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Abstract 

We present a new x-ray imaging technique, Correlation Imaging (CI), for 

improved breast and lung cancer detection. In CI, multiple low-dose radiographic 

images are acquired along a limited angular arc. Information from unreconstructed 

angular projections is directly combined to reduce the effect of overlying anatomy – the 

largest bottleneck in diagnosing cancer with projection imaging. In addition, CI avoids 

reconstruction artifacts that otherwise limit the performance of tomosynthesis. This 

work involved assessing the feasibility of the CI technique, its optimization, and its 

implementation for breast and chest imaging. 

First a theoretical model was developed to determine the diagnostic information 

content of projection images using a mathematical observer. The model was 

benchmarked for a specific application in assessing the impact of reduced dose in 

mammography. Using this model, a multi-factorial task-based framework was 

developed to optimize the image acquisition of CI using existing low-dose clinical data. 

The framework was further validated using a CADe processor. Performance of CI was 

evaluated on mastectomy specimens at clinically relevant doses and further compared to 

tomosynthesis. Finally, leveraging on the expected improvement in breast imaging, a 

new hardware capable of CI acquisition for chest imaging was designed, prototyped, 

evaluated, and experimentally validated. 
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The theoretical model successfully predicted diagnostic performance on 

mammographic backgrounds, indicating a possible reduction in mammography dose by 

as much as 50% without adversely affecting lesion detection. Application of this model 

on low-dose clinical data showed that peak CI performance may be obtained with 15-17 

projections. CAD results confirmed similar trends. Mastectomy specimen results at 

higher dose revealed that the performance of optimized breast CI may exceed that of 

mammography and tomosynthesis by 18% and 8%, respectively. Furthermore, for both 

CI and tomosynthesis, highest dose setting and maximum angular span with an angular 

separation of 2.75o was found to be optimum, indicating a threshold in the number of 

projections per angular span for optimum performance.  

Finally, for the CI chest imaging system, the positional errors were found to be 

within 1% and motion blur to have minimal impact on the system MTF. The clinical 

images had excellent diagnostic quality for potentially improved lung cancer detection. 

The system was found to be robust and scalable to enable advanced applications for 

chest radiography, including novel tomosynthesis trajectories and stereoscopic imaging.  
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1. Introduction 

In this chapter we start with the clinical motivation for the research. We will then 

describe the imaging modalities that are currently used to meet those clinical needs, and 

also note their drawbacks. New advances in x-ray imaging that overcome some of those 

shortcomings will be presented next. Most noteworthy among these developments is 

tomosynthesis. We will provide a description of this area of research and outline various 

optimization strategies that are being currently used to improve tomosynthesis. We will 

then present Correlation Imaging (CI) as a new imaging technique as proposed in this 

work.  Finally, we will present the statement of this research work followed by the 

organization of different chapters in this thesis. 

1.1 Clinical Motivation 

Breast Cancer 

In the US, breast cancer is the second most common cancer amongst women as 

well as the second leading cause of death. An estimated 40,460 breast cancer deaths 

occurred in 2007.1 Mammographic screening can help detect cancer before it shows 

symptoms and dramatically increase survival rates. However, the false negative rate of 

mammographic procedures is in 10-30 % range, thus limiting the effectiveness of 

mammography in reducing mortality.2,3-5 At the same time, the false positive rate is 
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estimated to be 11.5 %.6-8 At worse, false positives can lead to invasive procedures such 

as biopsy, mastectomy or other unnecessary and potentially debilitating tests. More 

importantly, there is the associated psychological distress. Cochrane Review further 

reports that in the US, three months after a false-positive result, 47% of women who had 

highly suspicious readings reported that they had substantial anxiety related to the 

mammogram (compared to 3% with a normal mammogram).9 

Lung Cancer  

Lung cancer is the most common cancer world-wide and the leading cause of 

cancer death, accounting for 17.8 % of all deaths due to cancer. In the US, an estimated 

