs c and d. 

 
 
 
 
 
 
 

(a)           (b)  

(c)              (d)   
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Figure 2.20.  Calculations of the absolute bias and standard deviation for 
absorption coefficient in the whole image and the region of interest (ROI) of the 
phantom #2 by the fixed decreasing (a,c) and Levenberg-Marquardt (b,d) 
approaches.  The fiber optic interface was fixed during the data collecting process 
for the graphs a and b; and, the imaging system was readjusted after each data for 
the graphs c and d.  

 
 
 
 
 
 
 
 

(a)           (b)  

(c)           (d)  
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Figure 2.21.  Calculations of the absolute bias and standard deviation for reduced 
scattering coefficient in the whole image and the region of interest (ROI) of the 
phantom #2 by the fixed decreasing (a,c) and Levenberg-Marquardt (b,d) 
approaches.  The fiber optic interface was fixed during the data collecting process 
for the graphs a and b; and, the imaging system was readjusted after each data for 
the graphs c and d.  
 

  

(a)             (b)  

(c)           (d)  
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Interestingly, the increasing error observed in Figures 2.18 through 2.21 is opposite to 

the situation observed in the simulation part, where the bias error could be minimized 

somewhat, when theoretical data was used.  These theoretical simulations contained random 

noise in a Gaussian distribution, mimicking that of the spontaneous detector fluctuations.  

Thus, we must conclude that the limitation in our current detection system is not random 

noise, but rather systematic errors, likely induced by the calibration procedure.  This 

systematic error level likely limits our ability to produce more accurate images, and 

ultimately limits the ability to resolve the heterogeneities with high resolution 

 

 

2.4.2.2. Projection Error  

 The squared projection error is a very important estimate in the reconstruction course to 

acquire the optimal images by minimizing it.  Moreover, it is a flag to control the value of 

the regularization parameter (λ) in the Levenberg-Marquardt regularization approach. The 

graphs in Figure 2.22 show the average projection errors of 20 reconstruction data sets, with 

both the fixed decreasing and Levenberg-Marquardt regularization approaches for both 

phantom #1 (at top row) and phantom #2 (at bottom row). Graphs (c) and (d) were generated 

from data sets where the interface was opened and closed repeatedly between each imaging 

acquisition, as described in section 2.2. Graphs (a) and (b) were generated from data sets with 

the interface fixed for all acquisitions, thereby eliminating positioning errors.  The data in 

these graphs allows us to determine the minimum regularization level required to invert the 
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matrix at each iteration, and in all cases this occurs in the 5th iteration (λ = 1.0), with the error  

 

Figure 2.22. Calculated the average projection errors from 20 measurements for 
each of the phantom #1 (a,b) and the phantom #2 (c,d) by fixed decreasing 
regularization method and Levenberg-Marquardt regularization method. The fiber 
optic interface was fixed during the data collecting process for the graphs at the top 
row (a,b); and, the imaging system was readjusted after each data acquisition to 
make the sources and detectors touch well with the boundary of  the phantom for 
the graphs at the bottom row (c,d). 

 

(a)            (b)  

(c)                (d)  
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increasing in the 6th iteration (λ < 1.0) if the Levenberg-Marquardt regularization method is 

not used. Continuation of the Levenberg-Marquart method produces a typical oscillation in 

the projection error with minimal further reduction in the error. 

As shown in Figure 2.22, the ranges of the projection error at the identical iteration step 

are the same, whether for either of the two phantoms or by two different procedures 

described in the previous section, except the errors at the first two iterations in Figure 2.22(a) 

and (b), where the interface was moved between imaging acquisitions, the mean projection 

error starts at a value which is actually slightly larger than when the interface was not moved, 

as shown in Figure 2.22(c) and (d).  This would indicate that the majority of the error is not 

from positioning errors, but from other sources of variability, such as detector calibration or 

spontaneous fluctuations.  This is also in agreement with the raw data measured of phase 

and amplitude, which indicates that the variation observed when the phantom is repositioned, 

is comparable to the variation observed when the phantom is not moved in the positioning 

array. 

During the reconstruction, the squared projection errors in Figure 2.22 are the same at 

the first six iterations in all of the four graphs for the two methods of regularization 

parameter change.  The minimum errors are at the 5th iteration when the regularization 

parameter (λ) is equal 1.0. It is at the 6th iteration, where the Levenberg-Marquardt method is 

required to maintain a converging solution.  This level of regularization indicates that the 

minimum parameter value is equal to the normalized diagonal value, and below this the ill 

posed nature of the matrix dominates the inversion, thereby causing divergence of our initial 
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objective function shown in Equation (2-6), (i.e. the projection error).  Hence, if the 

objective is to minimize this objective function then there is a clear need to implement the 

Levenberg-Marquardt method for regularization.  This provides a stable and controlled 

convergence to the minimum solution. 

 

 

2.4.2.3. Region of Interest (ROI) Analysis versus the Entire Image Field 

 For quantification of the reconstructed images and results, the absolute bias and standard 

deviation errors from 20 measurement data sets were calculated using equations (2-3) and 

(2-4).  These were computed at each iteration step by both the regularization methods 

introduced in the previous section.   In order to compare the reconstructed differences 

between in the region of interest (ROI) and the entire field of view, the absolute bias and 

standard deviation errors were averaged at all of the pixels within the ROI as well as in the 

whole image field.  In the remaining figures, the absolute bias and standard deviation error 

for both the ROI and the entire field of view are displayed. The left column graphs in Figure 

2.18 show the errors for the absorption coefficient of phantom #1 by using the fixed 

decreasing regularization approach; meanwhile, the right column graphs uses the 

Levenberg-Marquardt regularization approach as the only difference. The top row plots in 

Figure 2.18 follow the procedure #1, in which the fiber optic interface was not reset between 

data acquisitions; and the bottom plots are from the procedure #2, in which the phantom was 
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re-placed in the array between each imaging acquisition. The corresponding graphs for the 

scattering coefficient errors are shown in Figure 2.19 for these same phantom measurements. 

In Figure 2.20, the absorption coefficient errors calculated from imaging phantom #2 are 

shown, and in Figure 2.21 the reduced scattering coefficients are shown.      

In summary, the averages of the absolute bias errors of both the ROI and the entire field 

of view are always greater than the standard deviation errors at the same iteration step.  The 

absolute bias in the image and in the ROI always converges when using the 

Levenberg-Marquardt regularization method, although simply using a fixed decreasing 

regularization method can often lead to a lower bias error in the ROI (for example, see 

Figures 2.20 (a) versus (b), and (c) versus (d), in the black circle cases).  In no cases does 

the standard deviation become greater than the bias error.   

In spite of our observations that the image error does not decrease over the entire 

imaging field, the algorithm does recover heterogeneities with reasonable position and peak 

height values.  Thus, we must conclude that the observations of image error in the region of 

interest would be different than the observations averaged over the entire field.  The data 

plotted in Figures 2.18 through 2.21 for the ROI where the heterogeneity was located indicate 

that this is true.  In contrast to the entire image, the bias error can always be decreased in the 

ROI, in the first several iterations of the reconstruction process.  Interestingly, the 

Levenberg-Marquardt regularization method does not always provide the minimal level of 
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ROI bias, and using a continuous decreasing regularization pattern can reduce the bias to 

lower level (as seen in iteration number 9, in Figure 2.20).  This observation is in spite of 

the fact that the projection error is no longer being minimized at these later iterations.  Thus, 

even the projection error is reporting more information about the image field near the 

periphery, and not reflective of the ROI minimization.   

The position of the ROI also appears to have significant bearing on the overall 

minimization, since the data from phantom #1, plotted in Figures 2.18 and 2.19, indicate that 

the bias of the ROI cannot be minimized as well as the data from phantom #2, plotted in 

Figures 2.20 and 2.21.  This observation makes sense, since the object in phantom #2 is 

closer to the exterior wall, where the sensitivity of the response appears to be much greater.  

This effect is well known in diffusion imaging, yet the observation that the projection error 

minimization is not reflective of the ROI minimization indicates that alternative strategies for 

the image reconstruction algorithm might be considered.  In particular, it might be more 

accurate to calibrate the reconstruction algorithm based upon phantom studies, such as these, 

rather than rely upon the projection error minimization, as defined by the 

Levenberg-Marquardt procedure. 
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2.5 Conclusions 
 

This study illustrates the ability to examine image accuracy using analysis of the entire 

image mean square error, taken to be the summation of image variance and bias.  By 

analyzing images of bias and standard deviation we obtain qualitative information about how 

the reconstruction program works, and by summing the values over all pixels quantitative 

values of image accuracy can be analyzed.  Interestingly, in this type of ill-posed problem, 

where significant regularization is required to solve the inverse problem, the image stability 

is very good.  As the reconstruction algorithm reduces the regularization level, the image 

bias is reduced and the image standard deviation increases.  The optimal image is obtained 

after several iterations when a minimum in the summation of bias and standard deviation is 

reached.  This minimum does not always correlate to the minimum of the projection error 

(i.e. objective function).  Increasing measurement error levels causes a need to constrain the 

minimum regularization parameter to higher values in order to minimize the overall image 

mean square error, following a typical Levenberg-Marquardt style approach.  Further 

analysis of the algorithm performance with measured data is examined in the second part to 

this study. 

In summary, we have observed five important facts about the algorithm performance:  

(I)  Bias error dominates the image and the average bias is not minimized in the 

reconstruction, due to dominant errors near the sources and detectors. 

(II)  Random fluctuations from the detectors are not significant, indicating that 
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repeatability of the system is high. 

(III) The system performance is currently limited by systematic calibration accuracy, 

rather than random noise. 

(IV)  Minimization of the objective function does not always directly correlate to 

minimization of the ROI bias error.  

(V)  Levenberg-Marquardt style adjustment of the regularization parameter based upon 

the objective function provides a well-controlled image, but does not always 

minimize the ROI as much as alternative strategies. 

These observations are important as the current system is evaluated in a clinical study for 

breast tumor characterization.  In particular as the system is designed to quantitatively 

image hemoglobin concentration, oxygen saturation and water concentration, and so 

understanding the algorithm performance is fundamental to the success of this study.  In 

general, since the reconstruction algorithm is initiated with an accurate value of the average 

absorption and scattering coefficients, the ability to quantify concentrations of these 

chromophores is fairly good.  In particular, this analysis indicates that quantization of ROIs 

can be best achieved after 5 to 9 iterations, using the procedure outlined here.  We expect a 

bias error of less than 20% in the ability to quantify absorption coefficients over regions 

larger than 1 cm.  Further analysis of the effects of ROI position and size are ongoing with 

this procedure.   

 Beyond our current study, there has been significant interest in alternative regularization 

schemes that might be used to maximize the image accuracy, possibly improving the high 
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spatial-frequency information available [25, 60, 66, 70].  Yet, to use these newer methods, 

the measure of image performance must be shifted away from objective function 

minimization, towards image accuracy (i.e. mean square error).  This change in the analysis 

allows a better examination of how changes in the regularization method affect the actual 

image accuracy, rather than the observed projection error.  The analysis presented here is an 

appropriate tool to evaluate changes in the regularization strategy.  Future studies will use 

this to examine ways to better quantify the region of interest in a manner that preserves the 

blinded manner in which clinical images must be reconstructed. 



 - 66 -

 
 
CHAPTER 3 

 
 
 

Contrast-to-noise ratio based Contrast-Detail 
Analysis of System Performance 
 

3.1 Introduction 

Near-infrared (NIR) diffuse tomography can non-invasively quantify oxygen saturation, 

hemoglobin concentration, water concentration, scattering, and potentially exogenous 

chromophores, therefore it may provide an effective diagnostic tool for early detection of 

breast cancer [27, 62, 73, 90, 83, 99]. Tumors have a higher level of vascularity due to 

hyperactive angiogenesis leading to optical contrast to regular tissues in the NIR spectrum or 

light between 650 and 950 mm [11, 85]. Detecting these changes with optical absorption and 

scattering based tomography requires implementation of accurate and fast image 

reconstruction algorithms. Because the reconstruction process results in moderate-resolution 

images, it is becoming increasingly important to develop tools to accurately interpret the 

reconstructed image and promptly find the shape, size, and location of the tumor or the 

region of interest (ROI) [74, 89, 98]. Even more objectively, it would be desirable to 

automatically find regions of increased contrast and quantify their values. However, in most 
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of current preclinical and clinical NIR tomography studies, the shape and location of the ROI 

in the reconstructed image are decided by a radiologist projecting what is observed in the 

x-ray mammograms into the circular tomographic coordinate system of the NIR tomography 

images. Although this approach is practical and works reasonably well, it has some 

subjectivity associated with it as well as problems associated with tissue deformation. This 

approach becomes especially problematic when one considers that the image reconstruction 

process for NIR tomography is nonlinear and has its own unique set of artifacts and a 

spatially dependent contrast detail response [70, 76]. As NIR tomography transitions into a 

tool for imaging patients, a quantitative computational tool is necessary for consistent and 

fast ROI detection and delineation to eliminate use of subjective ROI detection. Furthermore, 

because evaluating a new imaging modality requires knowledge of the validity of the 

reconstructed images, this type of computational tool can be used to generate contrast-detail 

curves that can be used to objectively determine the system performance and allow accurate 

comparison with other imaging systems. 

To develop an accurate and efficient computational tool for automatically and efficiently 

segmenting out the ROI in a laboratory or clinical NIR tomography imaging system, an 

automated algorithm to calculate the contrast-to-noise ratio (CNR) is used. Similar to the 

signal-to-noise ratio in digital signal-processing theory, the CNR is defined as the difference 

between the ROI and the background region values of the optical properties, i.e. the 

absorption and reduced scattering coefficients, divided by the average variation in the 

background, providing a relative difference property value. Although there is only one choice 
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for the ROI location, there are different choices for the background that can be used for the 

analysis. Ideally, the property distribution of the reconstructed image should be exactly the 

same as the real image whose background (or regular tissue) is uniform and identical 

everywhere. It is reasonable to randomly choose a ROI within the whole image. However, 

the intrinsic diffusion characteristic of the light traveling in the tissue makes every spot of the 

reconstructed image dependent on other locations of the same image, and generally there is a 

radial variation in the modulation transfer response function [70]. Thus it is equally justified 

for one to consider taking background values from the same radial locations of the ROI to 

avoid biasing the analysis to regions with a different spatial-frequency response. We need to 

take this into account and find the best solution for calculating the background properties. In 

this chapter, we investigate and compare three methods of choosing the background values, 

and the results are presented in this chapter. 

