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Abstract 
Coherent scatter spectral imaging has been demonstrated as an effective way to 

classify healthy and malignant breast tissues. Previously in our group, data acquired 

using sectioned, lumpectomy specimens obtained from surgical pathology have been 

used to demonstrate the efficacy of this imaging method. Although effective in its 

current state, the system has not been optimized for use with these types of specimens 

(i.e. tissue types and thicknesses). Specimens obtained from lumpectomies often vary in 

thickness (up to 3 mm). The current X-ray tube operating parameters have been 

considered excessive for these tissues based on heating of the tube’s anode and the 

unnecessary, high quality of resulting spectra. The purpose of this work was to optimize 

our spectral imaging system to maintain accurate and consistent results of sectioned 

lumpectomy specimens while simultaneously maximizing system throughput by 

reducing the power requirements of the imaging system. 

Teflon, adipose breast tissue, and malignant breast tissue were scanned using 

different combinations of X-ray source parameters (70-125 kVp, 25-500 mAs) to obtain a 

coherent-scatter diffraction spectrum for each measurement. Cross correlation was 

performed on the measured spectra to compare their quality against known, ground 

truth spectra from literature. In addition, a classification algorithm was developed to 

classify our measured spectra as one of four tissue types (adipose, normal, 



 

 

v 

fibroglandular, and cancer). The locations of the spectral peaks were used to distinguish 

cancer from adipose and normal (50/50 fibroglandular/adipose) tissue, followed by a 

weighted cross correlation method used to distinguish cancer from fibroglandular 

tissue. Classification performance was assessed across all acquisition protocols to 

evaluate accuracy. 

The optimal setting was identified as the minimal power supplied to the X-ray 

tube that resulted in the highest correlation to the ground truth spectra. The optimal 

setting was identified at 115 kVp, 100 mAs when using the raw spectra and 95 kVp, 50 

mAs after processing the spectra. These settings result in an increase in system efficiency 

of at least 400% (at 115kVp, 100 mAs) compared to our current system operating 

protocol. Finally, the optimized system was tested using a new, unknown tumor 

specimen obtained from a preserved lumpectomy section. 

This study successfully demonstrates the optimization of a new coherent scatter 

spectral imaging system based on classification using cross correlation and a weighted 

cross correlation method. The efficiency improvement obtained through the work allows 

for higher system throughput, thereby allowing enhanced data collection with shorter 

scans or scanning the specimens at higher resolutions. 
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1. Introduction  
Coded aperture coherent scatter spectral imaging (CACSSI) is a novel imaging 

modality that has potential to change the way cancer is diagnosed in patients. The 

system not only offers the ability to see internally into an object using X-rays, but also 

provides information on the molecular structure of the internal materials. This section 

will cover the background, physics, and clinical potential of this imaging modality, as 

well as the motivation for this study. 

1.1 Background 

CACSSI has its origins in homeland security where it was initially developed to 

detect dangerous materials concealed within luggage at airports [1]. Conventional X-ray 

technology would yield a transmission image of the items present within the luggage, 

but this image could not identify the composition of those concealed items. CACSSI 

provided a means of identifying the materials within the luggage using information 

gathered from the scattered X-rays, resulting from the photons’ interaction with the 

concealed items. The exact composition of the items present could be identified based on 

distinct scatter signatures when scanned within a CACSSI system and allowed for 

accurate identification of dangerous materials and/or chemicals.  

The ability to identify the composition of items concealed within a larger volume 

has obvious applications in the world of medical imaging, and more specifically the 

identification of malignant tissues. Breast cancer has been the disease of interest for our 
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group to date for multiple reasons, but this is by no means the only application that has 

been envisioned for the system.   

Besides skin cancer, breast cancer is the number one diagnosed cancer in women 

[2]. It is estimated that 1 in 8 women will be diagnosed with breast cancer at some point 

in their lifetime and 1 in 36 women will die from it [3]. An estimated 40,610 women in 

the USA will die as a result of breast cancer in 2017 [2]. From these four statistics, it is 

easy to argue the need of a system that has the potential to reduce this mortality rate. 

Early detection resulting from greater awareness and annual mammography screening 

has reduced the mortality rate in the past [2], but technological improvements to further 

reduce the mortality rate of breast cancer are needed.  

The drawback to mammography is that its diagnostic power is drawn solely 

from the linear attenuation coefficients of the tissues found in the breast. There is little 

contrast between these coefficients, leading to difficulty distinguishing between dense 

fibrous tissues and dense cancerous tumors. Much of the diagnostic power is left up to 

the eye of the radiologist to determine the likelihood of cancer being present. A CACSSI 

system provides a valuable tool to distinguish between cancer and normal breast tissues 

because this system identifies cancer based on key molecular signature of malignancy. 

CACSSI uses coherently scattered X-ray radiation to determine the tissue type. This type 

of system could be used in conjunction with mammography and has the potential to 

greatly improve the accuracy of breast cancer diagnosis.  It has been found that CACSSI 
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provides a higher signal to noise ratio (SNR) than transmission X-rays when 

distinguishing between biological tissue types [4]. These facts provide a strong 

argument to pursue CACSSI’s implementation in clinical applications.  

1.2 Theory 

Conventional, transmission imaging technologies are solely concerned with the 

primary photons that undergo no interaction within the volume and pass through the 

patient or material of interest undisturbed; technologies such as digital radiography, 

computed tomography, and mammography are all based on this concept. CACSSI is a 

novel imaging modality that concerns itself with the photons that do interact with the 

material and are coherently scattered. This phenomenon is better known as Thomson 

scattering and is the principle behind any X-ray diffraction experiment.  

Thomson scattering dominates at the lower diagnostic energy range (< 60 kV) 

and generally has a small angle of scatter (< 10 degrees) [5]. The scattering angle that is 

imposed on the photon is determined by the interatomic or intermolecular spacing of 

the scattering material’s lattice structure. The incoming energy of the photon along with 

the scattering angle are used to determine the quantity momentum transfer, q, expressed 

in inverse angstroms throughout this work. The following equation, known as Bragg’s 

Law, governs our experiment,  

𝑛𝜆 = 2𝑑 𝑠𝑖𝑛 !
!

     (1), 
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where n is the diffraction order (1 in our case), 𝜆 is the wavelength of the photon, d is the 

material lattice (or intermolecular) spacing, and 𝜃 is the angle at which the photon 

scatters [6]. Since energy is conserved, the only change seen by the photon is a transfer in 

momentum. This transfer is represented by,  

𝑞 = !
!
𝑠𝑖𝑛 !

!
     (2), 

where q is the quantity momentum transfer and 𝜆 and 𝜃 are the same as in equation 1. 

The wavelength of each photon is defined as, 

𝜆 = !!
!

     (3), 

where h is Plank’s constant, c is the speed of light, and E is the energy of the photon. 

Combining equations 1 and 2 yields, 

𝑞 = !

!! !"# !
!

𝑠𝑖𝑛 !
!
= !

!!
     (4), 

where d is the same quantity as in equation 1 [1]. This equation demonstrates that 

momentum transfer is dependent on the lattice spacing (or intermolecular spacing) of 

the scattering material. 

Momentum transfer, plotted against photon intensity, yields what is referred to 

as a form factor. Figure 1 below is an example of the form factor of water.  
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Figure 1: Form factor of water 

The distinct form factors of different materials provide a means of classifying materials 

based solely on their form factor. 

 One important relationship to understand is the relation between energy and 

theta for a given momentum transfer (lattice spacing). For a polychromatic source of X-

rays (as we have in this study), theta will vary with energy to maintain a given 

momentum transfer. The relationship is basic but essential; as energy increases theta 

decreases and vice versa. An easy way to understand this principle is to consider 

yourself bumping into another person and that person pushing you to the side. If you 

are walking slowly (low energy), you and the other person will collide and their push 

will send you sideways (large angle of scatter). If you are running (high energy) at this 

same person, they would push you, but your forward momentum would help maintain 
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your forward direction (small angle of scatter). This is a simplification for illustration 

purposes, but demonstrates the relationship between energy and scattering angle.  

1.3 Intermolecular Spacing  

As illustrated in equation 3, the intermolecular spacing of the sample of interest 

is the primary identifier of the sample as far as is concerned by our system. Based on this 

spacing, the incident radiation scatters at specific angles, projecting a distinct scatter 

pattern onto the detectors. For a material of well-defined, crystal structure (i.e. simple 

cubic crystal structure) the form factor would be represented by a few peaks, each peak 

would correspond to a different spacing between planes of atoms within the crystal. 

Unfortunately, amorphous materials, such as biological tissues, do not have this well-

defined crystal structure and therefore do not have as well defined momentum transfer 

peaks. 

There are two primary bonds present in molecular structures: bonds that bind 

atoms together within a molecule (chemical bonds) and forces that bind molecules 

together (van der Waals forces) [7]. These two forces of attraction and repulsion 

determine the molecular spacing within a tissue that in turn determines the form factor. 

Since tissues are amorphous materials, the distances between molecules are subject to 

change. This variation in intermolecular spacing creates the broad, spread-out peaks in 

the form factors of many tissues [8]. 