160,390 lung cancer deaths occurred in 2007.1, 10 Currently, chest radiography is the de 

facto standard for imaging lung cancer. However, the lower limit of chest radiography in 

detecting tumor size is about 1 cm – at this stage, the cancerous cells could have already 

spread to other parts of the body (metastasis dissemination) limiting effectiveness of 

early detection. When tested for early detection, the predictive value of chest x-rays is 

very low due to a high rate of false positives. Moreover, radiologists may miss up to 30% 

of pulmonary nodules in a chest x ray.11  In spite of much technological advancement in 

chest radiography, the detection of small lung nodules has not seen much 

improvement.12, 13 As a result, all trials that have used chest radiographs to screen for 

lung cancer have shown no change in overall lung cancer mortality.14, 15 
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1.2 Primary Limitation in Contemporary Practice: Anatomical     
Noise 

 

Both mammography and chest radiography are 2D based imaging techniques in 

which radiographic shadows of the 3D volume of anatomical structures within an organ 

of interest are collapsed into a 2D image. Resulting subtle contrast difference between 

the pathology and the normal surrounding anatomy in the image indicates the presence 

of possible cancerous growth and is processed and interpreted by a radiologist for 

cancer diagnosis. However, due to collapsed nature of anatomical structures in the 

image, cancerous nodules/lesions may be hidden in a complex cloud of overlapping 

projection of dense anatomy. While in a chest radiograph, cancerous nodules may be 

hidden in overlapping projections of the anatomical features of the thorax such as 

mediastinum, pulmonary vessels, lung structure, the heart, and diaphragm,16 masses 

and microcalcifications in mammograms may be hidden in projections of dense 

fibroglandular tissue in the breast.17 This overlap of normal tissue structure, so called 

anatomical noise, may result in false negatives. In addition, the anatomy might mimic 

the appearance of an abnormality leading to false positive detection. These 

characteristics are inherent to any projection imaging technique.18-20 The limitations of 

projection techniques in rendering pathology that a radiologist may be looking for may 

explain their low sensitivity and specificity in cancer detection.  In fact it has been 
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suggested that anatomical variability could be the biggest factor limiting the detection of 

cancer.19, 21  

Our own analysis on the relative influence of anatomical noise compared 

detectability of a mammographic lesion embedded in a mammographic background to 

that embedded in a white noise background at three different exposure levels. Figure 1 

shows a dramatic decrease in detectability proportional to the decrease in exposure level 

on a white noise background; that is not evident on mammographic backgrounds, 

confirming that the real bottleneck in detection is not the Poisson distributed noise due 

to x-ray photons but the overlapping anatomical structure in the image background. 

This handicap of standard projection imaging serves as a limiting factor in detecting 

early signs of cancer. The detection of cancer can therefore be improved by an imaging 

technique that minimizes the undesirable influence of anatomical noise. 
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Figure 1: An evidence of the limitation in detectability on projection images due 
to overlapping anatomical structure.  

The dramatic decrease in detectability proportional to the decrease in exposure 
level observed on a white noise background is not observed on mammographic 
backgrounds, confirming that the real bottleneck in detection is not the Poisson 
distributed quantum noise due to x-ray photons but the overlapping anatomical 

structure in the image background. 
 

1.3 Need for New Imaging Techniques 

To overcome the anatomical noise, radiologists routinely use concurrent reading 

of multiple images (at least two) in evaluating cases. In standard chest radiography, both 

lateral view and posteranterior view (PA) images are acquired, while in mammography, 

a carniocaudal (CC) and a mediolateral oblique (MLO) views are routinely acquired. 

Studies have shown that single-view mammography leads to a higher rate of recall,22 

resulting in a failure to detect 11% to 25% of cancers detectable using both the CC and 

MLO views.23, 24 A possible explanation of this expected improvement in using two 
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views is that radiologists effectively reduce the influence of anatomical noise by 

integrating information from the two views. Specifically, anatomical structures in the 

organ may confluence differently in the two views, providing two different anatomical 

overlapping maps. While anatomical texture between the two views may change, the 

morphology of the lesion, if present, does not change across the two sets of images, thus 

providing a valuable clue for the radiologist to confirm the presence of lesion. 