A contrast-detail curve, where the line of minimum-detected contrast is plotted for 

various sized inclusions located within a tissue, is an accurate and objective way to evaluate 

the spatial resolution of a medical image system, especially in computed tomography and 

ultrasound [24, 38, 76, 78, 79]. It indicates the transition from a detectable heterogeneity to a 

statistically insignificant undetectable heterogeneity, and the shape of the curve provides a 

quantitative description of the system′s performance and is particularly relevant where the 

clinical role of the system is in the regime of a low-contrast or low resolution modality. 

Traditionally, contrast-detail curves are derived subjectively by human inspection [5], but it is 

reasonable to expect some inter-observer variability in the development of these curves. Thus, 
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as a first attempt in this direction, we used an objective threshold as the measure of detection 

rather than using repeated observers. Given a chosen threshold value of CNR, then it is fairly 

straightforward to accurately calculate the CNR values of reconstructed images and find 

those images in which objects appear to be detectable. Thus, based on whether the object 

presence is above or below the threshold, a contrast-detail curve can be created that shows 

the minimum contrast required to detect objects at each size (i.e. detail is used for size in this 

types of resolution test), with the assumption that a CNR of 4 is required for detection of the 

object. The justification for this threshold level and the implications for clinical utility are 

discussed. 

 

 

3.2 Theory and Method 

3.2.1  Contrast-Detail Curve 

Contrast-Detail (C-D) curve was developed as an experimental technique based on the 

Rose model to evaluate object detectability at the threshold of human visibility in a medical 

image [42]. Figure 3.1 describes the general procedure of obtaining a C-D curve in X-Ray 

medical imaging. It is easy to see that small objects require a high contrast to be visualized 

while small objects can be visualized at a low contrast. Therefore, if the threshold contrast is 

displayed on the vertical axis and detail on the horizontal axis, the contrast detail curve starts 

at the upper left corner (high contrast, small detail) and declines asymptotically toward the 

lower right corner (low contrast, large detail). The C-D curve indicates the transition from 
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objects that can be seen to those that can not. Contrast-detail curve is commonly used in CT, 

but more and more investigators use it to evaluate MRI, ultrasound, NIR tomography and 

other medical imaging systems.  

 
 
Figure 3.1 Formation of Contrast-Detail curve. Contrast detail curves are obtained 
by having observers detect circular targets in a radiograph of a C-D phantom as 
shown above. The contrast detail curve relates the size of the minimally perceptible 
object as a function of object contrast for different levels of the signal-to-noise 
ratio. 
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In NIR contrast-detail curve, where the line of minimum-detected contrast is plotted for 

various sized inclusions located within a tissue, is an accurate and objective way to evaluate 

the spatial resolution of a medical image system, especially in computed tomography and 

ultrasound.  [[524, 38, 76, 78, 79] It indicates the transition from a detectable heterogeneity 

to a statistically insignificant undetectable heterogeneity, and the shape of the curve provides 

a quantitative description of the system′s performance and is particularly relevant where the 

clinical role of the system is in the regime of a low-contrast or lower-solution modality. 

Traditionally, contrast-detail curves are derived subjectively by human inspection, [5] but it 

is reasonable to expect some inter-observer variability in the development of these curves. 

Thus, as a first attempt in this direction, we used an objective threshold as the measure of 

detection rather than using repeated observers. Given a chosen threshold value of CNR, then 

it is fairly straightforward to accurately calculate the CNR values of reconstructed images 

and find those images in which objects appear to be detectable. Thus, based on whether the 

object presence is above or below the threshold, a contrast-detail curve can be created that 

shows the minimum contrast required to detect objects at each size (i.e., detail is used for size 

in this types of resolution test), with the assumption that a CNR of 4 is required for detection 

of the object. The justification for this threshold level and the implications for clinical utility 

are discussed. 
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3.2.2  Contrast-to-Noise Definition of NIR Tomographic Images 
 

CNR is defined as the difference between the averaged optical coefficient within the ROI 

and the differences within the background region, divided by the averaged optical coefficient 

variation in the background. Because the background profile of the ROI is unknown after 

forward calculation as well as in real experimentally acquired data, one of the goals of this 

study is to find the proper way to calculate the background profile. Same as the method we 

introduced in Chapter 1 and 2, a circular geometry of 86mm in diameter for the simulation 

studies. As shown in Figure 3.2, the background has an absorption coefficient μa = 0.005 

mm-1 and a reduced scattering coefficient μs′ = 1.0 mm-1. Within this field, a spherical 

heterogeneity with a variable diameter was located 3 mm away from the edge as depicted in 

Figure 3.2, with a fixed μs′ = 1.0 mm-1 and a variable μa to provide the required contrast in 

absorption from 1.2:1 to 5.0:1. We accomplished the forward calculations of diffusion theory 

with a finite-element numerical solution using a circular mesh with a set of regularly spaced 

node positions. Noise can be added to either the simulated measured data or the optical 

property distribution. In this study, zero-mean Gaussian noise of 1% in amplitude and 1 deg 

in phase shift were added to the calculated boundary data to simulate the realistic condition 

area in our NIR system. 

We developed three methods of choosing the relevant background values to calculate the 

CNR and construct the contrast-detail curves in this study. The three choices were (i) 

backgrounds sampled at the same radial distance in the image, (ii) 
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                        (a)                             (b) 

Figure 3.2 (a) Geometry of the simulation for optical property distribution, and (b) 
a typical reconstructed absorption coefficient image. The image in (b) was 
generated with simulated forward data with a 1% noise in amplitude and a 1° noise 
phase shift by use of zero-mean Gaussian distribution. 
 
 

backgrounds of randomly sampled ROIs of the same size as the original, and (iii) all the 

available background. First, the background profile we chose in the image field had the same 

radial size and similar location of the target, and they did not overlap each other as shown in 

Figure 3.3(a); thus they had independent mean values and noises. As many non-overlapping 

ROI-shaped areas as possible were chosen to minimize the displacement error. 

We can define the contrast in the reconstructed image as the difference of the mean 

values in the target and background; CNR can be defined as 

 

2
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meanROI
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where μROI is the mean of the node values in the target; μmean is the mean value of the 

averaged node values in the total ROI-shaped background areas; and σROI and σmean 
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Figure 3.3 Schematic showing the three possible choices of backgrounds for 
calculating CNR: (a) sampled at the same radial location as the lesion object, (b) 
randomly sampled, or (c) sampled by use of the entire region outside of the target 
lesion object. 

 

are the standard deviations of the collectivities of the target and the mean of the background 

areas, respectively. Because the circular simulated target and background areas have the 

same size, it is reasonable to assume that the target and background areas have the same 

noise weights.  

However, the noise from the nodes that are closest to the field edge is higher because of 

the nonlinear image reconstruction process used here and because the weight functions (i.e., 
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Jacobian matrices) have much higher contributions nearest the source and detector locations. 

Overall, this contributes to higher system noise in regions nearest the edge of the field and 

lower values toward the center of the field. 

This effect is not accounted for in the above definition of CNR. As shown in Figure 3.3(b), to 

make sure that every node in the background has an equal chance to contribute to the 

background noise value, we introduce the second definition of CNR as 

2
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randomROI

randomROI
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=                     (3-2) 

where μrandom is the mean value of the nodes within a region having a location that is 

randomly chosen in the variable background and σrandom is the standard deviation of these 

same nodes. Only one location of the ROI-shaped area was chosen in one calculation, such 

that the ROI background profile is truly random. 

Although this definition has a good basis in statistical probability theory, the shortcoming of 

this definition is that the CNR depends on randomly chosen nodes in the whole image; 

therefore CNR is not exactly identical among different calculations. 

In the first two definitions of CNR, ROI and the testing background have same area; thus a 

noise weight, which presents the contribution of a certain area noise to the whole area noise, 

is not necessary. 

But if we use the whole available area as the testing background, as shown in Figure 

3.3(c), we must include a noise weight into the CNR definition because the background and 

ROI have different contributions to the whole noise. The CNR than becomes 
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where μbackground is the mean value over the variable background and ωROI = AREAROI 

/(AREAROI + AREAbackground), and ωbackground = AREAbackground/(AREAROI + AREA background) 

are the noise weights. 

We use this simple linear form of noise weight because the exact noise weight of 

different areas in the field is hard to determine because of the nonlinearity of the inverse 

problem. 

 

 

3.3 Contrast-to-Noise Ratio Analysis of NIR 
Tomographic Simulation Images 

 
3.3.1  Evaluating the Three Methods of Calculating the CNR 
 

Assuming that the real diameter and location of the target are given, we calculated the 

CNR by using the three methods described above as we systematically varied the absorption 

contrast and the ROI size. Figure 3.4 shows the difference in the CNR values of the three 

methods in the simulation study. Figure 3.4(a), in which we used the first method of 

calculating the ROI background profile, is the CNR distribution for different ROI sizes and 

absorption contrasts; for each ROI diameter value, the CNR was calculated and assigned to 

the related spot in the CNR profile as the absorption contrast varies from 0 to 5. The 

resolution is 1 mm for the horizontal axis and 0.2 for the vertical axis. Similarly, the CNR 
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distribution pro- files of the second and third background calculating methods are plotted in 

Figure 3.4(b) and 3.4(c). Theoretically, if we apply a practical detection threshold with a 

CNR of 4, which indicates that any reconstructed image with a CNR less than 4 is not 

detectable to the human eye, we can find the transition from a detectable ROI to a 

nondetectable ROI on any of the profiles plotted in Figure 3.4(a)–3.4(c). In practice, the 

transition boundary points around where the CNR transits from smaller than 4 to larger than 

4 were calculated and served as the construction points to plot the contrast-detail curve. The 

interpolation method was used to find and smooth the transition boundary.  As we can see 

from Figure 3.4(a)–3.4(c), the CNR profile calculated by the third method is apparently the 

best profile to use to find the transition boundary, as shown in Figure 3.4(d).  The 

contrast-detail curve in Figure 3.4(d) shows the spatial resolution of the NIR breast imaging 

system used in our study. 

Our choice of a CNR of 4 as the detection threshold was based on the simulation study 

performed on different ROI size and contrast combinations. As shown in Figure 3.5, both the 

target with a large size (23 mm in diameter) and low contrast (1.4 in absorption) and the 

target with the small size (3 mm in diameter) and high contrast (3.6 in absorption) can be 

observed in the reconstructed images if the CNR is greater than 4 for all three calculation 

methods. Thus it is reasonable to set the CNR to 4 as the detection threshold, although clearly 

a more in-depth study should be undertaken to determine which CNR value would 

correspond best to that used by humans. Nonetheless for this study we used a CNR of 4 as a 

possible threshold. The actual CNR values are plotted for all sizes and absorption contrast, as 



 - 78 -

shown in Figure 3.4(a)–3.4(c) as well as the system contrast-detail curve Figure 3.4(d) 

assuming a decision threshold CNR of 4.  

 

Figure 3.4. Graphs of CNR distribution (the color bar represents CNR values) 
obtained by the three different methods of choosing the background areas including 
(a) CNRI, (b) CNRII, and (c) CNRIII. (d) Based on the method shown in (c), the 
contrast-detail curve for the images are plotted in by a detection threshold with a 
CNR of 4. 
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      (a)                 (b) 

 
Figure 3.5. Reconstructed absorption images for (a) target with large size (23mmin 
diameter) and low contrast (1.4) and (b) target with small size (3 mm in diameter) 
and high contrast (3.6) in which CNR is greater than 4 by all three calculation 
methods. 

 
 

3.3.2 Comparison of ROI Location Detection: Optimized CNR 
Method vs. 2-D Convolution Method  

Estimates of the locations of the ROI in the reconstructed images are necessary in our 

simulation and experimental studies. Two methods were used to detect the location of the 

ROI with different sizes and absorption contrast values where the step size for scanning was 

0 to 5 mm. In the first method, it was assumed that the CNR should be the maximum when 

the suppositional region was at the location of the ROI, as shown in Figure 3.6(a).  
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Figure 3.6 Two methods of ROI detection: (a) Detection by a search for the 
maximum CNR from all the possible locations in the image field where alternate 
possible locations are randomly tested and the sizes of these regions are varied. 
This approach is used to determine when the CNR calculation is maximal and 
yields an estimate of the size and location of the ROI but requires a significant 
amount of computational time to achieve the result.  (b) 2-D linear convolution 
method where V denotes the convolution process. 

 

In this method, CNR was calculated by the third method defined in Equation 3-3, which 

includes all the available background as the background area. However, this algorithm 

requires a significant period of time to complete the calculations for all possible locations and 

sizes of the ROI within the field. Thus a 2-D linear convolution method was introduced to 

detect the ROI. In this method, a ROI pattern that has the same optical coefficient profile as 

the simulated lesion in computer simulations or a phantom study was created, and we 

developed the correlation image by convolving it with the reconstructed image in which the 
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highest correlation location corresponds to the maximum CNR, as depicted in Figure 3.6(b). 

 

 
 

Figure 3.7 Distance error between the detected center of the ROI in the 
reconstructed image relative to the real location of the circular ROI center is plotted 
as a function of the diameter of the ROI by use of absorption contrast values of (a) 
2.0, (b) 3.0, (c) 4.0, and (d) 5.0 in the target relative to the background. 

 

Comparing this approach with the previous method, the advantage of the 2-D linear 

convolution method is that it decreases the calculation time from several minutes to a few 

seconds for processing one image. 

As discussed above we used both the node-by-node method, in which the maximum 

CNR from all the suppositional regions in the image field is searched, and the 2-D linear 
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convolution method, in which the maximum correlation location between the ROI pattern 

and the reconstructed image profile was detected.  In both methods we calculated the CNR 

by Equation 3-3, and the differences between the true location of the ROI and its detected 

location were compared at different contrast values, as shown in Figure 3.7. 

Figure 3.7 shows that the error between the detected and the true locations of the ROI is 

even larger than the size of the ROI in both detection methods if the diameter of the target is 

less than 3 mm and the contrast is low [i.e., equal to 2 in Figure 3.7(a)]. As the contrast 

increases [Figure 3.7(b)-(d)], the location error from the node-by-node matching method is 

less than 1 mm, but it requires a maximum CNR much lower than 4 - the CNR threshold we 

assumed above. The error from the 2-D linear convolution method is also large when the 

diameter of the ROI is small. Thus neither of the two detection methods can find the location 

of the ROI if the diameter of heterogeneity is less than 3 mm. As the diameter of the ROI 

becomes greater than 4 mm, the location errors from both of the methods are around 1-2.5 

mm. Although the location error from the convolution method is slightly larger, it is more 

than ten times faster. 