 

 7 

1.4 Tissues of Interest  

To date our group has been primarily focused on breast cancer for a number of 

reasons. As discussed above, the clinical situation necessitates a technique to improve 

diagnostic accuracy, but also, the small differences in the linear attenuation coefficients 

of the tissues within the breast provide CACSSI an opportune location to test its 

advantages. The three primary tissues that compose the breast include adipose, 

fibroglandular, and normal (50% adipose / 50% fibroglandular). In our work, we are 

concerned with the presence of cancer and therefore oftentimes have malignant tissue 

present within the sectioned, lumpectomy specimens provided by surgical pathology.   

Reference form factors for the four tissues of interest were obtained from a 

previous study by Kidane et al. [5]. In this study, an energy dispersive X-ray diffraction 

(EDXRD) technique was used to acquire the diffraction spectrum from 100 different 

breast tissue samples. The group established that differentiation of breast tissues was 

possible based on differences in form factors of breast tissues. Figure 2 is a depiction of 

the normalized form factors of adipose, normal, fibroglandular, and cancer as 

determined by Kidane et al. [5]. 
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Figure 2: Reference form factors of the four breast tissues of interest 

These spectra represent our ground truth reference spectra and are the 

comparisons we use to classify the tissues that come through our lab. It is important to 

notice the similarities and differences between cancer and fibroglandular tissues as well 

as normal and adipose tissues. The similar shapes and peak locations of these spectra 

often make it difficult to distinguish between the two tissues present in each set. It is one 

of the goals of this study to accurately differentiate between the tissue types based on 

features that are different between the spectra. 

1.5 Clinical Practice 

For many women diagnosed with breast cancer, surgery is oftentimes a 

recommended course of action to remove the tumor. Surgery can be performed via a 

lumpectomy (a breast-conserving surgery where the tumor plus a margin of healthy 

tissue is removed) or a mastectomy (all of the breast tissue is removed). Due to the 
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aggressiveness and extensive nature of a mastectomy, many women opt for the breast 

conserving surgery (lumpectomy). In a study of 1.2 million women diagnosed with 

early-stage breast cancer, it was found that 64.5% opted for a lumpectomy as opposed to 

35.5% for a mastectomy [9].  

During a lumpectomy procedure, it is left up to the discretion of the surgeon to 

decide upon the appropriate amount of tissue to remove so that a healthy tissue margin 

around the tumor mass is achieved. The dilemma with this decision is that if the surgeon 

removes too little tissue, and it is later confirmed through histology that the tumor does 

not have a sufficient margin of healthy tissue around it, then the surgeon must call the 

patient back and perform another surgery to remove the remaining malignant tissue. To 

avoid this, the surgeon will inevitably end up removing more tissue than is required so 

that he or she is confident that all of the malignant tissue has been removed from the 

patient’s breast. This approach has consequences for the patient such as pain during 

recovering as the larger cavity heals and disfigurement of the breast. As a result, it is one 

of the end goals of this system to avoid excessive tissue removal.  

In the future, we envision CACSSI to be used in the surgical suite to verify the 

requirements of a healthy tissue margin around the tumor, and also as a supplement to 

mammography to determine the tissues present in dense regions of the breast. In the 

intraoperative setting, the surgeon would remove the tumor plus a small margin of 

normal tissue and then place the entirety into a CACSSI system to determine if more 
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tissue need be removed, and if so, where. This technique would greatly improve the 

effectiveness of the surgery and be of greater benefit to the patient because less tissue 

would be removed.  As a supplement to mammography, CACSSI would prevent the 

need for an invasive biopsy by providing a non-invasive diagnosis using scattered X-

rays.  

This study provides an important step towards achieving the long-term clinical 

goals detailed above. Optimization of the current system provides a much larger dataset 

of breast tissue form factors and the ability to scan the specimens at higher resolutions. 

The form factors will provide a basis for constructing an accurate predictive model that 

will eventually diagnose breast cancer in patients, whereas the increase in resolution 

provides a detailed mapping of the healthy tissue margins around the tumor. 

1.6 X-ray Tube Heating  

A standard Varian X-ray tube that is used in many clinical settings produces the 

X-rays for our experiment. The issue, and primary limitation to optimization, is that the 

conditions under which we operate our tube are much different than its intended 

design, i.e. a 1mm x 1mm pencil beam at 125 kVp and 500mAs. Since we receive our 

samples directly from surgical pathology we have a short timeframe in which we are 

allowed to keep the samples, around 30 minutes. This time limit restricts the number of 

scans we can perform on the sample because of the need to let the tube cool down 

between repeated scans. In the 30-minute time window our group usually is able to 
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perform roughly 15 different spot scans of the sample before the tube heats to a 

threshold that has been established as our safe maximum. It is the goal of this study to 

reduce the X-ray tube operating power so as to reduce the heating of the anode and thus 

increase the throughput of the system. 

 

2. Methods and Materials 
The following chapter covers the details of the CACSSI system used in this work 

and the methods followed to optimize the system. 

2.1 Experimental Setup - Hardware 

 

Figure 3: CACSSI experimental setup 

Figure 3 shows the experimental setup of the CACSSI system. 1) Varian X-ray Tube, 2) 

Ralco Collimator, 3) Secondary Collimation (Lead), 4) Object Stand, 5) Primary Beam 

Block (Lead and Brass), 6) Coded Aperture, 7) Multix Energy Discriminating Detectors, 

8) Varian Transmission Detector. The system setup is specifically designed to collect 

scattered photons while minimizing primary photon beam incidence on the energy 
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discriminating detectors. The following sections will describe each component in more 

detail.  

2.1.1 X-ray Source 

A Varian G-1593TRI X-ray tube produces the photons used in this study. This 

tube is used in many other imaging procedures such as radiography, cineradiography, 

and digital and film screen angiography [10]. The tube anode is a 12-degree, tungsten-

rhenium anode that has a maximum heat capacity of 1.5 MHU (mega heat units) with 

focal spot size of 0.8 mm [10]. It is worth noting that 1 HU (heat unit) is approximately 

equal to 0.7 Joules [11], as this is the metric by which we gauge the system temperature. 

It has become standard to include the HU readout on the control panel of imaging 

systems, but this metric is more of an estimate of the actual system heat [11], because it is 

calculated by the power supplied to the X-ray tube and not a physical measurement. 

Since this metric is an estimate of the actual heating of the anode, the system is operated 

below 55% of the maximum heat capacity for safety as well as to ensure a high, 

consistent X-ray flux. 

The following two figures show two important characteristics of this tube in 

regards to this work: one, the energy spectrum produced by the tube and two, the 

heating and cooling curves for this tube. 
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Figure 4: Energy spectrum for Varian G-1593TRI X-ray tube operated at 125 kVp 

 

 

Figure 5: Heat and cooling curve for Varian G-1593TRI X-ray tube 
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Figure 4 shows the polychromatic, Bremsstrahlung spectrum emitted from the X-

ray tube [12]. Ideally, a monochromatic beam of photons would be preferred because it 

would simplify any uncertainty as to whether or not the photon underwent Thomson 

scatter or Compton scatter during interaction within the volume of interest. Since the 

detectors are sensitive to energy, if the beam was monochromatic, it could be concluded 

whether the photon underwent Compton scattering if the energy of the detected photon 

was less than the energy of the monochromatic beam. Unfortunately, with the 

Bremsstrahlung beam, it is impossible to know the energy of each individual photon 

exiting the tube. This inherently adds a certain amount of noise to the spectra because 

Compton scattered photons striking the detector are counted in the same manner as 

coherently scattered photons.  

Figure 5 shows the heating of the tungsten-rhenium anode according to different 

amounts of power supplied to the cathode [10]. To date, our group has used a 

combination of 125 kVp (peak kilovoltage) and 500 mAs (milliamp seconds) to acquire 

the scatter signals. This kVp-mAs combination yields 6,250 watts of power applied to 

the cathode, which is not represented in the graph because these setting are rarely, if 

ever, used in a clinical setting. Inferring from the data available, it is within reason that 

the anode would reach maximum heat capacity within 2-3 minutes if operated at this 

power setting. Experience using the tube has verified this estimate. Each scan performed 

with the current settings would result in an increase of HU by approximately 6%. If 



 

 15 

performed consecutively without pause, 15 scans would require 150 seconds and 

increase the HU readout to about 90%. This excessive heating of the X-ray tube can cause 

the anode to melt, tube components to malfunction, and result in an unstable photon 

flux, all of which would impact the resulting diffraction spectra.     

2.1.2 Collimation 

Collimation of the photon beam is paramount to ensure that the beam is incident 

on the sample at a small, fixed position. The path of the beam through the sample 

determines the point (or line) of origin of scatter, and using a small beam size helps 

isolate the point (or line) to a smaller region. Hence, a narrow collimated beam results in 

higher resolution in the system. In the system’s current state, the x-ray field is collimated 

down to an approximate 1mm x 1mm pencil beam. This is achieved by using two sets of 

collimators. A multi-leaf collimator (Ralco, Italy) serves to provide the initial, coarse 

collimation of the beam, and four lead sheets after the Ralco collimator provide the 

second, fine collimation of the beam that shape the beam to its desired dimensions. 

It is important to ensure that Compton scatter is minimized during collimation. 