Notwithstanding this improvement, because the CC/MLO or PA/lateral views are 

acquired from two orthogonal directions, establishing a geometrical correlation and 

comparing features between the two views remains a difficult problem. This is 

particularly significant in mammography in which the process of acquiring the second 

image requires that the breast be recompressed in a direction orthogonal to the image 

plane (flattened against the image detector) causing each image of the pair to represent a 

different distortion of the breast tissue. Background structure therefore continues to be 

the largest bottleneck limiting the efficiency of cancer detection in standard projection 

imaging. 

Computer assisted diagnosis (CAD) schemes have been used recently to improve 

the overall clinical efficiency of the standard procedures. CAD is a computational 

technique that utilizes the characteristics of the image feature and lesion profile to detect 

lesions.25, 26 As a second viewer, CAD has the potential to increase the overall diagnostic 
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accuracy and improve efficiency of radiological interpretations. However, current CAD 

schemes generate a relatively high number of false-positives and efforts to reduce the 

rate of false-positives leads to reduced sensitivity.27 Moreover, despite considerable 

effort by many groups, improvement in diagnostic interpretation using CAD has 

remained under increased scrutiny due to inconsistencies in reported sensitivity and 

recall rates.28, 29 One of the limitations of CAD is that most CAD systems analyze images 

individually. Although attempts have been made to incorporate information from two 

views to reduce the influence of overlying anatomical structure on CAD algorithms, the 

results have not been encouraging.30-32 Like with radiologists, it is contended that the 

performance of CAD systems may also be afflicted by the camouflaging effect of the 

anatomical structures.19, 21  This strongly suggests that the detection and characterization 

of suspicious objects by both radiologists and CAD algorithms may be potentially 

improved by an imaging technique that can alleviate the undesirable influence of 

background structure by providing readily extractable spatially correlated information 

of lesion in multiple images.  

An ideal approach to completely eliminate the background structure is thin-slice 

computed tomography (CT).  Although CT provides nearly complete information of the 

object, it is inefficient for a radiologist to sort through a multitude of slices to reach the 

final diagnosis. Moreover, the cost of the equipment, installation, and maintenance can 
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be prohibitive making the economics of replacing existing 2D systems with CT 

overwhelming.  

Furthermore, the radiation dose to a patient undergoing a CT scan is much 

higher than that in standard techniques.14, 33  In spite of such high dose levels, the state-

of-art CT scanner results in a low sensitivity of 60% and a specificity of 81% in the 

detection of lung cancer.34, 35 The low accuracy of CT was also confirmed by the National 

Lung Cancer Screening Trial, a national effort for screening high-risk lung cancer 

patients with spiral CT.  So far, the results from the trial have not been conclusive, but 

preliminary results have indicated no reduction in cancer mortality. Moreover, high 

false positive rate has resulted in over diagnosis possibly resulting in more harm than 

good, and, as a consequence, chest radiographic screening for lung cancer was not 

recommended.14, 36, 37 

In the area of breast imaging, dedicated breast CT systems are still in infancy and 

the technique awaits exhaustive development and clinical evaluation.38-40 Thus, because 

of underlying technical and economical challenges as well as patient dose 

considerations, currently CT is not utilized as a tool for identifying lung or breast cancer 

on a broad basis. Projection techniques, although considerably inefficient, continue to be 

the standard of care for detecting cancer.  

In summary, standard projection techniques even when computer assisted by 

CAD algorithms, fall short of desired cancer detection efficiency. CT may address the 
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negative effects of anatomical noise. However, CT has a high cost-to-benefit ratio and 

involves high radiation dose. Thus if effective cancer detection tools are to be realized, 

there is a need for an imaging approach that incorporates the advantage of a CT system 

in terms of reducing anatomical noise in a cost- and dose-effective manner.  

In the next section, we will introduce one such recent development in 

radiographic imaging, namely tomosynthesis, which holds great promise in detection of 

early stage disease and the reduction of cancer-related mortality.  