 

3.4 Contrast-to-Noise Ratio Analysis of NIR 
Tomographic Phantom Study Images 

 

To test the spatial resolution of our NIR imaging system, a solid phantom was used to 

mimic the optical properties that are described in Section 4. The detail of the NIR 
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tomographic imaging system at Dartmouth College and the phantom study setup and 

procedures have been described in detail in previous chapters. 

 
 

Figure 3.8 Photograph of the phantom used in our study. The 4-mm-diameter hole 
is filled with an Intralipid and ink solution with a variable absorption contrast from 
2:1 to 9:1 and a similar scattering coefficient. Note that the 4-mm hole is outlined 
with dark ink to make it visible, but this ink on the upper surface of the phantom 
does not affect the image quality of the interior of the phantom. 
 

The photograph of the actual phantom we used in our study is shown in Figure 3.8. The 

4-mm-diameter hole was filled with an Intralipid and ink solution with a variable absorption 

contrast from 2:1 to 9:1 and a closely reduced scattering coefficient with the phantom.  

Figure 3.9 shows the reconstructed absorption images with the absorption contrast values of 

2.0, 4.0, 6.0, and 9.0, respectively, and their maximum CNR values are 2.9, 3.8, 4.9, and 5.8 

calculated by the third definition of CNR. The noise in the experiment includes not only the 

random noise but also the systematic noise.  (Pogue, 2002)  The random noise in the 

experimental measurement is typically from the stochastic detector fluctuations, which is 

almost equal to or a little less than 1% of the noise level that we added to the calculated 

boundary data in our simulation study.  
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Figure 3.9 Reconstructed images of the absorption coefficient (μa), with the object 
size of 4 mm in diameter and the absorption contrast equal to (a) 2:1, (b) 4:1, (c) 
6:1, and (d) 9:1. 
 

As an indication, a comparison of these results with the results in the simulation, we can 

see that there are more obvious artifacts in the reconstructed images of the phantom study, 

especially at the edge of the field. However, we still can observe that the reconstructed 

positions of the ROI shift around 2 mm toward the edges of the field, as discussed above. 

Also we can see that, if the CNR values are higher than 4, the 4-mm-diameter object is 

clearly visible on top of the noisy background (detectable by observers or by the computer) 

as shown in Figure 3.9(c) and 3.9(d). But if the CNR value is lower than 3.0, as indicated in 

Figure 3.9(a), even the computer cannot detect the ROI location by any of our location 
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detection methods. Thus the detectable size of our NIR imaging system is at least 4 mm, 

providing a good match to the results we achieved in our simulation. 

 

3.5 Discussion 
Comparing our three CNR calculation methods of the graphs in Figure 3.4 illustrates that 

the choice of background value can significantly affect the decision criteria of whether the 

region is detected. The first definition of CNR that was based on the matched filter method 

did not include information about the nodes closest to the edge of the image field. This 

contributed to a higher noise because of the effect of spatially dependent noise in NIR 

tomographic images, where most high-frequency noise is located in the periphery of the 

image and lower-frequency noise is located in the interior of the image. In the second method 

for calculation of the CNR, we used the background nodes randomly in the image field; thus 

all the nodes in the background had the same chance to be sampled, but it was not stable 

when the target was small. Again, this is likely due to problems with a spatially dependent 

frequency response. Finally, the third method of calculating CNR appeared to be the best, as 

it included all the nodes in the background image outside of the ROI and corrected the noise 

weights based on the size ratio of the ROI and the whole image field. This third approach is 

also easy to implement and provides a reasonable approach for NIR image analysis. 

Based on Figure 3.4(c) from the third method, we created Figure 3.4(d) using the 

threshold value of 4 for the lower limit on CNR. The blue regions represent the undetectable 

conditions (CNR less than 4) and the red regions represent the detectable conditions (CNR 
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greater than 4). From the data in Figure 3.4(c) we established that the spatial resolution of the 

NIR imaging system was 4 mm in diameter when the contrast is high (i.e., greater than or 

equal to a contrast of 4.4), and this was established by theoretical simulation and 

experimental verification. This is interesting in that the system noise level did not appear to 

have much of an affect on this detection limit, indicating that the lower size limit is perhaps 

more of a function of the physical phenomenon of how light is diffused out in a highly 

scattering medium such as tissue. Therefore, if the contrast between the object and the 

background is high enough, the minimum-detectable size of a target object depends on the 

physical characteristics of the imaging system and the reconstruction method, but not on the 

noise of the imaging system or the object characteristics.  Also, the contrast resolution (i.e., 

contrast required for detection at low resolution) was 1.4 when the diameter of the target was 

large (i.e., greater than or equal to 17 mm) with 1% zero-mean Gaussian noise and 1° phase 

shift added. This latter observation would indicate that lower-contrast regions that are large 

would be difficult to detect when the contrast is less than 1.4 relative to the background; 

however, this is likely the regime where this CNR threshold of 4 is breaking down.  Further 

analysis of detectability of large objects with a CNR lower than 4 should be performed with 

multiple observers to determine what the lower limit should really be in this region. We also 

note that a similar reconstructed ROI image shift of 1-2.5 mm toward the edge of the field 

occurred in both the simulation and the phantom studies, which is likely an artifact of the 

strong radially dependent sensitivity that occurs in this type of imaging. 

In Figure 3.4(d) the contrast-detail curve indicates that the system resolution is limited 
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by both the ROI size and the system noise characteristics. As the contrast increases, the upper 

left corner of the curve shows the smallest object size that can be detected by the 

reconstruction system or the spatial resolution of the system. Then, as the ROI size increases, 

the lower right corner of the curve indicates the smallest contrast in object-to-background 

levels that can be detected by the system. This latter definition is often called the contrast 

resolution of the system. The spatial resolution and contrast resolution are dependent on the 

experimental setting of the detection threshold. In our study, the contrast-detail curves are all 

developed based on the assumption that the detection threshold of the CNR is a value of 4.0.  

Again, although this number is a useful threshold value and agrees with our experience in 

small objects, it is likely that it could be considerably lower when one is working on the 

lower right portion of the contrast-detail curve, where objects are large and the contrast is 

low. In fact, this CNR value is likely a nonlinear function in itself, which is dependent on 

object size, contrast, and features of the image reconstruction algorithm. Thus, to complete 

this study, we chose a CNR value of 4 as a practical working number and have begun a 

follow-up study to further define how the CNR varied with object and image reconstruction 

characteristics. 

As shown in Figure 3.4, the node-by-node matched and 2-D linear convolution methods 

have similar results for the detection of the ROI location in the reconstructed image. Neither 

of the two methods was able to detect the ROI location when the diameter of the object being 

imaged was less than 3 mm. While the diameter of the target increases, the reconstructed 

positional error range was near 1-2 mm toward the field edge. Meanwhile, the location errors 
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have no obvious change as the absorption contrast changes from 1.4 (the contrast resolution 

of our imaging system) to 5 if the diameter is the same.  The 2-D linear convolution method 

appears optimal for the purposes of our system, mainly because it is significantly faster than 

a random or systematic search algorithm, especially when the size of the target is small. 

The lower spatial resolution limit at high contrast levels was determined to be near 4 mm, 

and we established this by both theoretical simulation and experimental verification using 

detectability of round objects. This is interesting in that the system noise level did not appear 

to have much of effect on this detection limit, indicating that the lower size limit is perhaps 

more of a function of the physics of how light is blurred out in a diffusing medium such as 

this.  Therefore, if the contrast between the object and the background is high enough, the 

minimum-detectable size of a target object depends on only the physical characteristics of the 

imaging system and the reconstructed method, such as the width of the laser Gaussian beam 

and the mesh used for reconstruction, but not the noise of the imaging system or measured 

object. Also, we note that a similar reconstructed ROI image shift of 1-2.5 mm toward the 

edge of the field occurred in both the simulation and the phantom studies (see Figure 3.7), 

which is likely an artifact of the strong radically dependent sensitivity that occurs in this type 

of imaging. The amount and direction of the object shifts in the reconstructed images depend 

on the true position of the target. If the heterogeneity is placed near the edge of the field, the 

ROI in the reconstructed images is close to the edge; on the other hand, the ROI shifts toward 

the center if the target is near the center.  
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3.6 Conclusions 
 

In this chapter, we calculated the CNR by choosing the background areas including (i) 

ROIs sampled at the same radial distance in the image, (ii) randomly sampled ROIs of the 

same size as the original, and (iii) all the available background. According to the comparison, 

the third method appears to be optimal for NIR tomography because it includes the nodes 

closest to the field edge. This approach contributed higher background noise and is more 

stable than the other two methods, especially when the target is small. On the basis of the 

CNR defined by the third calculation method and a system decision threshold with a CNR of 

4, we find that the NIR imaging system spatial resolution is 4 mm in diameter and the 

contrast resolution is 1.4. 

Two approaches were tested to find the location and size of the object based on maximal 

CNR, including a random node-by-node matching process and a 2-D linear convolution 

method. Although the results from these two methods are similar, the convolution method is 

faster than the node-by-node matching process. 

Finally, the experimental study on a phantom with similar size and optical properties as 

in our simulation indicated a series of similar reconstructed images and system spatial 

resolution. Future plans will involve implementation of this ROI detection tool with our NIR 

prototype imaging system. The assessment and validation of the threshold CNR value of 4.0 

needs to be addressed through multiple observer sessions where images of different size, and 

contrast levels are examined. Furthermore, because only a single anomaly was used in this 
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study, we would like to upgrade this tool set to diagnose tissue with multiple anomalies. It is 

also useful to investigate simulated or experimental objects with highly heterogeneous 

backgrounds such as breast tissue. Future studies should help address these various complex 

issues associated with NIR as a new and promising imaging modality for physiology and 

pathology. 



 - 91 -

 
 
 
CHAPTER 4 

 
 

Observer Performance Studies with Receiver 
Operating Characteristic (ROC) Analysis  
 

4.1 Introduction 

The receiver operating characteristic (ROC) methodology has been widely used to 

address the clinical efficacy of medical imaging systems [5, 12, 54, 106]. In an ROC study, 

the reader views images, some of which contain single or multiple abnormalities, and the rest 

of which are normal. The reader then assigns numeric (typically five) ratings to each image 

as an indication of their confidence level that the image is abnormal. The resulting rating data 

are then plotted on an ROC curve, which entails the true-positive fraction plotted against the 

false-positive fraction. Summary measures of the curve are typically used as an objective 

measure of the ability of the reader to detect objects in the images, representing the image 

quality of the medical imaging modality when applied in a human diagnosis task. These 

summary measures include the area under the entire curve and the partial area under the 

curve in a particular region of interest. In standard ROC methods, the major focus is to assess 

diagnostic utility of the medical images, where the complexity of the target object location is 

often eliminated by clearly specifying the ROI (region of interest) in the images. However, in 
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some complicated medical imaging applications where the expected image resolution is 

spatially dependent, the applicability of the standard ROC analysis is very limited. Recent 

developments in localization-response ROC (LROC) analysis statistically offer more 

understanding of medical imaging methodology, in terms of measuring the conjoint ability of 

detecting and correctly localizing the actual targets in medical images. These developments 

include simultaneous ROC/LROC fitting [94] and alternative free-response ROC (AFROC) 

analysis [12, 13]. The LROC plots the probability of successfully detecting as well as 

locating objects in abnormalities images versus the probability of falsely detecting objects in 

normal images, as the detection criteria are varied. Several models have been proposed to be 

used in LROC analysis, including the discrete-location models [92] and the general 

detection-localization model [94], however, both models hold their particular assumptions. In 

this thesis, both human readers with or without medical imaging background experience and 

a “computational reader” were asked to specify the location of the suspicious area of 

abnormalities, which makes both ROC and LROC techniques applicable.  

Despite the essential simplicity of the fundamental concepts of ROC analysis in medical 

imaging, professionals who design and perform ROC studies often find that a lot of subtle 

issues related to experimental design and data analysis must be confronted in practice. Such 

issues include: 

 Case selection, collection and presentation 

 Reader selection, grouping and characterization 

 Dealing of pooled data, e.g. differences between single reader and multi readers data 

 System error and tolerance analysis;  

 Localization of data 
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 Strategies for data analysis and curve fitting 

 Confidence of test results and conclusions 

This work attempts to cover many of these issues both prior to the observer performance 

studies and, design a fast, full-scale and informative medical imaging methodology 

evaluation process for NIR tomography, as discussed in detail in the following sections of 

this chapter. 
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4.2 ROC and Localization-Response ROC Analysis in 
Medical Imaging 

 

4.2.1. Sensitivity and Specificity of Diagnostic Tests 
 

ROC analysis is widely employed to evaluate observer diagnostic performance in ″two 

alternatives″ classification of tasks in which both the stimulus (patients’′ real condition) and 

response (radiologists’′ diagnosis) have only 2 alternatives: ″normal″ or ″abnormal″. 

Consider a diagnostic test of N patients of which n1 patients are ″diseased″ or ″abnormal″ and 

n0 patients are ″non-diseased″ or ″normal″, the so-called ″2 x 2 diagnostic table″ completely 

described the observer′s diagnostic performance on the number N of patient images as shown 

in Figure 4.1 (a).  

A 2 by 2 table is the listing of all the possible combinations for a pair of binary variables. 

The data is laid out in a grid and the numbers in the grid represent the number of occurrences 

of certain combinations of the two variables. In here, the two variables are the patient′s real 

condition and the observer′s diagnosis. The observer gives m1 positive and m0 negative 

diagnosis responses to N patients of which n1 are truly diseased and n0 are truly non-diseased 

(see Table 4.1). ″TP″ (True Positives) and ″FP″ (False Positives) represent, respectively, the 

number of diseased and non-diseased patients who are diagnosed positive, while ″TN″ (True 

Negatives) and ″FN″ (False Negatives) are the number of diseased and non-diseased patients 

who are diagnosed negative. Figure 4.1 (b) is a numeric example of a diagnostic study. If we 
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divide each entry in the 2 x 2 diagnostic table by N, the total sample size, we get cell 

probabilities, as shown in Figure 4.1 (c). 