This is performed by the last lead sheet, which has a circular opening slightly larger than 

the beam size. This geometry blocks any photons that have been Compton scattered off 

the edges of any collimators in the imaging system without significantly affecting the 

primary beam or generating additional scatter.   
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2.1.3 Object Placement  

An automated object mount is used to position the tissue samples at a user-

defined position between the X-ray tube and detector. The object placement is critical to 

this study because the distance between the object and detector is used to determine 

theta. Theta ultimately leads to the momentum transfer value. Normally, a coded 

aperture (discussed in 2.1.5) would provide the position of the scattering object, but for 

this set of experiments, since we are using thin specimens, the coded aperture provided 

no additional information and the object to detector distance could be used to determine 

theta. Therefore, it was important that this distance be well defined and consistent so 

that the scattering angles, as viewed by the detector elements, remained consistent. This 

was accomplished using two support stands that the vacuum-sealed specimens would 

be placed between.  

In addition, the object mount provides a means to raster scan the object. Two 

translation stages (Velmex Bi-slide, Velmex, USA) provide translation in the x and y 

directions (for reference, z is along the beam path). The sample can be raster scanned at 

precise intervals using these translation stages and then returned to its start position or a 

previous position so that a scan can be repeated if necessary.  

2.1.4 Beam Block 

The beam block is another important feature of the system because it prevents 

saturation of the energy discriminating detectors. The purpose of this feature is to block 
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the primary beam of photons from striking the scatter detectors. The beam block 

comprises two lead plates in addition to a brass plate. This combination of materials is 

used to absorb any primary photons and additionally any particles resulting from the 

photons interacting with the lead. The step nature of the two lead plates as seen in 

Figure 6 is designed to capture any photons that are scattered off the edge of the first 

lead block. This design must be arranged carefully so that it blocks the entirety of the 

primary beam without blocking the small angle scatter signature coming from the 

volume of interest.  

2.1.5 Coded Aperture 

 The coded aperture is arguably the most important feature of the CACSSI system 

(although it was not critical in this specific optimization work). The coded aperture 

provides the system a means of acquiring spatial information along the beam path 

through the object of interest using a forward model reconstruction method. Currently 

our system includes a one-dimensional coded aperture as seen in Figure 6 below.  
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Figure 6: 1D Coded aperture (above), lead and brass primary beam block (below) 

This aperture provides spatial resolution along the beam path (z-axis). The 

aperture is simple in design, only consisting of vertical slits that allow photons to pass 

through. Depending on the sample’s distance from the aperture, the aperture projects a 

different pattern onto the Multix detectors beyond it. By using a forward model 

reconstruction method, the sample’s form factor can be reconstructed at any voxel along 

the beam path. If a sample consists of multiple materials spanning several voxels, the 

system can reconstruct the form factor at any given voxel. Figure 7 is a simple 

visualization of how a 1D coded aperture provides this spatial information.  
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Figure 7: Visualization of a 1-D coded aperture  

The blue and orange circles represent the same material, just shifted along the 

beam path (z-axis). The 1D coded aperture projects a different pattern onto the detectors 

although the materials would have the same form factor. The scattering angles 

(dependent on the form factor) for both positions of the material are the same. Because 

the orange circle is closer to the detector, the scattered photon in Figure 7 does not strike 

the same location on the detector as the scattered photon originating from the blue 

circle. In addition, the pattern of the aperture attenuates certain scattering angles 

therefore the total number of photons reaching the detector from the blue and orange 

circle are different. A forward model reconstruction is able to reconstruct the form 

factors based on these different patterns by calculating the intensity distribution of the 

scatter photons and comparing these distributions to a library of known form factors. 

The model calculates the likelihood of a certain scatter distribution originating from a 
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certain position on the beam path based on the physics, system geometry, and projected 

scatter pattern resulting from the aperture.  

This technique can, and has, been expanded to 3D by using a two-dimensional 

coded aperture. The aperture consists of a random 2D array of preferentially attenuating 

tungsten powdered squares secured in a resin [12]. This aperture provides spatial 

information in all three dimensions and allows for the use of a fan beam or cone beam 

geometry as opposed to the current pencil beam geometry. The random nature of the 

aperture means that scatter from any location within the sample (x, y, and z directions) 

will project a different pattern onto the detector in a similar manner to the 1D aperture. 

Due to the thicknesses of the specimens used in this study, the forward model 

reconstruction method was not necessary and a simpler method was employed that will 

be discussed in 2.2.1. Even so, the coded aperture and forward model reconstruction 

method mark two critical aspects of our system that will be very important to future 

work done by our group.    

2.1.6 Scatter Detection 

Detection of the scattered photons is made possible by two energy-

discriminating detectors (Multix, France) consisting of a linear array of 128 pixels each, 

for a total of 256 detector elements. The detector elements are cadmium telluride 

semiconductor crystals that operate at room temperature, have an energy resolution of 6 
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kV, and an active area of 0.78 mm x 1.00 mm each [12, 13]. The pixel pitch of these 

detectors is 800 µm (micrometers) and the width of each detector is 10 cm [14]. The 

primary beam is aligned to the center of the two detectors so that each detector element, 

moving radially from the center, corresponds to an angle of potential scatter, i.e. detector 

element 128 and 129 would see the same angle of scatter dependent on the point-of-

origin of scatter.  

It is important to note that this linear array of detector elements is limited in its 

detection efficiency. Thomson scatter results in a cone of scatter, therefore much of the 

signal is lost by photons scattering away from the linear array of detector elements. To 

help acquire the most signal possible the active array of the detectors is placed at the 

edge of the cone of scatter so that more detector elements are tangent to the edge of the 

scatter cone. Multiple linear arrays would greatly improve the efficiency of signal 

acquisition.   

 The location of the detectors relative to the sample, i.e. object to detector distance, 

is important because it determines the angle of scatter seen by the detectors. A distance 

appropriate for tissue scatter angles was chosen to increase the effectiveness of the 

system in distinguishing between the different momentum transfer values of the tissues 

of interest. If the detectors are close to the source of scatter, the range of scattering angles 

as seen by each detector element is large and results in large uncertainty in q. If the 

detectors are far away from the source of scatter, the range of scattering angles as seen 
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by each detector element is small, but photon intensity will falloff according to the 

inverse square law. Therefore, this position is optimized so that the range of scattering 

angles incident on each detector element is minimized, while maximizing photon flux at 

each detector element. 

Additionally, the detectors allowed binning of the photons by energy. The 

software was set to bin the energies into 64 energy bins (2.2 kV each) with an integration 

time of 100 ms.   

2.2 Raw Data Reconstruction  

2.2.1 Software 

 The other half of the system involves the software that ultimately yields the final 

spectrum. The Multix energy-discriminating detectors collect data via a program 

included from the manufacturer. This program allows specification of the number of 

energy bins, integration time, and lines of acquisition (the number of integrations). In 

addition, the program provides some basic diagnostic information about the status of 

the detectors. This piece of software collects the raw data and creates a .bin (binary) file 

that specifies the number of photons counted at each detector element and their 

respective energy bin for each line of acquisition.   

 By using energy sensitive detectors at fixed positions as well as a polychromatic 

source of X-rays, CACSSI is effectively combining two common X-ray diffraction 

methods: angle-dispersive X-ray diffraction (ADXRD) where energy is fixed and the 
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scatter angle (theta) is varied; and energy-dispersive X-ray diffraction (EDXRD) where 

theta is fixed and energy is varied [13]. Since the .bin file contains not only the pixel 

position (theta) but also the energy bin of the detected photon, we are able to accurately 

reconstruct the form factor of the sample according to these two methods.  

 An algorithm developed in MATLAB is used to reconstruct the raw data from 

the original .bin file into the final spectrum using equation 2.   The algorithm only uses 

the energy bins where Thomson scattering is more likely than Compton, approximately 

30 to 60 kV, corresponding to energy bins 5-20. The two unknowns needed to 

reconstruct the object’s form factor were energy and scattering angle. The energy-

discriminating detectors provided the energy of the detected photons according to the 

energy bins. The angle of scatter was determined from the distance of each detector 

element from the center of the detector array (call it r) and the object to detector distance 

(call it d). Taking the inverse tangent of r over d yields theta for that detector element. 

For this method to be used, it was critical that the specimen was placed in a known, 

consistent location so that theta remained consistent. The MATLAB algorithm would 

then calculate the form factor according to each energy bin across all detector elements, 

resulting in 16 form factors, each sampled at different q values because each form factor 

was calculated using a different energy bin. To obtain the final spectrum, each of the 16 

form factors were interpolated to the same q values and then averaged.  
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2.2.2 System Output 

 It is beneficial to see the ways in which the MATLAB program displays the raw 

data. Figure 8 below shows the number of photons detected at each pixel location 

according to each 100 ms (millisecond) acquisition. Figure 9 shows the energy bin to 

which each photon was assigned.  

 

Figure 8: Multix detectors raw data collection according to each line of acquisition 
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Figure 9: Multix detectors raw data collection according to each energy bin 

 Figure 9 shows a peak forming between pixel position 128 and 129. This location 

represents the point where the two energy-discriminating detectors meet and where the 

primary beam would strike if not for the beam block. Detector 1 has pixel values ranging 

from 1 to 128 while detector 2 has pixel values ranging from 129 to 256. From this figure 

it is evident that lower energy photons have larger angles of scatter (distance from the 

center of the detector array to the pixel element) and larger energy photons have smaller 

angles of scatter. Additionally, it can be seen that there are areas of higher intensity. 