1.4 Tomosynthesis 

Digital Tomosynthesis is an approach comparable to CT aimed to reduce the 

detrimental effects of overlapping structures. In contrast to CT in which multiple images 

are acquired over 180°, tomosynthesis involves 11- 60 images over an angular span of 

only 30 – 60o. Thus, tomosynthesis may be understood as a multi-projection imaging 

technique that is a confluence of CT technology and standard projection technique in 

which multiple projection images are acquired along limited angular arc. A schematic of 

a typical tomosynthesis acquisition for breast imaging is shown in Figure 2. Analogous 

to geometric tomography, projection images in tomosynthesis are retrospectively 

reconstructed to render the anatomy of the object in question at different depths in slices 

parallel to the detector plane. Thus by resolving overlying structures into distinct planes, 

tomosynthesis improves contrast and conspicuity, and enhances detectability for many 
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clinical tasks. In general, tomosynthesis slices exhibit resolution comparable to standard 

projection images in planes parallel to the image receptor, and may be acquired at a 

lower cost and radiation exposure than that of CT. 

 

Digital image detector/receptor 

SID = 
65.3 cm 

Translating x-
ray source 

x-ray 
beam 

Compressed 
breast 

Digital image detector/receptor 
 

Figure 2: Schematic of acquisition for a prototype breast tomosynthesis system. 
Front view (left); side view (right) 

A series of projection images is acquired as the x-ray source is moved around the 
fulcrum over a limited range of angles. Tomographic slices of the imaged volume can be 

generated with appropriate reconstruction techniques from the series of projection 
images. The slices are then interrogated by a radiologist for final diagnosis.  (SID 

denotes source-to-image distance) 
 

Figure 3 shows two views of a prototype tomosynthesis device for breast 

imaging, Siemens’ Mammomat NovationTOMO. It has been installed at Duke hospital and 

is being currently used in an ongoing clinical trial. The center of rotation of the x-ray 
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tube is 4.5 cm above the detector carbon fiber surface, which is 1.5 cm above the surface 

of the a-Se detector. The source to image distance (SID) is 65 cm, the same as that in 

regular mammography. The detector has a dimension of 24 x 30 cm2 and a pixel pitch of 

85 µm, resulting in an image size of 2816 x 3584. The system is capable of acquiring 25 

projection images over an angular span of 45º about the central orientation (CC or MLO) 

in steps of approximately 2°. This system was used in the current research work 

pertaining breast imaging. 

Tomosynthesis was first introduced to the medical community in 1970s by Grant 

and Miller.41, 42 With the introduction of x-ray detectors, capable of low electronic noise 

and fast readout time, there has been a renewed interest in tomosynthesis in recent 

times. Dobbins and Godfrey presented a thorough review of digital x-ray 

tomosynthesis,43 and described tomosynthesis applications in current clinical tasks. A 

tomosynthesis method applied to breast imaging was described and evaluated on a 

phantom and four mastectomy specimens by Niklason et al.44 It was demonstrated that 

tomosynthesis outperformed planar mammography. Follow-up studies both in chest 

and breast imaging confirmed the potential benefits of tomosynthesis over standard 

projection techniques.45-49  
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Figure 3: Photographs of the prototype breast tomosynthesis system used in our 
research, Siemens’ Mammomat NovationTOMO. 
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Notwithstanding the improvements, tomosynthesis is still a new and developing 

field, especially for breast imaging. New approaches are being developed to improve the 

performance of breast tomosynthesis. For example, CAD schemes have been developed 

with promising results.50-53 However, the specificity of these CAD schemes is still low. 

Recent studies reported 85 - 90% sensitivity with ~2.4 false-positives per breast 

volume.54,53 Additional approaches under development are noted: photon-counting 

breast tomosynthesis to reduce the effect of scatter on signal contrast,55 dual modality 

tomosynthesis/ultrasound dual modality prototype system in which x-ray images are 

co-registered with ultrasound images to provide additional clinical information,56, 57  and 

dual-energy contrast-enhanced tomosynthesis to improve the characterization of 

suspicious abnormalities.58, 59 Overall, with further development and refinement, 

tomosynthesis may prove to be a promising technique for detecting cancer. 