  

Disease Information 
  

Present (D+) Absent (D-) Total 

Positive (T+) True Positives (TP) False Positives (FP) m1 

Negative (T-) False Negatives  (FN) True Negatives  (TN) m0 
Reader's 
Diagnosis 

Total n1 n0 N 

 (a)  

Disease Information 
  

Present (D+) Absent (D-) Total 
Positive (T+) 17 25 42 
Negative (T-) 9 29 38 

Reader's 
Diagnosis 

Total 26 54 80 

 (b) 

Disease Information 
  

Present (D+) Absent (D-) Total 
Positive (T+) 21.25% 31.25% 52.50% 

Negative (T-) 11.25% 36.25% 47.50% 
Reader's 
Diagnosis 

Total 32.50% 67.50% 100.00% 

 (c) 

Figure 4.1 The 2x2 Diagnosis Table. (a) The observer gives m1 positive and m0 
negative diagnosis to N patient images of which n1 are diseased and n0 are 
non-diseased. (b) An example of diagnostic test of 80 patients and (c) the 2x2 cell 
probabilities table 
 

From the ″2 x 2 diagnostic table″ we can also calculate the “Sensitivity” and 

‘Specificity″ commonly used in medical literature as an indication of discriminatory accuracy 

of the diagnostic study. To understand the physics and meaning of sensitivity and specificity, 
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we first need to understand the meaning of “probability” and “conditional probability”. As 

discussed in detail in “Appendix: Statistics and Probability Theory and Terms”, the word 

"probability" is used to mean the chance that a particular event (or set of events) will occur 

expressed on a linear scale from 0 (impossibility) to 1 (certainty), also expressed as a 

percentage between 0 and 100%. A conditional probability is the probability of an event 

given that another event has occurred. According to the axioms of probability and the 

definition of conditional probability specified in “Appendix: Statistics and Probability Theory 

and Terms”, we can define the sensitivity as the conditional probability of positive diagnosis 

given that the patient is in fact diseased or abnormal, i.e.:  

n
TPDTPySensitivit

1

)|( =++=                    (4-1) 

Sensitivity represents the proportion of truly diseased persons in a screened population who 

are identified as being diseased by the test. It is a measure of the probability of correctly 

diagnosing a condition. In the same manner, we define the specificity as the conditional 

probability of negative diagnosis given that the patient is in fact non-diseased or normal: 

n
TNDTPySpecificit

0

)|( =−−=                   (4-2) 

Specificity is the proportion of truly non-diseased persons who are identified by the 

screening test. It is a measure of the probability of correctly identifying a non-diseased 

person. More straightforwardly, in some medical literature, the sensitivity and specificity are 

also called “true positive rate” and “true negative rate”.  
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4.2.2. Concept of ROC Curve 

 

Sensitivity and specificity usually appear together because use of the sensitivity or 

specificity alone is inadequate and is not a clear measure of a system utility or performance 

[86].  

In practice, however, diagnostic discrimination capacity of an observer in a specific 

diagnostic test is usually not perfect because some diagnoses are made from various states of 

symptom or evidence. In other words, the diagnosis depends on the confidence level of 

diagnostic evidence, i.e. the confidence threshold. Thus it is more informative and 

meaningful to design the diagnostic tests on a “confidence rating” scale -- either on a fixed 

number of discrete response categories or a continual test variable-- and then calculate 

different sensitivity and specificity pairs, which finally lead to the generation of Receiver 

Operating Characteristic (ROC) curve for that particular diagnostic.  

Defined in “Appendix: Statistics and Probability Theory and Terms”, the probability 

density distribution function of a radiologist’s confidence in a positive diagnosis for 

particular diagnostic task are shown schematically in Figure 4.2. The degree of overlap of the 

diseased and non-diseased distribution function completely determines the ability of the test 

to distinguish a diseased patient from a non-diseased one. As shown in Figure 4.2, for a 

specific decision or confidence threshold value xc we can calculate a (sensitivity and 

specificity) pair. As xc increases, specificity increases at the expense of sensitivity.  
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Figure 4.2 Example of probability density distributions of an observer’s 
confidence in a diagnostic test. The observer’s diagnosis is made according to the 
confidence threshold, which varies to generate different (sensitivity, specificity) 
pairs and thus an ROC curve.  
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Figure 4.3 The ROC curve achieved from Figure 4.2 as the observer’s 
confidence threshold varies. The square point on the curve corresponds to the 
observer’s confidence threshold line shown in Figure 4.2 
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To graphically present the relationship of sensitivity and specificity, people generates the 

Receiver Operating Characteristic (ROC) curve which plots sensitivity, also known as True 

Positive Rate (TPR) versus (1-specificity), also known as False Positive Rate (FPR), as 

shown in Figure 4.3. 

 
 
 
 

4.2.3. ROC Curve Fitting 

 

 ROC curves are usually acquired by proper modeling and fitting to well-designed 

experimental trial data for the probability density distribution functions. There are several 

methods that have been published to plot an ROC curve based on discrete or continuous test 

data, of which there are 2 basic categories: non-parametric or parametric - depending on if 

the approach is to assume a parametric model for the probability density function or not.  

 The empirical non-parametric approach is to calculate the ROC using the empirical 

histogram distributions in which there is no need for structural assumptions and parameters 

to modeling or fitting the density function. Though the empirical non-parametric method is 

easy and robust in general cases, it is not a smooth fitted curve and no statistical confidence 

level is available for evaluation. A great improvement to the empirical non-parametric 

method is the so-called non-parametric kernel smoothing technique [106, 108]. In this 

method, a kernel function estimating the densities of the distribution functions in the diseased 

and non-diseased populations and a bandwidth are applied and optimized to numerically 
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represent the distribution functions, thus resulting in a plot, which is smooth and therefore an 

optimal ROC curve.  

 More objective and specific case oriented methods require that some assumption be 

made regarding the functional form of the ROC curve. Several functional models have been 

proposed since the ROC analysis was first developed in signal detection theory [97].  One 

of the most successful models, the binormal ROC method, which assumes that a pair of latent 

normal decision-variable distributions underlies ROC data (similar to that depicted in Figure 

4.2), has been widely used for ROC curve fitting [54, 95, 96]. According to this model, 

which includes two parameters, each ROC curve is assumed to have the same functional 

form as that implied by two Gaussian decision variable distribution functions. With the 

binormal model, the task of curve fitting becomes one of choosing numerical values for the 

two parameter pair (i.e. mean and variance) to best represent the measured data in observer 

performance studies. 

 

4.2.3.1. Non-parametric Kernel Estimation of ROC 

In the kernel estimation method, the diagnostic probability density distribution functions 

of normal and diseased cases are estimated to be in the form of 
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where xi and yi are the empirical distribution points of the diagnostic data for normal and 
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diseased cases with a total sample size of n0 and n1, respectively. K = ∫ k is a mean 0 kernel 

density function, and h is the so-called “bandwidth” which controls the degree of smoothing. 

This method gives a smoothed version of the empirical non-parametric probability density 

distribution functions, i.e. the relative frequency histograms, thus providing a practical 

method to generate a smoother non-parametric ROC curve, as shown in Figure 4.8. It is 

considered to better match the real ROC curve in the case of parametric model distribution 

assumptions are not valid and lack-of-fit occurs for parametric or semi-parametric ROC 

methods. The disadvantages of kernel estimation of ROC, however, are also obvious because 

it may give inaccurate estimation when the diagnostic density distribution function is 

partially near zero. Non-parametric kernel ROC analysis was used for Local ROC curve 

  

4.2.3.2. Maximum-Likelihood Estimation of Parametric and Semi-parametric ROC 

In 4.2.3.1, we introduced a Kernel function based ROC analysis technique, which one of 

the most popular non-parametric ROC estimation methods. In general, however, the 

non-parametric ROC fitting methods are unable to provide a real smooth ROC curve due to 

limited test data. In parametric ROC analysis, some particular assumptions concerning the 

mathematical form of the probability density distribution function of an observer’s 

confidence in a diagnostic test are necessary for real parametric smooth ROC curve fitting. 

Once a parametric model is set up, one can use advanced mathematical technique to fit the 

model to the test data, and then construct smooth ROC curves and perform error analysis 

thereafter. In some studies, parametric model based ROC estimation is divided into 2 groups: 
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parametric approaches and semi-parametric approaches depending on whether the measured 

data are re-grouped before the fitting process [86].  

The maximum-likelihood method is one of the most successful mathematical techniques 

to fit parametric ROC models. Theoretically, the maximum-likelihood method is independent 

of the model-based assumptions underling parametric ROC analysis. But its most successful 

application is in parametric model, such as binormal model [20], logistic model [7] and 

Gaussian rating model [102]. In following paragraphs, the maximum-likelihood method is 

briefly reviewed as well as gives some results of its application in the binormal model of 

ROC analysis used in this thesis.  

We introduced the probability density distributions of an observer′s confidence in a 

diagnostic test in section 4.2.2. Suppose the outcome of a diagnostic test results in a 

continuous measurement t with diagnosis probability distribution function of FN(t) = P(T-/D+) 

and FD(t) = P(T-/D-), where N and D denotes actual normal and diseased condition. In a 

typical parametric model, FN(t) and FD(t) are of the same form and are fully defined by two 

parameters, i.e. FN(t) = F(t) and FD(t) = F(bt – a). According to the definition of the 

cumulative distribution function F, defined in “Appendix: Statistics and Probability Theory 

and Terms”, for a given threshold value tc whereby observer diagnoses a subject as diseased if 

t > tc and normal if  t ≤ tc, we have  

FPR = 1 – specificity = 1 – P(T-/D-) = 1 – F(tc)        (4-5) 

TPR = sensitivity = 1 – P(T-/D+) = 1- F(btc – a)        (4-6) 

If we know the form of F - for instance, in the binormal model, it is the standard-normal 
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cumulative distribution function Φ - and the value of a and b, we can plot the ROC curve by 

varying tc. In practice, the decision axis t is partitioned into n categories by n-1 criteria, ti, i = 

1, 2, …, n-1 so that the observer makes a diagnosis Ri if the decision variable falls in the 

interval: 

ti-1 ≤ t ≤ ti, i = 1, 2, … , n+1,                (4-7) 

here t0 = -∞ and tn+1 = +∞. 

To simplify the formula system, we denote D- as S1 and D+ as S2, and let P(Rj/Si) = Pij. 

If every trial of the diagnostic test is independent of each other, these trials will follow 

independent multinomial distributions. According to the “maximum-likelihood” estimation 

theory [80], if we take n statistically independent samples from the population {X1, X2, … , 

Xn} and let the conditional probability density function on the ith sample given the parameter 

be denoted by fi(xi|S), the joint conditional probability density function of all samples is 

given by  
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Thus, if the observer assigns Rj to Si a total of rij times during a diagnosis test, the probability 

of obtaining the result data, i.e. the likelihood function is 
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A condition for finding the maximum likelihood estimate is obtained by differentiating the 

likelihood function, given by (4-6), setting the resulting equation equal to zero and solving 

for S. It is often easier to differentiate the natural logarithm of the likelihood function, and 



 - 104 -

this is permissible since the logarithm is a monotonically increasing function of its argument: 

the value of the independent variable maximizing the logarithm of a function will also 

maximize the function itself. Thus a condition that the maximum likelihood estimate of the 

test result, i.e. the parameter S, must satisfy is  
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From the definition of Pij and (4-3, 4, 5), we know 
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Given a specific ROC model assumption, Solving (4-7, 8, 9) will give a fixed form of F, i.e. 

fixed value of a and b, and n-1 cut points t1, t2, t3 … tn-1. In practice, a direct solution to 

Equation (4-7, 8, 9) is impossible, but it can be iteratively solved by suitable numerical 

techniques, such as the “method of scoring” [20, 21, 30, 96]. 

The maximum-likelihood fitting process explained above requires ordinal category data. 

In many diagnosis tests, however, the observers give continuous data rather than 4-5 fixed 

ratings. In this case, pre-process steps are required to convert the continuously-distributed 

data into ordinal category data before applying the maximum-likelihood estimation theory 

based numerical ROC curve fitting process [55]. This process assumes that 

maximum-likelihood estimation of an ROC curve from continuously-distributed data is 

equivalent to maximum likelihood estimation from ordinal category data if truth state runs in 

the rank-ordered data, a unique data conserving only the sequence but ignoring the numerical 
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value of the continuously distributed data, are interpreted as categorical data. This process, in 

combination with the maximum-likelihood fitting algorithm, is often referred as the 

semi-parametric approach because the parametric model is required only after a monotone 

transformation from continuously-distributed data to grouped data [86].   

Table 4.1 Comparison of Parametric and Semi/Non Parametric ROC Fitting Approaches 

 

  Parametric    Approaches Semi-Parametric Approaches
Kernel Density Estimation Based 

Non-Parametric Approaches 

A
ss

um
pt

io
n 

 The cumulative 

distribution functions for 

normal and diseased 

populations follow a 

parametric family, e.g. normal 

or lognormal. 

 The underlying 

distributions of the grouped 

normal and diseased test 

measurements can be 

transformed to normal 

distributions by an unspecified 

monotone transformation of 

the test measurement axis. 

 Free of any distributional 

assumptions in that it depends 

only on the ranks of the 

observations in the combined 

sample 

A
dv

an
ta

ge
s 

 Yield a smooth ROC 

curve completely specified by 

a small number of parameters 

 Hypothesis tests, 

estimates, and confidence 

intervals for the parametric 

binormal ROC curve and its 

parameters are well 

developed 

 Less strict assumption 

than that of fully parametric 

approaches which requires 

explicit distributional form for 

continuous measurements     

 Closely follows the details 

of the original data               

 Free of any parametric 

assumptions      

 Universal fitting 

approaches for any observer 

operating characterization 

experiments             

D
is

ad
va

nt
ag

es
 

 Very sensitive to 

departures from distributional 

assumptions                  

 The fitting algorithm needs 

to take into account the errors 

in both FPR and TPR 

 Still assume that a single 

monotone transformation 

exists that would make both 

latent distributions normal 

simultaneously                

 Still sensitive to 

departures from distributional 

assumptions  

 The resulting ROC curve is a 

series of horizontal and vertical 

steps not smooth curves           

 It is unreliable at the ends of 

the ROC curve, requires some ad 

hoc experimentation with choice of 

bandwidth 



 - 106 -

 To summarize, Table 4.1 lists the model assumption, advantages and disadvantages of 

the parametric, semi-parametric and kernel density estimation based non-parametric 

approaches of ROC curve fitting. 