These areas correspond to the form factor of the material being scanned. According to 

the pixel position (theta) and energy bin (energy), the momentum transfer can be 

calculated from equation 2. This material is Teflon and is used as a quality assurance 

check before any scans to verify that the system is functioning properly. Figure 10 is the 

form factor that the MATLAB program displays. The peaks in Figure 10 result from the 
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energy-theta relationship seen in Figure 9. The reference spectrum was acquired from an 

X-ray diffractometer measurement that was then convolved with a function that 

simulated its theoretical appearance in our CACSSI system. 

 

Figure 10: Form factor of Teflon measured using our system 

Figure 9 provides a great visualization of coherent scatter, but this display would 

also show any signs of significant Compton scattering. Since the coherent scatter follows 

a distinct peak pattern on the plot, anything else has a strong likelihood of being 

Compton scatter.   

2.2.3 System Validation 

 Due to the Multix detectors’ sensitivity to internal temperature and stabilization 

time, it was important that we implement a simple validation procedure to verify the 

detectors’ performance before any clinical tissue samples were scanned. The validation 

procedure consisted of four tests: a detector acquisition with no radiation (to verify low 

counts), a detector acquisition with radiation but no sample (to check that the 
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background signal was uniform across q), and an acquisition using a calibration 

phantom – Teflon (to visualize an appropriate form factor). Throughout this process 

(and through subsequent acquisitions) the detectors’ temperatures were monitored to 

verify that the detectors were operating within the usual stable temperature range).    

 Another essential task to this work was to calibrate the system so that the 

resulting spectra peaked at the proper q values. Calibration was performed with Teflon 

and verified with adipose tissue because both contained a distinct spectral peak at a 

known location of 0.102 inverse Angstroms. The peaks were initially shifted to lower q 

values. To correct for this shift, the object to detector distance was adjusted in the 

MATLAB algorithm until the Teflon peak matched its positions from literature. This 

adjustment was then verified with several adipose tissues to confirm that their spectral 

peak was shifted to a more appropriate position. This adjustment effectively changed 

the angle of scatter calculated by the program and allowed for the accurate comparison 

of our spectra to spectra from literature.    

2.3 Breast Tissue Samples 

Fresh breast tissue samples were provided directly from surgical pathology after 

removal from the patient, most often following lumpectomy procedures. We also 

possess a collection of preserved breast tissues obtained through prior IRB protocols and 

preserved in formalin (a solution of formaldehyde and water). In this optimization 

study, two permanent adipose specimens were used from a mastectomy procedure and 
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five permanent cancer samples were used from high-risk, lumpectomy procedures for a 

total of 252 measurements.   

2.3.1 Fresh Samples   

Fresh samples are most often provided from lumpectomy procedures in which 

there is a known malignant mass present. The samples are sliced into approximately 1-3 

mm thick sections and then vacuum-sealed in a plastic bag before they are delivered to 

our lab. If the mass is palpable a pathologist assistant will circle it for easy identification. 

We then mark the sample at about 10 to 15 locations, attempting to sample a variety of 

tissues present in the specimen.  

2.3.2 Permanent Samples   

The permanent specimens in our lab consist of both lumpectomies and 

mastectomies. These are specimens that have undergone prior processing by surgical 

pathology and deemed disposable; therefore allowed to be given to our group. These 

samples provide us the opportunity to thoroughly scan human breast tissue in our 

system with no time constraints, thereby allowing us to perform optimization 

experiments using tissue specimens.  

It is important to note that Spencer et al. previously verified that the formalin 

fixation did not have any significant effect on the form factors reported by our system as 

seen in the Figure 11 below [15].  
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Figure 11: Fresh tissue compared to formalin fixed tissue 

2.4 Classification Methods 

A classification method needed to be established to compare the results of our 

CACSSI system to the results of Kidane et al. [5] shown in Figure 2. Kidane et al. [5] used 

an EDXRD approach to obtain the form factors of different breast tissues, but other than 

that the methods were similar to those used by our group. We therefore use these 

signatures as ground truth reference form factors for the CACSSI measurements. This 

comparison was made using two metrics: cross correlation and a weighted cross 

correlation variation described below.  

2.4.1 Cross Correlation  

A cross correlation (CC) metric was chosen as one metric to compare the 

experimental spectra to the reference spectra. The cross correlation of two signals is 

performed via a sliding dot product of one spectrum over the other and is highly 

sensitive to features in the spectra. This method is oftentimes used to determine the lag 
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of one signal relative to another [16]. In this work, it was used to gauge the similarity of 

our spectra to those of Kidane et al. [5].  

The normalized cross correlation equation is shown in Equation 4, 

𝐶𝐶 =  !!!! !!!!!
!

!!!! !!
! !!!! !!

!

     (4) 

Here x would represent the reference spectrum and y would represent our CACSSI 

spectrum. A limitation with this metric is that it normalizes the curves according to their 

individual standard deviations and ignores any differences in absolute intensity 

between the spectra.  

             This CC provides a good indication of the overall quality of the signal and in 

observing the degradation of the signal when photon flux is reduced. Higher CC values 

are necessary to argue that the quality of the spectrum is acceptable for classification. 

The limitation of this metric was that it could not accurately distinguish between cancer 

and fibroglandular tissues, requiring the development of a weighted cross correlation 

variation discussed below. Although this CC metric has its limitations, it provided 

useful insight for optimization of this system.  

2.4.2 Weighted Cross Correlation Variation  

To correct the limitation of the normalized CC, a cross correlation variation was 

developed: 

𝐶𝐶 =  !!!! !!!!!
!

!!!! !!
! !!!! !!

!

     (5) 
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In this variation it is assumed that the two systems (EDXRD and CACSSI) yield the same 

spectra because the methods used in each experiment were similar and therefore would 

produce similar results. If this is the case, their mean values and standard deviations 

should be the same. Following this logic, we are only concerned with how different the 

CACSSI spectrum is from the reference spectrum. In equation 5, x represents the 

reference spectrum and y represents the CACSSI spectrum. At each position along the x-

axis each spectrum is compared to the mean of the Kidane [5] reference. These values are 

multiplied and then summed across all positions along the x-axis. The result is then 

normalized to the standard deviation of both of these comparisons.  

             To emphasize the differences in the peak locations of cancer and fibroglandular 

form factors, the spectra were divided into four windows as seen in Figure 12. The 

second window is most important in distinguishing cancer and fibroglandular tissues. 

CC is very sensitive to the gradients when comparing two spectra. This second window 

serves to exploit this strength of CC by spanning both peaks.   



 

 32 

 

Figure 12: CC variation used to compare cancer and fibroglandular tissues 

 Figure 12 shows the results of the CC variation when comparing the 

fibroglandular reference spectrum to the cancer reference spectrum. This was done to 

identify q-value windows with maximum difference between the two spectra. The CC 

variation is performed independently for each of the four windows seen in Figure 12. 

Because we want to exaggerate the differences in the two spectra, we weight the areas 

with maximum difference (lowest CC variation value) highest. The weighting for each 

window was obtained by taking the reciprocal of the CC variation between the two 

curves in that window and normalizing to the sum of the reciprocals across all four 

windows.  

 This process was also applied to normal and adipose reference spectra to 

emphasize their differences. Figure 13 shows this comparison.  
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Figure 13: CC variation used to compare normal and adipose tissues 

The weighting of these two spectra was somewhat more arbitrary than cancer and 

fibroglandular tissue for two reasons. One was that the primary concern in this study, 

and for the future application of this system, is in distinguishing cancer from healthy 

breast tissues. Two was that the CC variation showed very low correlation in the third 

section meaning that the weighting for that section would be unreasonably high. 

Therefore the above weighting scheme was chosen to emphasize the differences found 

in sections two and three. Table 1 shows the weighting factors for each window when 

comparing normal vs. adipose and fibroglandular vs. cancer.  
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Table 1: Weighting factors for each window 

 

2.4.2 Classification Algorithm 

These weighting methods were then applied to a classification algorithm 

designed to differentiate between all four tissues of concern in this study. The algorithm 

was simple in design and used the weighted CC variation from above. A decision tree 

design was envisioned during implementation. If the peak of the spectrum was less than 

or equal to 0.13 inverse angstroms (the momentum transfer value), then the algorithm 

would classify the tissue as normal or adipose based on the weighting scheme described 

above. If the momentum transfer was greater than 0.13 inverse angstroms, then the 

algorithm would classify the tissue as either cancer or fibroglandular, again based on the 

above weighting scheme. This threshold was chosen because it evenly splits the two sets 

of tissues (adipose/normal peak close to 0.11 inverse Angstroms and 

cancer/fibroglandular peak at approximately 0.16 and 0.15 inverse Angstroms 

respectively). The following figure is a flow chart used to visualize the classification 

algorithm.  