1.4.1 Reconstruction Artifacts in Tomosynthesis 

The inherent tomographic approach in tomosynthesis requires processing of 

projection images by reconstruction methods to synthesize tomographic planes 

rendering volumetric images of the organ of interest. Ideally, the anatomical structure in 

a given plane-of-interest should be displayed clearly, while the structures located 

outside of that plane should not be visible. However, the limited angle approach of 
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tomosynthesis may lead to significant contrast-reducing tomographic blur from 

neighboring structures, imposed upon the reconstructed plane-of-interest.  

The most basic tomosynthesis reconstruction algorithm is simple back projection. 

This reconstruction process consists of simply shifting and adding the projections to 

obtain the plane of interest. However, back projection may lead to streaking artifacts due 

to residual blur of objects outside the plane of interest. Other approaches such as 

Filtered Back Projection (FBP) have attempted to filter the effect of blur using a band 

pass filter,60, 61 or modifying the shape of blur function to make artifacts less clinically 

confounding.62 However, because of inherent high frequency suppression in FBP, some 

potentially useful diagnostic information may be lost.  

More advanced reconstruction methods techniques to correct for the overlying 

tomosynthesis blur have been developed. Broadly, they can be divided into inverse 

filtering and iterative techniques. Inverse filtering techniques design appropriate filters 

based on the imaging geometry and the type of feature to reverse the blurring process. 

Most notable in this category of reconstruction technique is matrix inversion 

tomosynthesis (MITS) that has been extensively researched by Godfrey et al.63-65 Other 

deblurring/inverse reconstruction techniques have been reported,66 but still suffer from 

deblurring reconstruction artifacts caused by high-attenuation features located out-of-

plane. Most importantly, they are prone to amplification of low-frequency noise.  
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The second type of reconstruction technique, namely iterative reconstruction, has 

gathered momentum lately.45, 67, 68,69 In iterative reconstruction, a 3D object model is 

updated repetitively until the model converges to the solution that optimizes the image 

quality. This technique does not suffer from the low-frequency noise amplification 

inherent in inverse filtering approach, but requires greater computational “expense”. As 

a result, iterative techniques have not successfully been implemented in the clinic.   

A detailed comparison of existing reconstruction techniques for tomosynthesis 

can be found in [43, 70, 71]. In general, tomosynthesis imaging suffers from artifacts 

resulting from insufficient sampling of the organ due to small number of projections and 

the narrow angular range that are typically employed in tomosynthesis. The artifacts are 

more pronounced in the presence of high-attenuation features such as 

microcalcifications, or metallic markers in surgery that cause ghosting artifacts in 

reconstruction. They are dependent on the choice of image reconstruction technique, 

and on the specific scanning configuration used for acquistion.72 These artifacts may 

reduce the efficiency of tomosynthesis reading by obscuring detail in the plane of 

interest reducing the contrast within slices, possibly leading to higher false positive 

findings.73 For tomosynthesis to be most effective clinically, further development and 

refinement of tomosynthesis acquisition and reconstruction technique is needed.  
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1.4.2 Tomosynthesis Optimization 

The reconstruction artifacts in tomosynthesis are a direct result of the limited 

number of angular information that is used. Besides the specific implementation of the 

reconstruction technique employed, the nature of artifacts strongly depends on the 

acquisition parameters, namely, the number of images acquired, the angular span of 

those images, and the acquisition dose level for each of those images. The acquisition 

scheme also dependant on the organ being imaged. For example, for breast imaging, 

limitations on dose and the amount of time patients may reasonably be held under 

compression may dictate the maximum number of projection images and the scan angle. 

This multi-variable interdependency of image quality in tomosynthesis underlines the 

importance of the optimum tomosynthesis acquisition to maximize its clinical utility.  

Currently, the clinical data acquisition protocols for breast and chest 

tomosynthesis are only designed to avoid patient motion, reduce patient discomfort, 

and maintain a total dose not exceeding that delivered in a standard projection 

technique; they do not necessarily aim to maximize the available diagnostic image 

quality.65, 73 Although the importance of acquisition optimization in tomosynthesis has 

been recognized, and addressed in the literature for both chest, 43, 64, 65, 74  and breast 

imaging, 49, 57, 75, 76 an optimum acquisition protocol for tomosynthesis still remains 
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elusive, possibly leading to lower-than-possible detection performance of current 

tomosynthesis implementations. 