 

4.2.4. Multiple-Reader Multiple-Case ROC and Location ROC 
 

 One practical issue people often face in ROC analysis in a typical observer performance 

studies is how to deal with the variation of skill level among observers. Although the basic 

concept of ROC analysis had been understood in principle since the early 1980′s [96], the 

available analytical techniques or research tools had limited practical applicability. This 

situation changed in the early 1990′s with the introduction of the so-called Multiple-Reader 

Multiple-case (MRMC) ROC paradigm first published by Dorfman, Berbaum and Metz [22]. 

The MRMC ROC paradigms used a certain theoretical model and proposed applying 

procedures, such as jackknife method (jackknife readers or jackknife cases), bootstrap 

method [104] to the area under the ROC curve obtained for each reader, followed by use of 

the resulting pseudo values in a mixed-effects analysis of variance.  

 Another issue we need to deal with in ROC analysis is the localization of signals. In 

most clinical practice, a decision-maker usually does not have a precise knowledge of the 

location of a possible tumor, which leads to the effect of spatial uncertainty. As a result, some 

true positive responses may be due to the observer failing to detect the actual signal while at 

the same time falsely detecting a signal elsewhere in the image. C. Metz et al. introduced the 
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three-dimensional generalized ROC curve for a detection and localization task [56]. In this 

method, 5 types of decisions and associated conditional probabilities exist: “true positive, 

correct location”, “true positive, incorrect location”, “false positive”, “true negative”, and 

“false negative”. The degree of freedom for these 5 decisions is three because of the intrinsic 

property of a made decision. Thus, a particular combination of decision frequencies or 

probabilities resulting from a detection and localization experiment can be represented as a 

point in three-dimensional space. In practice, the conventional ROC curve and the LROC 

curve, which is introduced in separate paper [92], may be used to reconstruct the 

three-dimensional generalized ROC curve.  

 

 

4.2.5. Summary Measures of the ROC Curve 

 

After ROC curves are constructed, we need to statistically evaluate and understand the 

difference among the curves. Many methods are used for interpreting ROC curves and 

evaluating performance of different ROC curves [33, 95, 96]. The most popular method is the 

“Area Test” method in which the area under the curves is calculated and compared. It ranges 

from 0.5 for accuracy no better than a random binary chance to 1.0 for perfect accuracy.  

However, this global index can be misleading when curves crossover each other or there is 

only one ROI. Other ROC-based indices of performance are available, such as partial area 

below or to the right/left of a segment of the ROC curve, TPF at fixed FPF position or 
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vice-versa, or particular utility at optimal operating point, etc.  

In the binormal model where FPR and TPR are fully defined by (4-6) and (4-7) and F is 

of the form of standard-normal cumulative distribution function Φ, the area under the ROC 

curve Az is theoretically calculated to be 

)(
21 b

aAz
+

Φ=                      (4-13) 

Furthermore, because of the intrinsic relationship between the estimation of a, b and the test 

data sample means (μnormal and μdiseased) and standard errors (σnormal and σdiseased) [55, 103], the 

area under curve can be estimated directly by substituting the μ and σ into 

      )(
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01
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μμ

+

−
Φ=zA                     (4-14) 

In non-parametric model, the area under curve can be calculated analytically by numerical 

integration of the trapezoidal areas.  

Other popular statistical indices used to describe ROC curves include “slope-related and 

intercept-related indices” and ″partial area under the curve″. The slope-related and 

intercept-related indices are often used in Gaussian distribution model where the expected 

ROC points should follow a straight line when plotted on a binormal coordinate paper [95]. 

The partial area under the curve is usually used if only a particular range of test data on 

specificity and sensitivity graph is valid or is of interest [53]. 
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4.3 ROC Analysis: Software Platform Development at 
Dartmouth 

   
 As addressed in 4.2, there are several free or commercial software algorithms involving 

parametric ROC curve fitting to different type of observer performance studies. There is also 

some other available research grade or commercial computer software involving one or 

several specific functionalities of ROC curve fitting, as summarized in Table 4.2.  

Table 4.2 Summary of ROC Software 

Software Functionality Developer 
ROCFIT Fit a single ROC using the binormal model University of Chicago 

INDROC Tests difference between independent ROC estimates University of Chicago 

CORROC2 Test difference between correlated ROCs University of Chicago 
CLABROC Test difference between correlated ROCs University of Chicago 
ROCKIT Integrates and extends the 4 programs above University of Chicago 

PROPROC Fits a single ROC using the "proper" binormal model University of Chicago 

LABMRMC 
Does a jackknife-ANOVA test for difference in AUC 
(Data collected on continuous and/or discrete scale) 

University of Chicago 

RSCORE2 Fit a single ROC using the binormal model University of Iowa 

RSCORE4 Fit a single ROC using the binormal model University of Iowa 

MRMC 
Jackknife-ANOVA test for difference in AUC 

(discrete scale only) 
University of Iowa 

Unnamed 
Unified general model and maximum-likelihood 
procedure based ROC and LROC fitting program 

Richard G. Swensson    
Karen H. Chan 

Analyse-it  
Statistical software add-in for Microsoft Excel with 

basic ROC analysis capability 
Analyse-It Software, Ltd., 

U.K. 

MedCalc 
Commercial Statistical Program with basic ROC 

analysis capability 
MedCalc Software     

Belgium 

ROC-&-ROL Non-Parametric Kernel Smoothing of ROC Curves University of Rochester 

S-Plus 
Non-Parametric Kernel Smoothing of ROC Curves 

with different bandwidth choice methods 
University of Rochester 
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 Most of these software are coded in FORTRAN scientific programming language, which 

has limited graphical user interface and is not as user-friendly as most Microsoft Windows or 

Linux System based applications today. On the other hand, these software are separate 

mathematic tools with totally different I/O formats and result presentation styles, which make 

it hard for users switching from one program to another. This issue becomes more 

problematic when the complexity, i.e. the number of people and cases evolved, increases. 

 In order to implement our study of NIR tomography images with a generalized 

functionality program which could be expandable, a multifunctional MATLAB based 

program was developed and used in the ROC/LROC curve analysis tasks performed in this 

thesis. Binormal model based categorical and continuous data ROC/LROC fitting methods 

discussed in section 4.2.1 to 4.2.3 were embedded in this software platform. The general 

fitting and analysis algorithms are described in Figure 4.2. Some of the post-curve-fitting 

statistical measurements discussed in section 4.2.5, including area under the curve, standard 

error, data correlation, confidence intervals and confidence interval boundary estimations are 

also included. Figure 4.5 is a screen capture of the program user interface. 
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Assumption 1: Independent 
trials thus independent 

multinomial distributions 

Assumption 2:  Binormal ROC Model 
(Standard-normal cumulative distribution 

function Φ with un-known parameters a & b)

Numerical solve maximum-likelihood function to find a & b and threshold cut points: 
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Figure 4.4 Procedures of Maximum-Likelihood Estimation Method Receiver Operating 
Characteristic Curve Fitting.  
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Figure 4.5  Screen Capture of the MATLAB GUI based ROC/LROC fitting 
platform, including: Main menu options, Input Data Information, ROC Analysis 
Output,  Confidence Interval Boundary, Input Data And Fitted ROC Plots, 
Statistical Tests Results of Standard Errors, Data Correlation and Confidence 
Intervals. 
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4.4 Assessment of Near-Infrared Tomography Imaging 
System 

 
 

In this section, Receiver operating characteristic (ROC) analysis based human observer 

and contrast-to-noise ratio (CNR) based computational assessment performance studies were 

performed and analyzed on tomography images produced at Dartmouth College near-infrared 

tomography imaging system.  Parametric and nonparametric approaches have been applied 

for estimating the ROC curves. Computational CNR and human observers are then compared 

in the capability to accurately localize the heterogeneity under high heterogeneity contrast 

level and the results are discussed thereafter.  The effects of iteration and algorithm on the 

detectability of objects in NIR tomography images for both human observers and in the 

computed CNR value are also investigated in the following sections. 

 

4.4.1. Computer Simulations 

4.4.1.1. NIR Tomography Simulation and Image Preparation 

As discussed in chapter 1, near-infrared frequency domain absorption and scatter 

tomography modeling and image reconstruction has been partially developed based upon a 

Finite Element forward simulation of diffusion theory, and an iterative non-linear 

reconstruction algorithm [12, 94]. This system can produce 2D images of absorption and 

scatter coefficients of the objects examined by the non-invasive imaging array.  

A circular 86mm diameter field was chosen as the background in which to place objects 
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and test the methodology based upon computed images.  This field had absorption 

coefficient μa= 0.005mm-1, and a reduced scattering coefficient μs′= 1.0 mm-1, and within the 

field a cylindrical object with fixed μs′ = 1.0 mm-1 and a variable μa was placed to provide a 

localized heterogeneity.  The value of the anomaly was varied to simulate changes in 

absorption contrast, with varying values from 1.1:1 (10%) up to to 2.0:1 (100%). The size of 

the anomaly ranged from 4mm to 16mm in diameter. Forward calculations based on this 

specific NIR tomography system were used along with zero-mean Gaussian noise of 1% in 

amplitude and 1 degree in phase shift, to create simulated measurement data.  A non-linear 

reconstruction algorithm mentioned previously was then applied to generate the 2D 

absorption and scattering coefficient images. In the same manner, thousands of reconstructed 

images were automatically created, having the same noise level and size of heterogeneities 

but with different locations of the ROI and different contrasts. Similar images were created 

with no objects inside, to simulate normal tissue, or the ″control″ images. 

We carefully chose the amount and constitution of the reconstructed image pool for 

several different studies presented here, and these contained images of different ROI (region 

of interest) size (4mm, 6mm, 10mm and 16mm) or different reconstruction algorithms, i.e. 

different iteration number of the reconstruction program or different contrast level between 

the ROI and the background. 
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(a)                           (b) 

 
 
 
 
 
 
 
 

 
 

(c)            (d) 
 

Figure 4.6 The NIR tomographic imaging system is shown along with a typical 
reconstructed image. (a) is the top view of the phantom and fiber interface; (c)-(d) 
are typical reconstructed NIR tomography images with the same size, and 
location of ROI, iteration number, and reconstruction algorithm but different 
contrast levels: (b) C = 1.1; (c) C = 1.4, and (d) C = 2.0. 
 
 

4.4.1.2. Detection and Localization Task 

Four human observers participated in this study of which 2 observers had NIR 

tomography imaging experience and the other 2 observers did not. A MATLAB program 

developed with a graphical user interface was used as the main test program, and is shown in 

Figure 4.6.   
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Figure 4.7: The MATLAB image detection program is shown. Observers can adjust 
the image gray scale map with the top two slide bars, and point out the estimated 
center location of the region with the computer mouse 

 

This program controlled the data collection stage of the observer performance studies. 

Displaying a fixed number of reconstructed homogeneous or heterogeneous images in 

random order completed the ROC experiment. Initially a computer controlled training 

session is used in which the observer was presented sample images and information was 

asked of the observed as to whether the image contained a heterogeneity and the possible 

region size.  The observers were asked to view 600 different reconstructed images in one 

ROC experiment session. Instead of just deciding whether the viewed image was 

homogeneous or heterogeneous, the observers were asked to rate a probability that the image 

was heterogeneous, using a continuous scale value between 0 and 1, where 0 represented 
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“absolutely homogeneous”, 1 represented “absolutely heterogeneous” and “0.5” was a guess 

of “it not being known”. The observer was also asked to point to a possible location of the 

ROI center, by clicking the centroid of the region with a cursor. The observer was able to 

control the image contrast and brightness by adjusting the minimum and maximum display 

parameters of the Matlab image profile. For every viewed image, the program recorded the 

history of all the information about the image and the decision of the observer. 

 

4.4.1.3. Computational Assessment 

 To develop a fast computational metric, which may serve as a surrogate measure, an 

automated and efficient algorithm is needed. The Contrast-to-Noise Ratio (CNR) is the basis 

for the computational metric used throughout this study. Similar to the signal-to-noise ratio in 

digital signal processing theory, the CNR is defined as the relative difference between the 

ROI and the background region values of the property, divided by the average variation in the 

background [45, 81, 101]. There are different choices for the background [88], and here the 

entire region outside of the target ROI was used as the background, and thus the CNR is 

defined as [88] 

σσ
μμ

22

backgroundbackgroundROIROI

backgroundROI

ww
CNR

+

−
=              (4-15) 

where μROI is the mean of the value of in the target; μbackground is the mean value over the 

variable background; σROI and σbackground the standard deviations of the target and the whole 

background areas, respectively; wROI and wbackground are the weights in the target and 
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background, which are defined as the fractional size of the target and background in the 

image field. Given the ROI size, CNR was calculated at each point within the domain and the 

maximum CNR and its correlated location was considered as the real ROI CNR and location. 

Using the images generated in Section 2.2 and given the real diameter and location of the 

target, we were able to calculate CNR as the absorption contrast and the ROI size were 

systematically varied. 

 

4.4.1.4. Results 

Four human observers were used, of which two have a background in medical imaging. 

Also, the computational CNR based ‘synthetic’ observer was used in the studies as a 

comparison. Human observer and computational observer performance are reported in terms 

of ROC and LROC curves and the related area-under-curve value with error correction. The 

result of human observers with or without medical imaging background were compared to 

each other and then compared with the CNR based computational observer. As discussed in 

Section 4.4.1.1, given a fixed system noise level, three key parameters are thought to 

determine the quality of a reconstructed image: (1) the size of the heterogeneities, (2) the 

absorption and scattering coefficients contrast between the heterogeneities and the 

homogeneous tissue, (3) the number of the reconstruction iterations used in the image 

formation and (4) the location of the region of interest (ROI) in heterogeneous images.. In 

other words, the detectable object size and object to background contrast level need to be 

determined in this approach, and the reconstruction process efficacy needs to be analyzed. In 
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this section, the results of a number of studies designed to evaluate the impacts of these three 

parameters are reported for a standard version of the NIR tomography reconstruction 

algorithm. All the images used in these studies were generated by the procedure described in 

Section 4.4.1. 

In the LROC fitting process, observer performance information for reconstructed images 

consists of two parts: (1) a continuous confidence rating of possible heterogeneity presence 

and (2) coordinates representing the possible object location. The one-stage “plug-in” method 

with the Epanechnikov kernel function [106] was used to generate the distribution bandwidth, 

and then applied for fitting of the LROC curve, as illustrated in Figure 4.8. 