Window	1 Window	2 Window	3 Window	4

Cancer	vs.	Fibroglandular

Normal	vs.	Adipose

0.0350.0350.650.28

0.10.40.40.1
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Figure 14: Classification algorithm flow chart 

In Figure 14, CC1-CC4 represent the result of the cross-correlation variation applied to 

each window of the spectrum. These results are then multiplied by their appropriate 

weighting factors to obtain the final value used to classify between the two tissue types.   

2.5 Optimization Methods 

Optimization of our CACSSI system was performed using three different types 

of samples: Teflon plate, adipose tissues, and malignant tissues. Teflon was used to 

validate the system geometry and acquisition methods; and the two biological samples 

were used to verify that the optimization would indeed work with future breast tissue 

scans. Each of these samples was scanned at different combinations of acquisition 

parameters (70 – 125 kVp, 25 – 500 mAs) to determine signal intensity and classification 

accuracy at different levels of tube power.  
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 Eight total samples were scanned using the range of tube powers: one Teflon 

plate, a 6 mm slice of adipose tissue, a 12 mm section of adipose tissue, and five different 

cancer samples (cancer was the limiting factor of optimization) varying in thicknesses 

from 1.9 – 3 mm. Each sample was scanned across the various tube parameters. Teflon 

(70 - 125 kV, 32 - 500 mAs) and adipose tissue (70 - 125 kV, 25 - 500 mAs) were scanned 

across 42 different system parameters. This range was a bit excessive so the remaining 

samples were scanned using 36 system parameters (75 - 125 kV, 50 - 500 mAs).  

 Once the data were collected, they could be analyzed using the correlations 

described above. The normalized CC metric was used to assess the quality of the 

spectrum at each set of acquisition parameters. In addition, the heating of the system’s 

X-ray tube was noted. Optimization was performed by determining the acquisition 

parameters that led to the highest CC (quality of spectra), while minimizing the power 

supplied to the tube (minimize the heating of the tube and its components). The 

accuracy of this optimal setting could then be assessed using the classification algorithm 

described above and applying it to the spectra obtained at the optimal setting. Once 

verified, this combination of kVp and mAs was determined to be optimal.  

 

3. Results 
The primary goal of this study was to optimize the system parameters, thereby 

maximizing the number of scans that could be performed in the 30-minute timeframe set 
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by surgical pathology. This increase in efficiency would allow for greater data collection 

and more thorough scanning of each sample.  

3.1 X-ray Tube Heating 

The greatest limitation to this efficiency increase was the heating of the tungsten-

rhenium anode. Figure 15 shows the change in HU over a wide range of powers 

supplied to the X-ray tube.  

 

Figure 15: Heating of the system's anode as a function of power supplied to the X-ray 
tube 
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This graph shows the increase in HU as power supplied to the tube is increased. It is 

important to note that the control console displayed the HU as whole numbers; therefore 

there are some inconsistencies in the plot such as the variation in HU at lower powers. 

Even so, the plot displays a consistent trend in tube heating as power is increased. We 

have previously been limited to roughly 15 spot scans per sample, per 30-minute time 

window. The following results demonstrate the optimization of our CACSSI system and 

the resulting improvement in throughput. 

3.2 Classification of Tissues 

 As discussed in section 2.4.2, an accurate classification method was required to 

provide a means of distinguishing cancer from fibroglandular tissue. A weighted CC 

variation proved to be robust in distinguishing between these two types of tissues. This 

CC variation was applied to 176 scans performed in 16 different previously scanned 

tissue specimens at 125 kVp and 500 mAs. The purpose of this task was to estimate the 

accuracy of the classification method over a large sample size and to gain a better 

understanding of its performance when used with our system, as opposed to reference 

spectra. Figure 16 displays the results of these classifications. Figure 17 is an example of 

classification performed on two tissue samples using the classification method from 

Figure 14. 
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Figure 16: Classification results for 16 previously scanned tissue specimens 

 

 

Figure 17: Classification results of previous specimen overlaid on picture 

The left sample includes a black circle provided by surgical pathology indicating 

a region of palpable tumor. This region corresponds to the highest likelihood of cancer. 
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The classification algorithm successfully classifies all scanned points within this circle as 

cancer. Outside of this circle there is another spot identified as cancer. This spot could 

represent subclinical spread of the tumor, but this theory would have to be verified by 

pathology.  

What is definitive from Figure 16 is that locations scanned outside the circled 

region were consistently classified as healthy tissues. A total of 110 out of 112 (98.2%) 

locations scanned outside the circled regions were classified as healthy tissues. Of the 

two locations classified as cancer, one is shown in Figure 17. 

Of the 176 total spot scans, 64 were within circles marked by pathology denoting 

likely cancerous regions (based on palpation of the tissue). Of these 64 locations, the 

algorithm classified 31% as cancer, 22% as fibroglandular, 33% as normal, and 14% as 

adipose. Cancer is oftentimes located around dense fibroglandular regions of the breast; 

therefore it is likely that much of the regions circled by pathology were composed of 

fibrous tissues. In addition, normal tissue is considered to be 50% fibrous tissue, 

therefore it is reasonable that this type of classification would occur within the marked 

regions. Therefore, this distribution of tissues within the marked region would not be 

considered a negative result for the classification method. 

3.3 Optimization 

Optimization was performed using a Teflon slab, healthy adipose tissues, and 

malignant tissues. These samples were scanned using different acquisition protocols (70-
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125 kVp, 25-500 mAs) to obtain a coherent-scatter diffraction spectrum for each 

measurement. The quality of the signal was used to determine the optimal tube 

parameters. 

3.3.1 Teflon 

The normalized, general CC was used to compare the diffraction spectra 

acquired at the current CACSSI settings of 125 kVp and 500 mAs to the spectra acquired 

at 41 lower X-ray tube powers. The purpose of this task was to provide an indication of 

how well the resulting spectra would maintain their shape throughout the various 

protocols. Teflon was used because of its well-defined form factor and because it would 

provide a good baseline of the system performance across the various protocols. Figure 

18 represents the falloff of the correlation going down through the protocols. Note that 

the y-axis ranges from 0.7 to 1. 
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Figure 18: Degradation of Teflon form factor as power supplied to X-ray tube is 
reduced (y-axis range is 0.7-1) 

From the figure it can be seen that at 80 kVp and 32 mAs the minimum CC is 

0.73, still a strong correlation. It is important to note that statistical variation in the data 

is most likely the cause of the spectrum acquired at 70 kVp, 32 mAs correlating higher 

than the spectrum acquired at 80 kVp, 32 mAs. This graph shows that a material of well-

defined intermolecular spacing yields a similar spectrum across all system protocols. 

Figure 19 is a comparison of the best and worst spectra, based on the correlation values. 

One spectrum is not altered in anyway (i.e. not smoothed or filtered) to demonstrate the 

increased amount of noise present in the signal at lower tube powers. The other 

spectrum demonstrates how smoothing the data can filter out some of the noise at the 

expense of increasing the average amplitude of the signal when renormalized.   
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Figure 19: Comparison of Teflon form factors showing noise present at low tube 
power 

3.3.2 Adipose Sample 

An adipose sample of thickness 6 mm was scanned in the system using the same 

methods from above. Figure 20 shows the results of this test. Note that the y-axis ranges 

from 0.75 to 1. 



 

 44 

 

Figure 20: Degradation of healthy tissue form factor as power supplied to X-ray tube 
is reduced (y-axis range is 0.75-1) 

Again the cross correlation remained relatively high throughout all acquisitions. 

This was surprising considering this specimen was a biological sample and not a refined 

synthetic. This sample actually performed better than Teflon. The minimum CC as seen 

in Figure 20 was 0.76, but occurred at 70 kVp and 25 mAs. This result made a strong case 

that power supplied to the X-ray tube could be reduced significantly while maintaining 

spectral quality. Figure 21 is a comparison of the best and worst spectra based on 

correlation values. The noise present within the right-hand plot is expected due to low 

photon flux. The important characteristics of these plots are that the peak locations are 

the same (both occurring at 0.11 inverse Angstroms) and, based on the 0.76 cross 

correlation, the general shape is maintained.  
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Figure 21: Comparison of healthy tissue form factors showing noise present at low 
tube power 

3.3.3 Thick Adipose Sample 

 The effects of a thicker sample (12.6 mm) on the resulting spectra needed to be 

studied to observe any significant consequences of having a thicker sample; i.e., 

increased attenuation of the photon beam and a larger volume for coherent scatter to 

occur in. 
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Figure 22: Degradation of thick healthy tissue form factor as power supplied to X-ray 
tube is reduced (y-axis range is 0.86-1) 

 From Figure 22, the attenuation of the additional thickness does not overshadow 

the increase in coherent scatter signal provided by the extra thickness. The CC ranges 

from 0.86 to 1. This was important to know moving forward. Figure 23 shows the 

comparison of the best and worst spectrum from this scan to highlight system noise at 

lower parameters.  
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Figure 23: Comparison of thick healthy tissue form factors showing noise present at 
low tube power 

The difference between the adipose form factor and thick adipose form factor is 

minimal when scanned in our system. This demonstrates that attenuation at this 

thickness range is of no significant consequence.  