Ideally, the data acquisition scheme in tomosynthesis should be optimized to 

obtain the best rendition of structures in the focal plane with minimal artifacts from out-

of-plane structures, while minimizing dose and scan time. This imposes conflicting goals 

for image quality and dose optimization, since reducing dose and scan time (thus the 

number of projections) will have adverse effect on the quality of the rendered images. 

Thus, to strike a balance between these two apparently opposing goals, there is a need 

for optimizing the acquisition of tomosynthesis.  

In the area of chest imaging, most work in optimization of tomosynthesis has 

come from Godfrey and Dobbins.43, 64, 65 Starting with the practical considerations for 

acquisition in chest tomosynthesis, they found that from the standpoint of patient 

comfort and reducing motion artifacts, an optimum acquisition protocol is a continuous 

acquisition (as opposed to step-and-shoot acquisition mode), and very short exposure 

times with no blank frame to reduce detector lag between image acquisitions.65 The total 

dose to the patient was conveniently set to be equal to about that of lateral screen-film 

chest radiography. An optimum dose level, however, was not investigated. Overall, the 

researchers concluded that given the constraints of their system, a total of 71 projections 

spanning an angular arc of 20o – maximum possible values for their system – is the 
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optimal combination for chest tomosynthesis. Although seminal, these findings were 

specific to their system and thus may not be optimal for other chest tomosynthesis 

prototypes. Recent work on tomosynthesis for detecting lung nodules has suggested an 

optimal angular span of 3o.74 However, angular spans of only up to 9o were investigated. 

The effect of dose or the number or projections were not investigated. With wide scale 

adoption of chest tomosynthesis, more studies on its optimization are expected.  

In the area of breast imaging, a number of tomosynthesis prototypes have been 

built to date. These systems, however, implement different scanning geometries.49, 55, 57, 75, 

76 Thus, studies relating acquisition data scheme to image quality have so far been 

limited to those geometries that could be implemented on a particular prototype. For 

example, in recent implementations of breast tomosynthesis, the total dose delivered to 

the patient has varied between 0.75 and 1 times the standard procedure to comply with 

current examinations but not necessarily based on an optimization scheme. The number 

of angular projections has varied between 11 and 25 with total angular span in the 30o-

60o range for breast imaging.47, 57, 77, 78 That reflects the fact that, there has been no 

consensus on the scanning configuration for breast tomosynthesis.  

The issue of optimization of breast tomosynthesis has been addressed by many 

studies in earnest. 72, 79-81  From just the technique point of view, an optimum choice of 

kVp for tomosynthesis breast imaging was found to be 2-3 kVp higher than the 
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optimum for screening mammography without the use of anti-scatter grid.82, 83 The 

effects of detector operational modes (binning) and imaging geometry (angle and 

number) on temporal performance and spatial resolution of the projection images was 

investigated in [82].  

Since tomosynthesis is performed with a limited number of views, many of the 

investigations to date have focused on the development and comparison of 

reconstruction algorithms.70, 71, 80, 84, 85  For example, Wu et al. presented a comparison 

between different algorithms and reported that maximum-likelihood expectation 

maximization (MLEM) reconstruction algorithm provided best signal contrast over FBP 

or simple back projection algorithm.70 Another study reported that the signal contrast 

with MLEM algorithm was largely independent of the angular span.80  

With regards to the angular span dependency of tomosynthesis image quality, 

some studies characterizing in-plane (detector) resolution with respect to changing 

acquisition parameters have found that the resolution measured in terms of the 

modulation transfer function (MTF) deteriorated by using wider acquisition angles. 