  
     (a)           (b) 
Figure 4.8 (a) The distribution sample of human observer response is shown, 
which was fitted by kernel density estimation. The window width was chosen 
from the direct ‘plug-in’ method and the Epanechnikov kernel function was used 
(b) ROC and LROC curve for (a) 

 
 
 

A. Human Observers Performance Comparisons 

In trying to minimize the observer background factor, a training session was used for all 
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participants prior to the final image presentation and detection process. In the training session, 

the trainee was asked to review sample images with the same reconstruction condition and 

was notified if the images contained heterogeneity and if so, what the location of the 

heterogeneity was. The trainee is allowed to review and analyze as many as 200 images 

before the real detection task began. Table 4.3 summarizes the area under curve value and 

associated standard error for both ROC and LROC curves for different observers in the three 

heterogeneity-size studies.  

 

Table 4.3  Human Observers Performance Comparison 

ROC Area under Curve           

with Error Correction  

Localized ROC Area under Curve       

with Error Correction  
Observer 

(note) 
ROI=6mm ROI=10mm ROI=16mm ROI=6mm ROI=10mm ROI=16mm

#1 0.90 ± 0.012 0.99 ± 0.008 0.99 ± 0.003 0.23 ± 0.026 0.71 ± 0.023 0.90 ± 0.013

#2 0.89 ± 0.015 0.98 ± 0.009 0.99 ± 0.004 0.23 ± 0.026 0.69 ± 0.024 0.89 ± 0.014

#3 0.88 ± 0.014 0.99 ± 0.005 1.00 ± 0.001 0.23 ± 0.026 0.70 ± 0.024 0.91 ± 0.013

#4 0.93 ± 0.009 0.99 ± 0.003 0.96 ± 0.008 0.25 ± 0.028 0.68 ± 0.025 0.89 ± 0.014

Note: #1 & #2: Experienced Observer, #3 & #4: Inexperienced Observer 

 
 

B. Human Observer versus Computed CNR Performance Comparison 

a) Heterogeneity Size Study 

This study is designed to find out how response of the NIR tomography imaging 

reconstruction algorithm response to different sized heterogeneities would affect the human 

perception of objects. For the sake of simplicity, a circular geometry was chosen for the 

heterogeneities with a diameter ranging from 4mm to 16mm, compared to an 86mm diameter 

region for the background homogeneous tissue. Table 4.4 summarizes the relevant 
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parameters of 4 observer performance studies, of which each study contained 600 images 

with optical property ranges.  

Table 4.4  Parameter Settings in the Heterogeneity Size and Contrast Studies (Iteration number = 6) 

Heterogeneity Properties Background Properties Study 

# 
Noise Level 

μa (10-3mm-1) Diameter (mm) μa (10-3mm-1) 

1 1% amplitude & 1° phase shift 5.5-10.0 4 5.0 

2 1% amplitude & 1° phase shift 5.5-10.0 6 5.0 

3 1% amplitude & 1° phase shift 5.5-10.0 10 5.0 

4 1% amplitude & 1° phase shift 5.5-10.0 16 5.0 

 
 

      
        (a)       (b)         (c) 

 
Figure 4.9 Sample images from heterogeneity size studies are shown. The objects all have the 
same contrast C = 2.0, the same reconstruction process iteration number I = 6, but with 
different object sizes.  In (a) a small sized object was used, with diameter of 6mm. In (b) a 
medium sized object was used, with diameter f 10mm. In (c) a large object of diameter 16mm 
was used. 

 

To maintain experimental consistency, zero-mean Gaussian noise of 1% amplitude and 1 

degree in phase shift were added to the calculated boundary data of all studies to simulate a 

realistic data set from our NIR tomography system. Sample images from heterogeneity size 

studies, in which objects were sized from 4mm to 16mm and the contrast level defined in the 
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next section is ranged from 1.1 to 2.0, are shown in Figure 4.9. 

Figure 4.10 summarizes the human observer and computed CNR performance in the 

heterogeneity size studies. From Figure 4.10(a), we can see that when the diameter of the 

target is less or equal 6mm, the computational observer cannot distinguish the heterogeneous 

images from the homogeneous images as the AUC (Area under the Curve) of ROC is equal 

to 0.5. However, human observers were able to sort out the heterogeneous images of 6mm or 

less from the homogeneous images since the AUC value is well above 0.5 (0.82 for size 4mm 

and 0.88 for size 6mm). As the size of the targets increase, the computational observer 

diagnosis accuracy becomes much better because the AUC of ROC increases under the same 

condition. On the other hand, as shown in Figure 6(b), if we take the localization accuracy 

factor into account and set “AUC of LROC equal 0.5” as the threshold to determine whether 

the observers can choose the correct locations of the heterogeneities, neither computational 

CNR nor human observer can accurately localize the heterogeneity of size 6mm or less in the 

reconstructed tomography images. 
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(a)             (b) 

Figure 4.10 The heterogeneity size study for both human and computational observers is 
shown in (a) with ROC and area under curve data, and in (b) with LROC and area under 
curve data.  Both of these are shown for data sets where the absorption contrast ranged from 
1.1 to 2.0, with a fixed 6 iterations. 
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b) Heterogeneity Contrast Level Study 

The optical property contrast (C) between the object and background was provided by 

the absorption coefficient difference between the heterogeneity and the background. The 

heterogeneity to background contrast is defined as 

μ
μ
Background

ROIC =                                (4-16) 

where μROI is the mean absorption coefficient within the target and μbackground is the mean 

absorption coefficient value over the variable background. Using fixed object diameter D = 

10mm and reconstruction process iteration number I = 6 and varied contrast with increment 

step of 0.1, we generated 30 images for each contrast value ranged from 1.1 to 2.0 giving 300 

images in total. Same human and computational observers are used in these 10 studies. An 

example image from C = 1.4, 1.7 and 2.0 is shown in Figure 4.11.  

 

         

       (a)         (b)         (c) 

Figure 4.11 Sample images from heterogeneity contrast studies are shown. The objects had 
same size, with diameter of 10mm, same reconstruction process with iteration number I = 6 
but with different contrasts.  In (a) the contrast was C = 1.4; in (b) the contrast was C = 1.7, 
and in (c) the contrast was C = 2.0. 
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(a)                 (b) 

 
Figure 4.12 The heterogeneity contrast study for both human and computational observers is 
shown, with (a) showing the ROC and area under curve, and (b) showing the LROC and area 
under curve.  The diameter of ROI was equal 10 mm for all, and 6 iterations were used. 
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Figure 4.12 summarizes the human observer and computed CNR performance in the 

heterogeneity contrast level studies for un-localized (Figure 4.12(a)) and localized (Figure 

4.12(b)) detection tasks. In Figure 4.12(a), where the ROI size was fixed at 10mm, the human 

observer performed well even at low contrast levels and achieved perfect detection (AUC = 

1.0) performance when the contrast level was above 1.6. The computed CNR on the other 

hand, was unable to achieve perfect detection at any tested contrast level but was very close to 

perfect when the contrast level became higher. Human observers have more capability to 

detect heterogeneities with small contrast levels, yet this difference was negligible if the 

heterogeneity was at higher contrast levels compared to the homogenous background. 

c) Analysis of the Reconstruction Process Iteration 

The most dominant factor in the reconstruction process which affects image quality is 

the regularization parameter and the number of iterations used in formation. In our studies we 

have always utilized a modified Levenberg-Marquardt scheme in which the regularization 

parameter starts out a factor of 100 relative to the normalized Hessian diagonal, and then in 

systematically decreased by a factor of 2 at each successive iteration [42, 49]. Using this 

approach, the iteration number is the major factor influencing detection of objects, and this 

has been studied here. The outline of the iteration study is summarized in Table 4.5, where 

600 images were used in total. As mentioned in the previous section, a Finite Element 

Method based reconstruction program written in Matlab is used in the near infrared 

frequency domain absorption and scattering tomography imaging technique. During a single 
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reconstruction process step i.e. linear reconstruct, the 2D image was first constructed and 

used as the input data for the forward problem. The output of the forward problem, also 

known as the calculated system measurement, was compared to the measured data and 

thereafter to determine the quality of the reconstruction process. 

Table 4.5  Parameter Settings in the Reconstruction Process Iteration Number Study 

Heterogeneity Properties 
Study # Noise Level 

Contrast Diameter (mm) 
Iteration Number 

1 1% amplitude &   
1° phase shift 1.1-2.0 10 4 

2 1% amplitude &   
1° phase shift 1.1-2.0 10 6 

3 1% amplitude &   
1° phase shift 1.1-2.0 10 8 

4 1% amplitude &   
1° phase shift 1.1-2.0 10 10 

 

 

An important measure of error in the reconstruction process is the objective function 

defined as: 

σ
μ

χ 2

2

2
)(

M

k

CM

k

ΦΦ −
=                           (4-17) 

where ΦΜ is the measured set of data, ΦC(μk) is the calculated measurements at the kth 

iteration for optical property µ, M is the number of measurements and σ is the entire image 

standard deviation. This is also sometimes referred to as the projection error (or Chi squared) 

function, as it is a direct measurement of the squared error of measured and simulated 

projection data through the tissue.  
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Figure 4.13 The mean of the projection error function of 294 heterogeneous 
reconstructed images is shown as the function of iteration number, using a 
diameter ROI of 10 mm and an absorption contrast range from 1.1 to 2.0.  The 
error bars are the standard deviations of the 294 images for all of 20 iterations.  

 
 

   

(a)                    (b)                    (c) 

Figure 4.14 Sample images from the reconstruction process are shown for 
different iteration numbers. The images have same object size, D = 10mm, the 
same object-to-background contrast of C = 2.0, but are from different numbers of 
iteration in the algorithm. In (a) the result from 4 iterations is shown.  In (b) the 
result from 6 iterations is shown, and in (c) the result from 10 iterations is shown.  
Higher numbers of iterations tend to recover higher spatial frequency information 
and higher contrast, albeit with the addition of a non-linear level of noise 
increased. 
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In practice, as the iteration number increases, the objective function first decreased and 

reached a lowest point, and then increased very slowly, as shown in Figure 4.13 where the 

ROI was 10mm diameter and the contrast ranged from 1.1 to 2.0.  The error was estimated 

from a number of reconstructions, and the mean error is plotted as a function of iteration 

number. In Figure 4.13 the minimum objective function value occurs at an iteration number 

of 9. Theoretically the reconstructed image parameter value should be closest to the true 

image value at the point where the objective function is at its lowest value, but in practice the 

reconstruction iteration process also inevitably introduces some high frequency noise so that 

it affects the judgment of both the human observers and the computational observer. A 

sample image from iteration numbers of 4, 6, 8 and 10 is shown in Figure 4.14. 

Figure 4.15 summarizes the human observer and computational CNR value performance 

in the iteration number studies for un-localized (Figure 4.15(a)) and localized (Figure 4.15(b)) 

detection tasks. From Figure 4.15 where the ROI size was fixed at 10 mm and the contrast 

level was varied from 1.1 to 2.0, it can be seen that the human observer always has better 

performance than a computational observer, in terms of detectability and localization 

accuracy. In the range of 4 to 10 iterations, the iteration number has either negligible impact 

(human observer data in Figure 4.15(a)) or negative impact (computed CNR data in Figure 

11(a) and all Figure 4.15(b)) on both human observer and CNR detection and localization 

decisions. 
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   (a)            (b) 
 
Figure 4.15 The reconstruction process iteration number was studied for both human and 
computational observers. In (a) the ROC and area under curve are shown, and in (b) the 
LROC and area under curve are shown, for a fixed diameter equal to 10 mm and with varying 
absorption contrast from 1.1 to 2.0. 
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d) Analysis of the Location of ROI 

In our prior studies, it shows that NIR tomographic images are spatially dependent [69].  

As the NIR light diffuses in the phantoms or tissue, the location close to the edge has higher 

spatial resolution than that at the center. Meanwhile, the reconstructed contrast becomes 

larger as the target gets closer to the edge; but the noise from the closest light source and 

detector have the most impact on the overall image quality. Thus, it is necessary to 

investigate this phenomenon and find out how the heterogeneity position affects the 

judgment of human and computational observers. Setting the diameter of ROI at D = 6mm, 

we generated 43 images for each ROI location ranging  from 5mm to 35 mm to the 

background center and 300 in total, as shown in Table 4.6(a).  

 
Table 4.6a Parameter Settings in the Heterogeneity Location Study (Iteration number = 6) 

Heterogeneity Properties 
Study 

# 
Noise Level 

Contrast Diameter (mm)

Distance between the Centers of 

the ROI & Background (mm) 

1 1% amplitude &  
1° phase shift 1.1-2.0 6 5 

2 1% amplitude &  
1° phase shift 1.1-2.0 6 10 

3 1% amplitude &  
1° phase shift 1.1-2.0 6 15 

4 1% amplitude &  
1° phase shift 1.1-2.0 6 20 

5 1% amplitude &  
1° phase shift 1.1-2.0 6 25 

6 1% amplitude &  
1° phase shift 1.1-2.0 6 30 

7 1% amplitude &  
1° phase shift 1.1-2.0 6 35 
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In the same manner, for ROI diameter D = 10mm, we generate 50 images for each ROI 

location ranging from 11mm to 31 mm to the background center and 300 in total, as shown in 

Table 4.6(b).  

Table 4.6b Parameter Settings in the Heterogeneity Location Study (Iteration number = 6) 

Heterogeneity Properties Study 

# 
Noise Level 

Contrast Diameter (mm)

Distance between the Centers of 

the ROI & Background (mm) 

1 1% amplitude &  
1° phase shift 1.1-2.0 10 11 

2 1% amplitude &  
1° phase shift 1.1-2.0 10 15 

3 1% amplitude &  
1° phase shift 1.1-2.0 10 19 

4 1% amplitude &  
1° phase shift 1.1-2.0 10 23 

5 1% amplitude &  
1° phase shift 1.1-2.0 10 27 

6 1% amplitude &  
1° phase shift 1.1-2.0 10 31 

 

The reconstruction process iteration number I is set to 6 and the contrast is set to range 

from 1.1 to 2.0.Same human and computational observers are used in all of the studies. 