3.3.4 Cancer Specimens 1 – 5 

Cancer was scanned in our system using five permanent specimens obtained 

through an IRB protocol. The samples varied in thickness (1.9 – 3 mm), similar to slice 

thicknesses generally observed in sliced lumpectomy specimens. Figure 24 shows the 

CC of each spectrum acquired at the various system parameters compared to the 

spectrum acquired at 125 kVp, 500 mAs for the first cancer specimen.  
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Figure 24: Degradation of first cancer specimen form factor as power supplied to X-
ray tube is reduced (y-axis range is 0.5-1) 

Unlike the previous samples, cancer shows a larger variation in CC when 

scanned down through the settings. The y-axis ranges from 0.5 to 1 in Figure 24. The 

minimum CC occurs at 85 kVp, 50 mAs with a value of 0.51. This initial scan 

demonstrated that cancer was the limiting factor to the optimization process. Figure 25 

is a comparison of the best and worst spectrum outputted from the system and 

highlights the noise at lower tube settings.  
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Figure 25: Comparison of cancer form factors showing noise present at low 
tube power 

This comparison demonstrates the large presence of noise when scanning a 

cancer specimen at lower tube powers and the resulting signal. These factors are 

interesting considering the CC of Teflon and adipose tissues at the same tube power 

were much higher.  

Since cancer was determined to be the limiting factor in the optimization process, 

four more cancer specimens were scanned to determine the optimal protocol that could 

be implemented. Each of these specimens was scanned across the same range of system 

parameters as the first cancer sample (75-105 kVp, 50-500 mAs). Instead of correlating 

these signals to the signal acquired at 125 kVp, 500 mAs, each signal was correlated to 

the ground-truth cancer form factor from Kidane et al. [5]. The trend of the correlations 

was unaffected by comparison to the reference form factor; the correlation just started at 

a lower value due to the small differences between the reference spectra and CACSSI 
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spectra. Table 2 below shows the normalized cross correlation of each spectrum 

acquired at all tube parameters compared to the Kidane [5] cancer form factor and the 

average of those correlations for each tube parameter. A clear trend is visible from this 

table – As tube power is lowered, the CC of the resulting spectra compared to the 

reference spectra is lower.  
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Table 2: Cancer specimens compared to cancer reference spectra in Kidane et al. [5] 
using CC 

 

A CC threshold of 0.5 was chosen because it has been considered a moderate 

correlation in other studies [17]. Since a CC of 1 represents perfect correlation and a CC 

1 2 3 4 5
500 0.6710 0.6555 0.6788 0.6956 0.6541 0.6710
400 0.6350 0.6205 0.6662 0.7319 0.6311 0.6569
320 0.6505 0.6322 0.5590 0.7015 0.5995 0.6286
200 0.6169 0.5405 0.5942 0.6337 0.5804 0.5931
100 0.4884 0.5530 0.5000 0.6597 0.5441 0.5491
50 0.5165 0.3449 0.4300 0.4383 0.2684 0.3996
500 0.6983 0.6430 0.6738 0.7075 0.6515 0.6748
400 0.6933 0.5735 0.6636 0.7280 0.6931 0.6703
320 0.6522 0.5939 0.6044 0.6869 0.6538 0.6382
200 0.6115 0.5005 0.6094 0.6738 0.5460 0.5882
100 0.4282 0.4781 0.4956 0.5962 0.5525 0.5101
50 0.4117 0.3563 0.2407 0.3974 0.3298 0.3472
500 0.6959 0.6200 0.6611 0.7194 0.6321 0.6657
400 0.6820 0.6126 0.6772 0.7071 0.6566 0.6671
320 0.6402 0.5424 0.6574 0.6809 0.5967 0.6235
200 0.5710 0.4890 0.5131 0.6537 0.5940 0.5642
100 0.4429 0.4120 0.4182 0.5302 0.5113 0.4629
50 0.4121 0.4687 0.3288 0.4825 0.5733 0.4531
500 0.6912 0.6471 0.5938 0.6741 0.5913 0.6395
400 0.6636 0.5856 0.6544 N/A 0.6729 0.6441
320 0.6158 0.6271 0.6985 0.7299 0.6100 0.6563
200 0.5981 0.6408 0.5108 0.6294 0.5938 0.5946
100 0.4669 0.4139 0.5605 0.4099 0.4359 0.4574
50 0.5068 0.3132 0.3513 0.3835 0.3623 0.3834
500 0.6606 0.6675 0.6639 0.6739 0.6508 0.6633
400 0.6496 0.6004 0.6097 0.6436 0.6448 0.6296
320 0.5360 0.5754 0.5857 0.7141 0.6496 0.6122
200 0.5245 0.4720 0.4612 0.6411 0.5911 0.5380
100 0.4155 0.4115 0.3417 0.4120 0.4506 0.4062
50 0.3106 0.3900 0.2451 0.4135 0.3787 0.3476
500 0.6853 0.6358 0.6867 0.6582 0.6106 0.6553
400 0.6459 0.5915 0.6012 0.6901 0.6327 0.6323
320 0.5133 0.6306 0.6364 0.7336 0.6311 0.6290
200 0.4958 0.5947 0.5383 0.6401 0.6194 0.5777
100 0.3185 0.5081 0.3127 0.4525 0.4709 0.4125
50 0.4630 0.1918 0.3755 0.4359 0.3144 0.3561

75

kVp mAs Average
Specimen	Number

125

115

105

95

85

Cancer	Specimens	Compared	to	Kidane	Reference	Spectrum	using	Normalized	Cross	Correlation
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of 0 represents no correlation, 0.5 represents the middle ground. This threshold filtered 

out many of the weaker signals occurring are 50 -100 mAs, displayed in red in Table 2.  

3.3.5 Optimized Tube Parameters Using Raw Spectra 

 The optimal X-ray tube parameters were defined as the settings that provided 

the highest cross correlation with the minimal expenditure of heat units. A more 

accurate, but less varied, estimation of the increase in HU was found by averaging the 

increase in HU from acquisitions done in the past. For this measure, it did not matter the 

sample that was being scanned because the sample had no effect on the heating of the 

tube’s anode. Table 3 displays the averages of the increase in HU across the 36 different 

tube setting used in this optimization study. 
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Table 3: Increase in HU for various tube parameters 

 

N/A represents missing data, or in the case of acquisition 1 and 6, system parameters 

that were not used for that particular scan. Nevertheless, the trend in system heating is 

seen in the right-hand column. 

 The optimal tube parameter was found by dividing the right-hand column of 

Table 2 (average CC) by the right-hand column of Table 3 (average HU). The maximum 

Acquistion	1 Acquistion	2 Acquistion	3 Acquistion	4 Acquistion	5 Acquistion	6 Avg	HU
500 6 6 6 6 5 6 5.83
400 5 4 5 N/A 4 4 4.40
320 3 3 4 4 N/A 3 3.40
200 2 2 2 2 2 2 2.00
100 1 1 1 1 1 1 1.00
50 0 0 1 1 0 0 0.33
500 5 5 6 4 5 5 5.00
400 3 4 4 3 4 4 3.67
320 3 3 3 3 3 3 3.00
200 2 2 2 2 2 2 2.00
100 1 0 0 1 1 1 0.67
50 1 1 0 1 0 0 0.50
500 5 4 4 4 N/A 5 4.40
400 4 4 4 3 N/A 4 3.80
320 3 3 2 2 2 2 2.33
200 2 2 2 2 1 2 1.83
100 1 1 0 0 1 1 0.67
50 1 0 0 0 N/A 0 0.20
500 N/A 4 4 4 4 4 4.00
400 N/A 3 3 3 3 4 3.20
320 N/A 3 2 2 N/A 3 2.50
200 N/A 2 1 1 1 2 1.40
100 N/A 1 0 0 1 1 0.60
50 N/A 0 1 0 0 0 0.20
500 N/A 4 3 3 4 N/A 3.50
400 N/A 3 3 2 3 N/A 2.75
320 N/A 2 2 2 2 N/A 2.00
200 N/A 2 1 0 1 N/A 1.00
100 N/A 0 0 0 1 N/A 0.25
50 N/A 0 1 0 1 N/A 0.50
500 N/A 3 3 3 N/A N/A 3.00
400 N/A 2 2 2 N/A N/A 2.00
320 N/A 2 2 2 2 N/A 2.00
200 N/A 1 1 1 N/A N/A 1.00
100 N/A 1 0 1 0 N/A 0.50
50 N/A 0 0 0 0 N/A 0.00

85

75

Change	in	HU
kVp mAs

125

115

105

95



 

 54 

value was chosen because a high signal correlation was desired in the numerator and a 

small increase in HU was desirable in the denominator. Table 4 shows the results of this 

calculation.  

Table 4: Optimization of system 

 

From this calculation, the optimal X-ray tube setting was determined to be 115 kVp, 100 

mAs. At these system parameters, tube heating was reduced from 5.83% to 0.67% per 

500 0.12
400 0.15
320 0.18
200 0.3
100 0.55
50 CC	too	low
500 0.13
400 0.18
320 0.21
200 0.29
100 0.77
50 CC	too	low
500 0.15
400 0.18
320 0.27
200 0.31
100 CC	too	low
50 CC	too	low
500 0.16
400 0.2
320 0.26
200 0.42
100 CC	too	low
50 CC	too	low
500 0.19
400 0.23
320 0.31
200 0.54
100 CC	too	low
50 CC	too	low
500 0.22
400 0.32
320 0.31
200 0.58
100 CC	too	low
50 CC	too	low

85

75

Average	CC	/	Average	HU

Optimization

kVp mAs

125

115

105

95
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acquisition (88.5% reduction) resulting in a potential increase in system efficiency of up 

to 400% (from 15 scans to 75 scans).  