Specifically, compared to central projection, a drop of 28% at the Nyquist frequency was 

observed when the acquisition angle was set to 30o.86 This was also supported by another 

study that demonstrated that the signal detectability decreases, albeit slightly, with 

increasing angular range.80 However, the results were based on a white noise uniform 
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background and thus do not necessarily apply to lesion detectability in mammographic 

backgrounds. Notwithstanding, the decrease in signal transfer with increasing angular 

span is likely due to noisier projections at larger scan angles - the path length through 

the object increases for oblique x-rays, thereby increasing the noise in projections at 

larger angles. Although increase in angular range possibly decreases signal detectability, 

it benefits the tomosynthesis depth resolution, described as the system’s resolving 

power between different slices. Studies have found that the depth resolution increases as 

tan(θ/2), where θ is the angular span of acquisition.87-89  This improvement in slice 

resolution by increasing angular range, however, quickly diminishes once beyond 40°.88 

Thus there is no clear agreement in the community as to the optimal angular range that 

should be employed for breast tomosynthesis.  

The effect of the number of projections has largely been left unaddressed in the 

literature. A  preliminary study of the effects of different number of projections on image 

quality of breast tomosynthesis was discussed in [90].  Another CAD-based optimization 

framework that compared image quality between 21 and 11 projections noted that the 

maximum performance of FP rate of 1.52 at 85% sensitivity was obtained using 21 

projections.79 However, only 21 and 11 projection views were analyzed spanning a fixed 

60o angular arc in 3o increments. Other possible geometrical configurations were not 
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investigated. Moreover, the dose was dependent on the number of projections used and 

therefore, the optimization design was not clinically realistic.  

Finally, few studies have addressed the important issue of acquisition dose level. 

An optimization of patient dose level in tomosynthesis is especially important because 

of two reasons. First, from the point of view of reducing total dose in the breast 

screening population, it is desired to reduce dose levels used in tomosynthesis, which 

are currently artificially set to that used in standard projection technique.  Second, it is 

contended that one of the major limitations of tomosynthesis is accurate portrayal of 

small breast microcalcifications due to low acquisition dose per projection. To overcome 

this shortcoming, each projection may need to be acquired at higher dose levels. To keep 

the total dose constant, fewer projections at higher dose level per projection may 

potentially improve microcalicification detection in tomosynthesis. Of course such an 

implementation with a reduced number of projections requires more robust and 

advanced reconstruction techniques. In absence of such advanced reconstruction 

techniques, however, some studies have nevertheless suggested using variable dose for 

tomosynthesis acquisition to improve microcalcification detection.46, 91 Thus the subject 

of dose and its optimal use in tomosynthesis have not been fully addressed.  

In summary, the optimization studies for tomosynthesis are few and far between, 

and scattered with respect to their approaches towards optimizing the system. No 
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framework has been developed thus far for complete optimization of tomosynthesis 

mechanism. Thus tomosynthesis is currently regarded as an experimental technique - 

promising but unproven. In particular, microcalcification detection and reconstruction 

artifacts continue to remain technical challenges that need to be overcome before 

tomosynthesis can be clinically implemented.  

1.5 The Proposed System: Correlation Imaging (CI)  

1.5.1 Why Correlation Imaging (CI) 

The success of tomosynthesis in improved sensitivity, albeit with preliminary 

evidence, demonstrates that harnessing the geometrical correlation information from 

multiple images, such as tomosynthetic slices, can remarkably improve the detection of 

cancer. Clearly, a multi-projection imaging technique that builds on the advantages of 

standard projection techniques and combines the proven benefits of fusing information 

from multiple images without the confounding effects of the reconstruction artifacts, has 

potential to improve the accuracy of cancer detection. 

Correlation Imaging (CI) is such a realization of multi-projection imaging scheme 

in which a plurality of digital radiographic images of the same patient is acquired within 

a short interval of time from slightly different angles. The acquisition protocol is similar 

to tomosynthesis technique with a difference that the images are directly analyzed 
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instead of reconstructing them, thereby avoiding reconstruction artifacts. These images 

are similar to projection images acquired in standard projection technique, except that 

each of the angular projections is acquired with a lower dose level such that the total 

patient dose is within the bounds of an optimized acquisition. The acquired images are 

then processed by a combinatorial technique that exploits the differences in geometrical 

perspectives that different projections offer to establish spatial correlation information 

between different angular projections. This information is used to identify and 

positively reinforce the lesion signals between different projections, thus minimizing the 

fundamental limiting factor imposed by anatomical noise on the detection of lesions. A 

schematic of CI and its relationship to tomosynthesis is shown in Figure 4. 
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Figure 4: Schematic of Correlation Imaging (CI) illustrating its lineage.  