Sample images from Diameter of ROI = 6 and 10mm are shown in Figure 4.16. 
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(a)                    (b)                    (c) 
Figure 4.16 Sample images from heterogeneity location studies are shown. The 
objects had same size, with diameter of 10mm, same reconstruction process with 
iteration number I = 6, and with the same contrast C = 1.7, but at different 
locations.  In (a) the distance between the object and phantom centers was D = 
11mm; in (b) the distance between the object and phantom centers was D = 21mm, 
and in (c) the distance between the edges of the object and phantom was D = 
6mm. 

 

Figure 4.17 summarizes the human observer and computational CNR value performance 

in the target position studies for un-localized (Figure 4.17(a)) and localized (Figure 4.17(b)) 

detection tasks, the error bars are the standard deviation of the four human observes’ 

performance . When the ROI size was fixed at 6 mm and the contrast level was varied from 

1.1 to 2.0, the mean AUC of ROC for human observers was around 0.9, and had no significant 

difference at the different target locations, but all of the AUC for the lower 95% confidence 

interval band from computed CNR performance were less than 0.5, as shown in Fig 4.17(a).  

In the meanwhile, the mean AUC of LROC for human observers is increased 

significantly as the target moved to the just off-center to the midway of the whole 

background, but the AUC of LROC for computational observers increased at the edge area of 
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the background, but all of the values are less than 0.5. As the ROC size increases to 10mm, 

the mean AUC of ROC for human observers and computational observers do not change 

much, except the AUC of ROC for computational at the edge area of the background, which 

is obviously larger than that at other position. Also, the AUC of ROC by the computational 

observer increases as the target moves toward the edge.  
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(a)                 (b) 

Figure 4.17 The heterogeneity location study for both human and computational 
observers. In (a) the AUC of ROC are shown, and in (b) the AUC of LROC are 
shown, for diameter of ROI equal to 6 (top pair of graphs) and 10 mm (bottom pair 
of graphs) and with varying absorption contrast from 1.1 to 2.0. 
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4.4.1.5 Computer Simulation Conclusions 

A. Human Factor 

In the Human Observer Performance Comparison study, we plotted ROC and LROC 

curves of which the area under curve was summarized in Table 4.3. As we know, the area 

under the curve of an ROC and LROC curve is a reasonable indicator of the quality of the 

observer performance. Given the fact that observer #1 and #2 had NIR medical image 

interpretation experience and observers #3 and #4 were inexperienced, the main observation 

from Table 4.3, was that after the training procedure, readers without medical imaging 

experience had negligible performance difference compared to readers with medical imaging 

experience. We saw this trend also when tested with different heterogeneity contrast levels 

and when the reconstruction process iteration number varied, which makes it reasonable that 

all the four human readers’ experimental data was mixed together in successive studies, and 

averaged data was used to in the human and computational observer comparison studies.  

 

B. Human Observer Decision to Computed CNR Correlation 

In the human observer detection process, readers were required to continuously rate the 

possibility of heterogeneity being present in the images. In the computational observer 

detection process, CNR value was calculated at each point within the model and the 

maximum value was considered in the “decision” or “rating” of the computational observer  
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(b) 

 
Figure 4.18 Human observers and computed CNR performance comparisons are 
shown for paired sets of images analyzed. The human observer decision 
(confidence level that the image is abnormal) and computational observer decision 
(contrast-to-noise ratio) for same group of images are plotted in CNR-Human 
decision 2-D diagram. A linear fitting algorithm was then applied and the R2 values 
are present for the two situations of (a) where contrast was set to 2.0, iterations set 
at 6 and object size set at 10 mm.  In (b) the contrast was still 2.0, iterations were 
the same, but the object size was increased to 16 mm diameter. 
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for the NIR tomography images. Both the human observer and computational observer 

decisions data are plotted as scatter pairs for two image groups, including where the ROI size 

was 10 mm and where it was 16 mm. These are shown in Figure 4.18. 

The solid line in Figure 4.18 is a linear fit of human observer and CNR values, of which 

the fitted equation and R square value are also listed in the diagram. From Figure 4.18, the 

main observation is that the CNR of the reconstructed images and the human observer 

responses is more correlated when the diameters of the targets increase. 

 

C. Analysis of Human Observer versus Computed CNR Decisions   

In the former section, we presented the results of heterogeneity size and contrast level 

study; we also discussed the result from the analysis of the reconstruction process iteration. 

We have seen clear difference between human observer and computational observer. When 

presented a suspicious NIR tomography image, human and computational observers both 

tend to search the area with highest contrast to noise ratio and make their decision based on 

the information acquired. However, there are apparently different processes of decision 

making between human and computer observers on different NIR tomography images.  

When the object size is as small as 6 mm, the existence of object will change the diffused 

light throughout the entire field but its impact is not significant enough to be comparable to 

impact of the added noise. Though the object is not big enough to be seen on the 

reconstructed image at the object location, it makes the image seems noisier than the average 

homogenous image. This entire image profile change is detectable by human observer whose 
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strategy and overall ability are more sensible to noise appearance but not detectable by 

computational observer whose detect capability solely relies on relative contrast to noise ratio 

across whole image. As the heterogeneity size increased to around 10 mm, it dominates the 

whole image profile and diffusion process; as a result both computational and human 

observers get good detect capability and localization veracity.  

On the other hand, contrast level of objects play different role in human and 

computational observers’ decision making. When taking account of the location information, 

as summarized in Figure 4.12(b), the AUC value of the human observer LROC dramatically 

decreased at very small contrast levels, and since the corresponding ROC AUC values in 

Figure 4.12(a) were fairly good, it suggests that the human observer is capable of sorting out 

the abnormal images but is unable to specify the correct location of the heterogeneities. 

Besides the conceptual and intrinsic difference between ROC and LROC, this phenomenon is 

not apparent for the computational observers whose position and AUC value didn’t 

dramatically change from ROC to LROC plots.  This latter point indicates that the 

computational decision of tumor presentation in a NIR tomography images, would also 

provide a reasonably good tumor location at same confidence level.  

Moreover, the target location will not affect the decision of human observers to 

distinguish the homogeneous and heterogeneous images obviously, although the mean AUC 

values of ROC for both 6mm and 10mm ROI sizes, where the object at the midway between 

the background center and edge, is a little bit larger than that at the other places in the image.  

Since the AUC of LROC for both human and computational observers is less than 0.5 at 
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everywhere in the images, we can consider that neither the human observers nor 

computational observer could find the correct target location as the ROI is equal than 6mm.  

Meanwhile, as the object size is increased to 10mm, the computational observer can get 

better and better decision and location accuracy, when the target moves to the image edge.  

 

4.4.2. Phantom Studies 

4.4.2.1. Phantom Studies Design and Image Preparation 

Besides computer simulations method described in previous section, phantom studies 

provide a more practical way to evaluate the human decision with or without computer 

assistance to the NIR tomographic image. In this Chapter Three resin solid phantoms are 

used to mimic the physical and optical properties of the human breast. The phantoms are with 

optical properties similar to breast tissue, having absorption coefficients from 0.0033 to 

0.0041 mm-1, and reduced scattering coefficients from 1.16 to 1.31 mm-1, and the cylindrical 

solid phantom had diameter of 84.5±0.2 mm, as shown in Table 4.7.  A hole was cut in each 

of the phantoms at different relative locations, and filled with Intralipid and ink to produce 

absorption coefficient contrast in the phantom with a closely matched scattering coefficient to 

the background.  As illustrated in Figure 4.19, the hole in Phantom #1 was just off-center of 

the phantom, where the distance between the centers of the hole and the phantom was only 

3mm; the hole in Phantom #2 is in the midway of the phantom, where the distance between 

the centers of the hole and the phantom is 18mm; and the hole in Phantom #3 is more closer 
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to the phantom edge, where the distance between the edges of the hole and the phantom was 

6mm.  The hole cannot be too close to the phantom edge because of the limitation of the 

diffuse equation we used in our reconstructed algorithm.   Therefore, we could avoid the 

limitation of the object location when we did the phantom studies, which include the contrast 

and location analysis. 

Table 4.7  Parameters of Resin Solid phantoms for Phantom Studies 

Heterogeneity Properties 
Study # 

μa (10-3mm-1) μs (mm-1) Diameter (mm)
The Hole Location in the Phantom 

1 0.0041 1.31 84.6 just off center 

2 0.0033 1.27 84.3 in the midway 

3 0.0040 1.16 84.4 closed to the edge 

 
 
 

 

   (a)        (b)        (c) 

Figure 4.19.  The geometries of the phantoms used in the studies for a circular object in 
solid phantoms whose size slightly varies. The diameters of the heterogeneity in all the 3 
phantoms are 6 mm. (a) Phantom #1: d = 84.6 mm and the absorption and scattering 
coefficients of homogeneous area are 0.0041 and 1.31 (b) Phantom #2: d = 84.3 mm and the 
absorption and scattering coefficients of homogeneous area are 0.0033 and 1.16 (c) Phantom 
#3: d = 84.4 mm and the absorption and scattering coefficients of homogeneous area are 
0.0040 and 1.03.  
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 We filled the phantom holes with Intralipid and ink at different ingredient ratio to 

achieve controlled absorption contrast levels. Five contrast levels were used in this study:  

1:1, 1.2:1, 1.5:1, and 2.0:1.  For the purpose of extracting out hole edge effect, the phantom 

with 1:1 contrast was used as a homogeneous phantom and the other 4 phantoms were test as 

heterogeneous phantoms. The experimental data were reconstructed by the same diffuse 

imaging reconstruction method we used in the simulation study.  And the iteration number 

is 6 for all of the reconstructed images. 

In human observer test of this study, we used the same Matlab GUI program used in the 

simulation section, as shown in Figure 4.7.  The four human observers who read images in 

simulation studies were also asked to read and rate the heterogeneous level of phantom study 

images. They were also asked to point out the possible ROI location in the Matlab test 

program, as we introduced in previous part of the thesis. Instead of 600 images they viewed 

in simulation part, each human observer viewed 228 images in phantom study.  

 

4.4.2.2. Results and Discussion with a 6mm ROI 

 Table 4.8 indicates the AUC of both ROC and LROC cures for different human 

observers in the heterogeneity-contrast studies where the ROI is 6mm in diameter.  The 

standard deviation of these four observer performance is larger than that in the simulation 

studies at each absorption contrast level.  Thus, instead of mixing all of the data from the 

human observers together in the simulation part, we needed to analyze the experiment data 
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separately, or take the mean value as the average human performance.   

 Moreover, the experiment noise consists of both random noise and systematic noise, 

which is higher than the 1% random noise added to the calculated boundary data in our 

simulation [88, 89].  As the results, the reconstructed image are noisier in phantom study, so 

the human performance are much worse than that in simulation at the same ROI size and 

contrast level.  When contrast is very low (C = 1.2), the mean AUC of ROC is less than 

0.60, which means that the human observers could not distinguish the heterogeneity and 

homogeneity.  Then, as the contrast increased to 1.5, the mean AUC is equal 0.75, which is 

fair to separate the heterogeneous images from homogenous images in typical ROC analysis.  

When the absorption coefficient increased to 2.0, the AUC of ROC reached the maximum 

value.   

Table 4.8 Human Observers Performance Comparison with Different Contrast (C) 

AUC of ROC           AUC of Localized ROC         Observer 

(note) C = 1.2 C = 1.5 C = 2.0 C = 1.2 C = 1.5 C = 2.0 

#1 0.52 0.65 0.74 0.03 0.08 0.08 

#2 0.66 0.82 0.82 0.05 0.09 0.11 

#3 0.48 0.78 0.79 0.06 0.04 0.09 

#4 0.62 0.77 0.85 0.10 0.07 0.08 

Note: #1 & #2: Experienced Observer, #3 & #4: Inexperienced Observer 

 

Therefore, if the absorption contrast is greater than 1.5 for 6mm ROI in the phantom 

study, we can consider that the human observers could distinguish the heterogeneous and 
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homogenous images.  However, the AUC of Location ROC was very low (less than 0.12) at 

every object contrast level, thus the human observers could not detect the right ROI location 

even at high contrast (C = 2.0). 

 
Figure 4.20 ROC curves for the heterogeneity location study from (a) the worst 
human observer performance and (b) the best human observer performance for 
6mm ROI and with varying absorption contrast from 1.2 to 2.0. 

 

 

We also test the detection abilities of the human observers by their performance on three 

different ROI locations shown in Figure 4.19. Again, the ROI to background contrast level 

was ranged from 1.2 to 2.0.  Figure 4.20 indicated the worst and best human performance 

on 6mm ROI where the object was just off-center, in the midway or close to the edge of the 

phantoms.  The human observers had the best detection performance if the object is in the 

middle of the phantom because its area-under-curve (AUC) of ROC had the largest value.  

When the object is closed to the edge of the phantom, the AUC of ROC is a little bit less than 
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it at the midway.  The result is similar to that in simulation study where the AUC of ROC 

also increased as the 6 mm object moved from the just off-center to the midway of the 

phantom, and then decreased a little as the object moved closer to the edge. 

 

4.4.3. Patient Studies 

4.4.3.1. Patients Studies Image Preparation 

In this study, we investigated how our NIR tomography imaging system could 

distinguish breast cancer and normal tissue based on chromophore parameters, such as HbO2, 

from 95 cases, including 7 small size cancer lesions (cancer size <= 6 mm), 8 large size 

cancer lesions (cancer size > 6 mm) and 80 normal tissue cases.  For each patient, we used 6 

different wavelengths (661nm, 761nm, 785nm, 808nm, 826nm and 849nm) to measure the 

same cross-section of breast, and calculated the optical properties, μa and μs’ for each 

wavelength.  In the previous studies [47, 99], we know that μa is representation of three 

chromophore parameters, oxyhemoglobin (HbO2), deoxyhemoglobin (Hb) and water (H2O), 

which can be expressed as [99]   

λλλλ μεεε aOHHbOHb OHHbOHb =++ ][][][ 2][2][][ 22
           (4-18) 

where ε (in mm2 mol-1) is the extinction coefficient at wavelength λ.   Thus, we can 

calculate the absorbing chromophores, HbO2, Hb and water with a constrained least-squares 

estimation based on the Equation 4-18.  Generally, we used total hemoglobin (HbT), which 
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represents as HbT = HbO2 + Hb in μM, and oxygen saturation (SO2) as the percentage of 

HbO2 in HbT instead of HbO2 and Hb, to be the two most important chromophores 

parameters in our patient analysis.  [47,91]  Meanwhile, based on an empirical equation of 

scattering theory [90] 

                b
s a −= λμ '                          (4-18)  

we can fit the scattering amplitude (a) and scattering power (b) parameters from the reduced 

scattering coefficients μ’s in these 6 wavelengths [90,91]. 