Another optimization metric was looked at that factored in accuracy of 

classification. The spectrum resulting from each protocol was run through the 

classification algorithm and classified as either cancer or healthy tissue. Accuracy was 

calculated as the number of specimens classified as cancer at a given protocol divided by 

five (5 specimens at each protocol). This metric was included into the optimization as a 

way to further quantify each protocol. High accuracy was desirable so it was placed into 

the numerator along with the CC and HU was again in the denominator. Table 5 is the 

accuracy for each tube protocol and the new optimization metric.  
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Table 5: Optimization with accuracy 

 

 Again, the optimal protocol was identified as 115 kVp and 100 mAs. The trends 

in classification accuracy are difficult to determine from the small sample size used in 

this study. A larger sample would likely show a trend in reduced accuracy as the power 

supplied to the tube was reduced. 

500 1 0.12
400 0.6 0.09
320 1 0.18
200 0.8 0.24
100 0.8 0.44
50 0.6 CC	too	low
500 0.6 0.08
400 0.8 0.15
320 1 0.21
200 0.8 0.24
100 0.8 0.61
50 0.6 CC	too	low
500 1 0.15
400 0.8 0.14
320 1 0.27
200 0.4 0.12
100 1 CC	too	low
50 0.6 CC	too	low
500 1 0.16
400 0.75 0.15
320 0.8 0.21
200 0.8 0.34
100 0.8 CC	too	low
50 0.8 CC	too	low
500 1 0.19
400 0.8 0.18
320 0.6 0.18
200 1 0.54
100 0.4 CC	too	low
50 0.4 CC	too	low
500 0.6 0.13
400 1 0.32
320 0.6 0.19
200 0.6 0.35
100 0.4 CC	too	low
50 0.4 CC	too	low

85

75

mAs Accuracy (CC	x	Accuracy)/HU

Optimization	Taking	Accuracy	into	Account	

kVp

125

115

105

95
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3.3.6 Optimized Tube Parameters Using Smoothed Spectra  

The results from the previous section represent the worst-case scenario; the 

CACSSI spectra are not altered in any way (i.e. smoothed), in which case the noise 

negatively affects the correlation value. As a way to reduce the noise’s impact on the 

signal, a moving average smoothing filter was applied to each spectrum using 5% of the 

nearest q values (demonstrated in Figures 19, 21, 23, and 25), renormalized, and then the 

above calculations were repeated. Table 6 shows the results of the smoothed cancer 

spectrum correlated to the reference cancer spectrum and Table 7 shows the results of 

the optimization calculation applied to these smoothed spectra.  
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Table 6: Smoothed CACSSI cancer spectra correlated to reference cancer spectra 

 

1 2 3 4 5
500 0.7562 0.7650 0.7979 0.7847 0.7440 0.7696
400 0.7684 0.7412 0.7664 0.8348 0.7163 0.7654
320 0.7679 0.7799 0.7221 0.8142 0.6992 0.7566
200 0.7652 0.6720 0.7734 0.7840 0.7088 0.7407
100 0.7400 0.8214 0.7072 0.8480 0.7325 0.7698
50 0.8076 0.6158 0.7447 0.6872 0.5138 0.6738
500 0.8342 0.7270 0.7793 0.7878 0.7281 0.7713
400 0.8268 0.6849 0.7713 0.8185 0.7863 0.7776
320 0.7906 0.7340 0.7686 0.7815 0.7598 0.7669
200 0.7686 0.7375 0.8061 0.8138 0.6829 0.7618
100 0.6738 0.7065 0.7040 0.7751 0.7382 0.7195
50 0.7047 0.5870 0.4390 0.6849 0.6114 0.6054
500 0.8196 0.7394 0.7619 0.8170 0.7222 0.7720
400 0.7887 0.7453 0.7900 0.7983 0.7415 0.7727
320 0.8036 0.6845 0.8419 0.8069 0.7106 0.7695
200 0.7303 0.6294 0.7087 0.8059 0.7277 0.7204
100 0.6735 0.6745 0.7734 0.7579 0.7184 0.7195
50 0.6201 0.7085 0.6836 0.7931 0.8303 0.7271
500 0.7959 0.7549 0.7249 0.7648 0.6856 0.7452
400 0.7965 0.7065 0.7724 0.8730 0.7763 0.7849
320 0.7215 0.7648 0.8397 0.8730 0.7227 0.7843
200 0.8178 0.7976 0.6835 0.7909 0.7620 0.7703
100 0.7497 0.6342 0.8051 0.5990 0.7039 0.6984
50 0.8968 0.5534 0.6813 0.6260 0.6105 0.6736
500 0.7898 0.7946 0.8001 0.7994 0.7619 0.7892
400 0.8044 0.7405 0.7322 0.7482 0.7852 0.7621
320 0.6863 0.7074 0.7754 0.8402 0.7868 0.7592
200 0.7556 0.6849 0.6951 0.8538 0.7814 0.7542
100 0.7867 0.6414 0.5557 0.6498 0.7094 0.6686
50 0.6068 0.7114 0.4218 0.7492 0.6959 0.6370
500 0.8267 0.7745 0.8705 0.7910 0.7323 0.7990
400 0.8269 0.7908 0.7527 0.8294 0.7766 0.7953
320 0.7092 0.8172 0.8270 0.8769 0.7830 0.8026
200 0.7560 0.8088 0.7640 0.8343 0.8026 0.7931
100 0.5840 0.7517 0.6250 0.7568 0.7893 0.7014
50 0.7623 0.4673 0.6180 0.7194 0.6324 0.6399

125

115

105

95

85

75

Smoothing	Applied

Cancer	Specimens	Compared	to	Kidane	Reference	Spectrum	using	Normalized	Cross	Correlation

kVp mAs
Specimen	Number

Average
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Table 7: Optimization performed using smoothed CACSSI spectra 

 

 Note that the correlation values for these spectra remain high throughout all 

system parameters because noise is filtered out due to the smoothing. This results in a 

shift of the optimal protocol to 105 kVp, 50 mAs. Technically 75 kVp, 50 mAs would be 

optimal since this optimization metric would approach infinity, but due to its poor 

classification accuracy it was not considered here. When the accuracy of the 

500 0.13
400 0.17
320 0.22
200 0.37
100 0.77
50 2.02
500 0.15
400 0.21
320 0.26
200 0.38
100 1.08
50 1.21
500 0.18
400 0.20
320 0.33
200 0.39
100 1.08
50 3.64
500 0.19
400 0.25
320 0.31
200 0.55
100 1.16
50 3.37
500 0.23
400 0.28
320 0.38
200 0.75
100 2.67
50 1.27
500 0.27
400 0.40
320 0.40
200 0.79
100 1.40
50 Divide	by	0

125

115

105

95

85

75

kVp mAs Average	CC	/	Average	HU

Optimization	Performed	on	Smoothed	Spectra
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classification algorithm is applied to these results, the optimal protocol is again shifted 

as seen in Table 8.  

Table 8: Smoothed spectra optimization taking into account accuracy 

  

 These results represent a “better-case” scenario where noise is reduced in the 

CACSSI spectra, resulting in a stronger correlation to the reference spectrum at lower 

tube settings and a more accurate peak location. At lower settings, accuracy will become 

500 1 0.13
400 0.6 0.10
320 1 0.22
200 0.8 0.30
100 0.8 0.62
50 0.6 1.21
500 0.6 0.09
400 0.8 0.17
320 1 0.26
200 0.8 0.30
100 0.8 0.86
50 0.6 0.73
500 1 0.18
400 0.8 0.16
320 1 0.33
200 0.4 0.16
100 1 1.08
50 0.6 2.18
500 1 0.19
400 0.75 0.18
320 0.8 0.25
200 0.8 0.44
100 0.8 0.93
50 0.8 2.69
500 1 0.23
400 0.8 0.22
320 0.6 0.23
200 1 0.75
100 0.4 1.07
50 0.4 0.51
500 0.6 0.16
400 1 0.40
320 0.6 0.24
200 0.6 0.48
100 0.4 0.56
50 0.4 Divide	by	0

125

115

105

95

85

75

kVp mAs Average	CC	/	Average	HU

Smoothed	Spectra	Optimization	Taking	Accuracy	into	Account	

Accuracy
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more of an issue due to the reduced SNR and resulting variation in the spectra. Again, 

accuracy is acquired from a small sample size, and its impact on the above results 

should be considered accordingly.  

3.4 Verification of Optimization 

 One last specimen was scanned in the system to verify the performance of the 

optimal settings found using the raw CACSSI spectra. The specimen was obtained from 

our collection of permanent lumpectomy specimens and scanned at five separate 

locations, two of which represented areas of likely cancer presence (based on palpitation 

and visual inspection). Each location was scanned using five different tube parameters: 

the optimal setting (115 kVp, 100 mAs), a lower and higher mAs value (115 kVp, 50 

mAs; 115 kVp, 200 mAs), and a lower and higher energy value (105 kVp, 100 mAs; 125 

kVp, 100 mAs). Table 6 represents the results of this experiment.  

Table 9: Verification of the optimized CACSSI system 

 

kVp mAs CC Class kVp mAs CC Class
105 100 0.8267 Adipose 115 50 0.8415 Adipose
115 100 0.8418 Adipose 115 100 0.8418 Adipose
125 100 0.9131 Adipose 115 200 0.9131 Adipose
105 100 0.5333 Cancer 115 50 0.2927 N/A
115 100 0.4733 Cancer 115 100 0.4733 Cancer
115 100 0.4921 Cancer 115 100 0.4921 Cancer
125 100 0.5434 Cancer 115 200 0.4003 Cancer
105 100 0.8336 Adipose 115 50 0.7680 Adipose
115 100 0.8193 Adipose 115 100 0.8193 Adipose
125 100 0.8378 Adipose 115 200 0.8860 Adipose
105 100 0.8759 Adipose 115 50 0.8445 Adipose
115 100 0.9187 Adipose 115 100 0.9187 Adipose
125 100 0.9152 Adipose 115 200 0.9209 Adipose
105 100 0.4661 Cancer 115 50 0.5037 Cancer
115 100 0.5345 Cancer 115 100 0.5345 Cancer
115 100 0.3626 Normal 115 100 0.3626 Normal
125 100 0.4731 Cancer 115 200 0.5830 Cancer

Higher	and	Lower	mAs	Settings

Spot	5

Spot	4

Spot	3

Spot	2

Spot	1

Higher	and	Lower	kVp	Settings

Spot	1

Spot	2

Spot	3

Spot	4

Spot	5
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 At all locations, the optimal setting (in bold) and higher settings (125 kVp, 100 

mAs; 115 kVp, 200 mAs) consistently classified the spectra as the same tissue type. Spots 

1, 3, and 4 classified as adipose tissue and show the best trend in the CC value as X-ray 

tube parameters are adjusted above and below the optimal setting. As expected, the CC 

generally falls when lowering mAs or kVp and rises when increasing mAs or kVp 

(consequences of adjusting flux and the energy spectrum). At locations 2 and 5, the 

optimal setting was used twice to verify its performance scanning the limiting factor of 

this study (cancer). The optimal setting performed well in classifying cancer in three of 

the four scans, but Table 9 shows that the optimal setting did fail to classify one of the 

scans at location 5 as cancer and classifies this particular scan as normal tissue. This 

error is potentially related to the specimen shifting during the scan, greater noise 

presence in this particular scan, statistical variation, or a combination of the three.  

 

4. Discussion 
It is evident from the above results that the power supplied to our system’s X-ray 

tube can be reduced while still maintaining accurate classification of the spectra thereby 

increasing system efficiency. This section will discuss some of the methods employed, 

limitations of said methods, and future work that will be done to the system.   
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4.1 Normalized CC vs. Weighted CC 

Although the classification method used in this work is based on the weighted 

CC variation, the normalized CC was important when observing the trends in the 

spectra as tube power was reduced. This correlation provided a good representation of 

the degradation of the signal from protocol to protocol because it correlated the entirety 

of the spectrum at once, unlike the weighted CC. This metric provided an overall signal 

quality as opposed to the binary classification provided by the weighted CC variation. 

The weighted CC variation used for classification performed well in 

distinguishing adipose versus normal tissues and fibroglandular versus cancer tissues. 

The limitation of this method was that it provided limited indication of the quality of the 

spectra. Therefore, this method was solely used to classify the spectra according to 

whichever tissue was correlated highest. Due to the design of the classification, a 

positive classification could be 0.2 as long as the other tissue was correlated less than 0.2.   

When used in tandem, these two correlations provided a better idea of the 

output of the system as opposed to using the correlations individually. The CC variation 

provided a means to classify the spectra, but the normalized CC provided a metric to 

analyze the trends in the results.  

4.2 Classification Limitations 

Classification of the tissue samples did contain some inherent potential error as 

observed in the classification of the 176 scans. The design of the algorithm was sensitive 
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to the peak location of the spectrum. If this peak was the result of system noise, then the 

classification could be affected as to whether the algorithm selected between normal / 

healthy tissue or fibroglandular / cancer tissue. In addition, the current algorithm is 

unable to resolve partial volume effects. If more than one tissue type is located along the 

beam path in the thin tissue sample then these two tissues’ form factors will be 

combined in the system output. Theoretically, if there was 3 mm of adipose and 2 mm of 

malignant tissue, the adipose signal would dominate the cancer signal and the algorithm 

could miss the presence of cancer.  

The ability to resolve different materials along the beam path is an advantage of 

the forward model reconstruction method and coded aperture, but this method too has 

limitations. One is the z-axis resolution, which is dependent on the energy resolution of 

the detectors (6 kV) and the design of the aperture (spacing of the vertical slits). In the 

system’s current state, its z-axis resolution is approximately 1 cm.  

For these reasons, it was important that the samples chosen for optimization 

were of one primary tissue type and yielded a clear, distinct signal.  

4.3 Optimization Limitations 

This optimization was performed on tissues of thicknesses comparable to those 

provided by surgical pathology with the goal of providing a means to scan the samples 

at higher resolutions, therefore providing our group with a larger dataset of tissue form 

factors. System noise, resulting from Compton scatter within the scattering object, 
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photons scattering off of equipment, and leakage radiation from the tube housing, is the 

greatest hindrance as photon flux is reduced. This was the limiting factor when 

attempting to classify cancer down through the system protocols. An optimal protocol 

was chosen so that the noise present in the signal did not adversely affect the 

classification of the spectra.  

One method to ensure the effectiveness of the optimal protocol would be to 

remove the coded aperture when scanning specimens of similar thicknesses to those in 

this study. For specimens within this thickness range (1-3 mm), the coded aperture can 

be removed without sacrificing depth resolution. The z-axis resolution provided by the 

coded aperture is larger than the thickness of these tissue samples because of the energy 

resolution provided by the detectors. For thin tissue samples (less than approximately 1 

cm) the aperture reduces signal that reaches the detector by attenuating half of the 

scattered photons. Removing the aperture would increase the signal that reaches the 

detectors.   

Another way to increase the SNR of the system is to add additional detectors to 

collect more of the scattered photons. As is stands now, we are only collecting a very 

small portion of the coherently scatter photons by placing the detector array along a 

tangent at the top of the cone of scatter (approximately 1% of the coherently scattered 

photons) If we could add an additional array of detector elements to the bottom of the 

cone of scatter we would be able to double the SNR. A higher SNR resulting from an 
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additional array of detector elements would likely reduce the power requirements of the 

X-ray tube because a lower flux would be need to produce an accurate form factor.   

4.4 Future Work 

Our CACSSI system is early in its development. Much of the work done to date 

has been designed to validate that the system is able to distinguish between biological 

tissues, but the ultimate goal is to have the system operate in combination with 

mammography to diagnose breast cancer. Plans along the way include implementing a 

discrete fan beam (multiple pencil beams), constructing a separate system with a 

mammography tube, scanning tissue samples within an anthropomorphic breast 

phantom to test in-vivo applications [18], and development of a learning model to 

classify breast tissues more accurately. 

A discrete fan beam will allow for greater sampling of the tissue specimens and 

increase system throughput. The difficulty with this technique will be in reconstructing 

the multiplexed signal as seen by the detector. This can be accomplished using the 

forward model reconstruction method.  

Our group is in the process of installing a new CACSSI system that will use a 

mammography tube as opposed to the standard radiography tube used currently. This 

tube will provide a much lower energy spectrum than the current tube, meaning that 

coherent scatter will dominate, providing a greater signal to noise ratio. When 

comparing this system to our current system, the flux in the energy region dominated by 
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coherent scatter will be much higher for the mammography tube due to the composition 

of the anode and different filtering applied to the spectrum. Our current tube requires a 

higher kVp so that the resulting Bremsstrahlung spectrum yields high flux in this same 

region.   

Anthropomorphic phantoms and thicker tissue specimens will be used to 

simulate the in-vivo applications that are the ultimate goal for this system. This is the 

next step after an accurate and effective classification method has been established using 

the thin tissue specimens from pathology. This method will again require reconstruction 

using the forward model to determine the origin of the scattered signal.  

Lastly, a classification model using a decision tree learning method will be 

employed to create an accurate and reliable classifier for use in future scans. The model 

can be developed using built in functions in MATLAB, but it is critical that the training 

data contain classifications approved by pathology. This model will include spectral 

features such as peak locations, mean, standard deviation, and cross correlation to 

develop the most accurate model possible.   

 

5. Conclusion 
This study successfully demonstrates the optimization of our coherent scatter 

spectral imaging system based on classification using a weighted cross correlation 

method and analyzing the spectral signals using cross correlation across various X-ray 
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tube parameters. Efficiency improvements of at least 400% are possible using the 

optimal settings found in this study. This improvement allows for enhanced data 

collection with higher system throughput, thereby allowing the ability to scan the 

specimens at higher resolutions. In addition, this enhanced data collection capability will 

provide a larger dataset to train future predictive models.  
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