 

 
 
Figure 4.21.  A screen shot of the Labview software interface of computer-aid 
program in our patient studies. the mean and standard deviation values, the 
maximum value and its location in x, y axis for each image, along with the 
display controls at the top of the field 
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Figure 4.12 shows the interface of our Labview program, which calculated the three 

chromophores parameters, HbT, SO2 and H2O, and two scattering parameter, a and b from 

the absorption and scattering coefficients of the given 6 wavelengths, and display the mean 

and standard deviation values, the maximum value and its location in x, y axis for each 

image. 

 

4.4.3.2. Detection Task 

Prior to each test, possible tumor information, such as tumor size and deepness from 

patient chest, were revealed to the observer. However, the observer was not informed whether 

the tumor information was real from a cancer patient or fake for a normal case. Then, based 

on the pre-given information, the observer chose the probable tumor location from the 

reconstructed images of HbT, StO2, water, scattering amplitude a and scattering power b 

values as shown in Figure 4.22. Afterwards, the program calculated the normalized parameter 

for each of chromophores and scattering images, which would be the decision criteria during 

setting cut-off points to draw the ROC curves.  

4.4.3.3. Results 

Figure 4.22 shows the ROC curves based on the normalized HbT values of both tumors 

and normal tissues. If the tumor size is greater than 10mm, our NIR tomography system has 

very high diagnostic accuracy, as the AUC is equal 0.88; otherwise, the system will fail to 

distinguish normal and abnormal cases as AUC of the lower 95% confidence interval band is 

much less than 0.5. 
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        (a)          (b) 

Figure 4.22 The ROC curves and the 95% confidence interval of HbT for 
both (a) large (size > 6mm) and (b) small (size <= 6mm) breast cancer tumors vs. 
the normal tissue. 

 

 Also, the ROC and 95% confidence interval curves were made for the other normalized 

chromophores (i.e. StO2 and water) shown in Figure 4.23 and Figure 4.24, but these could 

not distinguish the cancer and normal case based upon their ROC curves for both small and 

large sizes breast cancer tumors to the normal tissue as the lower 95% confidence interval 

band is below to the 45° diagnosis line with AUC of 0.5.  The same curves of normalized 

scattering amplitude and scattering power parameters also generated (not shown), which 

could not use for diagnose the breast cancer by the same reason of StO2 and water.  

Therefore, we consider the normalized HbT as the main computed feature to distinguish the 

cancer and normal tissue in our clinical optical tomography imaging at this time.  
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      (a)                (b) 
  
Figure 4.23 The ROC curves and the 95% confidence interval of StO2 for 
both (a) large (size > 6mm) and (b) small (size <= 6mm) breast cancer tumors vs. 
the normal tissue. 
 

 

  

      (a)               (b) 
 
Figure 4.24 The ROC curves and the 95% confidence interval of water for 
both (a) large (size > 6mm) and (b) small (size <= 6mm) breast cancer tumors vs. 
the normal tissue. 
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4.5 Conclusions 
 

In the simulation study, NIR tomography image analysis was completed with observer 

performance assessment. Based on the results of experienced and inexperienced human 

observers and CNR characterized computational calculations, NIR tomography images were 

assessed in terms of sensitivity to human observer discrepancy, detectable object size and 

object-background contrast level, reconstruction process efficacy. While computed CNR and 

human observer have similar capability to accurately localize the heterogeneity, human 

observers are much more capable to just sort out the heterogeneous images of 6mm or less 

from the homogeneous images. Human observers are also more capable of detecting 

heterogeneities with contrast levels as small as 1.1, yet this difference was negligible if the 

heterogeneity was at higher contrast levels compared to the homogenous background. The 

results also indicate that effects of iteration and algorithm performance significantly alter 

detectability of objects in NIR tomography images for both human observers and in the 

computed CNR value. Four iterations of the reconstruction process is sufficient to achieve 

best image quality, further iterations thereafter have negligible impact upon human observers 

and a negative impact upon the computed CNR detection and localization decisions. 

Compared to the computed observe, who has higher capability as the heterogeneity closed to 

the edge, the human observers have stable response as the target location changes. 

In the phantom study of 6mm ROI, we could consider that the human observes could 

distinguish the heterogeneous images from the homogenous images when the objected 
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contrast is equal or great then 1.5 as the mean AUC of ROC is equal to 0.75 at the 1.5 

absorption contrast.  However, all of the human observers could not detect the right ROI 

location as the contrast is from 1.2 to 2.0 because the AUC of LROC for the entire contrast 

lever under 2.0 is less than 0.12.  Also, the human observe could easiest to distinguish the 

heterogeneous images from the homogenous if the object is at the midway of the phantom 

when the object is small.  In the future, the larger size object ( ROI == 10mm) need to be 

tested. 

In the patient study, we employed three normalized chromophores and two normalized 

scattering parameters as the computed features to determine the clinically ability for 

distinguishing breast cancer tumors from benign tumors in system.  AUC of 0.88 was seen 

for the normalized HbT for large breast cancers showing that our clinical system has good 

discernment from the breast cancer cases to normal tissue if the tumor size is larger than 

6mm.  However, we did not achieve useful get satisfied results from normalized SO2, water, 

scattering amplitude and scattering power measure to date, or for the smaller size cancer 

tumors, as the lower 95% confidence interval band for all of these parameters are below the 

45-degree diagonal of the ROC space since the AUC was 0.5.  This study should be verified 

with larger numbers of patient cases. 
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CHAPTER 5 

 
 
 

Conclusion Remarks 
 
 

In this thesis, assessment of statistical accuracy of NIR tomographic imaging and 

computer-assisted diagnosis systems was present.  Mean-squared error (MSE) was used to 

evaluate methods for regularizing the inverse image reconstruction problem. In computer 

simulation study, it was observed that the bias error dominates at high regularization 

parameter values while variance dominates as the algorithm is allowed to approach the 

optimal solution.  This optimum does not necessarily correspond to the minimum projection 

error solution, but typically requires further iteration with a decreasing regularization 

parameter to reach the lowest image error.  Increasing measurement noise causes a need to 

constrain the minimum regularization parameter to higher values in order to achieve a 

minimum in the overall image MSE. In phantom studies, the results show that imaging 

performance is not limited by random measurement error, but rather by calibration issues. 

The image error over the entire field of view is generally not minimized when an accurate 

homogeneous estimate of the phantom properties is available; however, local image error 

over a target region of interest (ROI) is reduced. The image reconstruction process which 
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includes a Levenberg–Marquardt style regularization provides good minimization of the 

objective function, yet its reduction is not always correlated with an overall image error 

decrease. Minimization of the bias in an ROI which contains localized changes in the optical 

properties can be achieved through five to nine iterations of the algorithm. Pre-calibration of 

the algorithm through statistical evaluation of phantom studies may provide a better measure 

of the image accuracy than that implied by minimization of the standard objective function. 

The contrast-to-noise ratio (CNR) was then used to determine the detectability of objects 

within reconstructed images from diffuse near-infrared tomography. Three methods of 

calculate the CNR were present and compared.  This study was performed on both 

computer simulated images and phantom study images.  It was concluded that there was a 

maximal value of CNR near the location of an object within the image and that the size of the 

true region could be estimated from the CNR. Experimental and simulation studies led to the 

conclusion that objects can be automatically detected with CNR analysis and that our current 

system has a spatial resolution limit near 4 mm and a contrast resolution limit near 1.4.  

Two approaches were tested to find the location and size of the object based on maximal 

CNR, including a random node-by-node matching process and a new 2-D linear convolution 

method. Although the results from these two methods are similar, the convolution method is 

faster than the node-by-node matching process 

At last, Receiver operating characteristic (ROC) analysis based observer performance 

studies on NIR tomography imaging system, a widely used methodology to address the 

clinical efficacy of medical imaging systems, were performed and interpreted. Parametric and 
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nonparametric approaches have been applied for estimating the ROC curve.  Two 

MATLAB GUI based programs were developed for this study. One was used as the observer 

image reading test program and the other one was used for the ROC/LROC curve analysis 

tasks performed in this thesis. Binormal model based categorical and continuous data 

ROC/LROC fitting methods were embedded in this software platform.  Parametric and 

nonparametric approaches have been applied for estimating the ROC curves. Computational 

CNR and human observers are then compared in the capability to accurately localize the 

heterogeneity under high heterogeneity contrast level and the results are discussed thereafter. 

The performance study results indicate that effects of iteration and algorithm performance 

significantly alter detectability of objects in NIR tomography images. 
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APPENDIX 

 
 

 
Statistics and Probability Theory and Terms 
 

"It has become accepted in today's world that in order to learn about something, you 

must first collect data..." [1]. Probability theory and statistics are the practice (science) of 

data analysis summarizing data and drawing inferences about the larger population from 

which it was drawn. They involve not only collecting, presenting and characterizing data, but 

also estimation and hypothesis testing. This chapter is dedicated to form the probability and 

statistics foundation of the thesis. The statistics terms, formulas and theories used in the 

thesis are reviewed in the following sections. 

 

A.1 Fundamental Concepts of Probability 

A.1.1 Random Experiments 

Probability theory is based on the paradigm of a random experiment; that is, an 

experiment whose outcome cannot be predicted with certainty, before the experiment is run. 

We usually assume that the experiment can be repeated indefinitely under essentially the 

same conditions. Probability theory is concerned with the long-term behavior as the 
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experiment is replicated. Naturally, a complete definition of a random experiment requires a 

careful definition of precisely what information about the experiment is being recorded, that 

is, a careful definition of what constitutes an outcome. 

 

A.1.2 Sets, Sample Space and Events 

A set is simply a collection of objects; the objects are referred to as elements of the set. The 

statement that s is an element of set S is written s ∈ S. If A and B are sets then A is a subset 

of B if every element of A is also an element of B:  

A ⊆ B if and only if s ∈ A implies s ∈ B. 

By definition, a set is completely determined by its elements. Thus sets A and B are 

equal if they have the same elements: 

A = B if and only if A ⊆ B and B ⊆ A. 

By contrast, the empty set, denoted as Ø, is the set with no elements. 

The sample space of a random experiment is a set S that includes all possible outcomes 

of the experiment. For simple experiments, the sample space may be precisely the set of 

possible outcomes. For complex experiments, the sample space is a mathematically 

convenient set that includes the possible outcomes and perhaps other elements as well.  

Certain subsets of the sample space of an experiment are referred to as events. Thus, an 

event is a set of outcomes of the experiment. Each time the experiment is run, a given event 

A either occurs, if the outcome of the experiment is an element of A, or does not occur, if the 

outcome of the experiment is not an element of A. Intuitively, statisticians usually think of an 

event as a meaningful statement about the experiment. The sample space S itself is an event 
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and by definition it always occurs. On the other hand, the empty set Ø is also an event and by 

definition it never occurs. More generally, if A and B are events in the experiment and A is a 

subset of B, then the occurrence of A implies the occurrence of B. 

 

A.1.3 Axioms of Probability 

The probability of an event A in the sample space is by definition a number P(A) that 

satisfies the following three axioms [2]:  

1. P(A) is a nonnegative number; that is,  

P(A) ≥ 0                           (A-1) 

2. The probability of the event S (i.e., the certain event) is unity: 

P(S) = 1                           (A-2) 

3. If two events A and B have no common outcomes (such events are said to be disjoint 

or mutually exclusive), the probability of the event {A or B} is the sum of their 

probabilities: 

P(A or B) = P(A) + P(B)                  (A-3) 

 

A.1.4 Conditional Probability 

Suppose that we have a random experiment within sample space S, and probability measure 

P. Suppose also that we know that an event B has occurred. In particular, if A is another 

event then A occurs if and only if A and B occur; effectively, the sample space has been 

reduced to B. Thus, the probability of A, given that we know B has occurred, should be 

proportional to P (A ∩ B). However, conditional probability, given that B has occurred, 
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should still be a probability measure, that is, it must satisfy the axioms of probability. This 

forces the proportionality constant to be 1/P(B). Thus, we are led to the following definition 

of conditional probability: 

Let A and B be events in a random experiment with P(A) > 0 and P(B) > 0. The conditional 

probability of A given B is defined to be 

)(
)()|(

BP
BAPBAP I

=                      (A-4) 

and the conditional probability of B given A is defined to be 

)(
)()|(

AP
BAPABP I

=                      (A-5) 

Apparently, by solving both (A-4) and (A-5) we also have: 

)()|()()|()( APABPBPBAPBAP ==I             (A-6) 

 

A.2 Probability Distributions 

A.2.1 Random Variable 

A random variable is a function that assigns a real number to each outcome of a chance 

experiment which defined in A.1.1. Random variables can be discrete, continuous, or mixed. 

A random variable is a function whose definition is the sample space of a chance experiment 

and whose range of values is the real line. If X is a random variable, any function of X is also 

random variable. A discrete random variable can be described by its probability mass 

distribution as: P (X = xi), i = 1, 2, 3, .., is plotted versus xi, where X is the random variable 

and the xi is the value it takes on with probabilities P (X = xi). Cumulative probability 
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distribution function (cdf) and its probability density function (pdf) are two other possible 

descriptions of a random variable, which are usually used to describe continuous random 

variables. 

A.2.2 Cumulative Probability Distribution Function (cdf) 

For a random variable X, the cumulative probability distribution function (cdf) Fx(x) is 

defined as 

FX(x) = P(X≤ x)             (A-7) 

Which means, the cdf is the probability that random variable X is less than or equal to the 

running value x. This description works for discrete, continuous, or mixed random variable. 

 Properties of cdf: 

a) 0 ≤ FX(x0) ≤ 1, for all x0 

b) Monotonically non-decreasing function 

c) The probability that the random variable lies in a given range is  

P (x1 < X ≤ x2 ) = FX(x2) - FX(x1)  

A.2.3 Probability Density Function (pdf) 

The pdf fX(x) of a continuous random variable is defined as  

dx
xF

xf X
X

)(
)( =                        (A-8) 

Properties of pdf: 

a) Nonnegative everywhere 

b) The area under the pdf curve is 1 

c) Its integral is cdf, i.e. ∫ ∞−
= 2 )()(

x

XX duufxF  
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