 
The acquisition protocol of CI is similar to tomosynthesis. In contrast to 

tomosynthesis, however, the projection images are directly analyzed by a computer 
algorithm to fuse information from multiple images. 

 

1.5.1.1 Clinical Significance of CI 

CI meets the unmet need in diagnostic radiology for a technique that enables 

radiologists to faithfully differentiate cancer from normal tissue and show cancers 

hidden by superimposition of anatomical structure. The technique has applications in 

lung and breast cancer detection. When combined with a rapid acquisition digital x-ray 
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detector, CI can be implemented on modified radiographic imaging systems in a cost-

effective way, and incorporated to yield high patient throughput. Practically, CI can be 

implemented in different forms including scrolling the images manually or in cine 

mode, stereoscopic display of projections images, or computer-aided analysis of the 

images. Overall, if perfected and implemented using optimized data acquisition scheme, 

CI could provide a simple and accurate cancer diagnosis over projection imaging 

techniques at lower patient dose levels. 

Compared to tomosynthesis, CI technique could provide a simpler, faster and 

lower cost alternative with comparable or better performance for the detection of cancer, 

potentially at lower dose levels. Furthermore, the absence of the need to reconstruct 

images, and thus the associated artifacts inherent in tomosynthesis imaging, provides 

the CI technique an immediate advantage in terms of the diagnostic image quality. 

Moreover, as compared to tomosynthesis in which as many as 50−80 slices may need to 

be reviewed depending on the size of the patient, the CI technique may entail 

investigating a significantly fewer number of images, resulting in higher throughput 

and potentially improved confidence or even accuracy of a radiologist’s decision.  

We also envision the use of CI as an adjunct to tomosynthesis imaging, with no 

added patient dose. The CAD technique developed for CI may be applied to the 

projection images acquired in the process of tomosynthesis imaging, providing the 
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radiologist with a second diagnostic opinion. Thus, as with tomosynthesis, besides 

mammography and chest imaging, CI could be used in a wide ranging applications 

including, but not limited to, brachytherapy,92 hand arthritis,93 dental,94 and 

radiotherapy applications.95  

1.5.2 Optimization of CI 

Similar to tomosynthesis, in CI several possible combinations of its data 

acquisition parameters such as the acquisition dose level, the number of angular 

acquisitions, and the total angular span of those acquisitions may be used. Not all of 

these combinations, however, are optimal – certain combination of these parameters 

may quickly distort pathological indicators, making it important to derive an optimum 

acquisition scheme that would make CI maximally effective.  

While some initial studies on optimization of tomosynthesis have been 

conducted, as noted in the previous sections, they cannot be directly applied to CI. This 

is because most of the current optimization protocols are not based on maximizing the 

quality of output images – which is an important factor in characterizing the clinical 

utility of a system.73 

The optimization, therefore, should focus on the dependence of imaging system 

performance on system configuration and derive a specific configuration that delivers 

best system performance. An optimized data acquisition scheme will yield superior 
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diagnostic accuracy of CI, particularly important for the early detection of cancer. 

Furthermore, optimizing acquisition parameters will allow to fully realize the potential 

of CI in delivering superior diagnostic performance at a dose level lower than that 

delivered in standard procedures. This would be in line with the “as low as reasonably 

achievable” (ALARA) dose principle governing cancer screening.  

1.5.2.1 Overlap of CI and Tomosynthesis Optimization 

Since the acquisition in CI is identical to tomosynthesis, optimization of CI lends 

itself to optimization of tomosynthesis.  

Tomosynthesis is based on a unique imaging paradigm in that both the 

projection images and the reconstructed slices have identical in-plane resolution thus 

making both these set of images valuable for diagnosis. Unlike reconstructed slices, 

however, projection images are not affected by reconstruction artifacts and thus provide 

an untainted insight into the tomosynthesis mechanism. Thus, by corollary, maximizing 

the image quality of the projection images by optimizing CI should in turn potentially 

optimize tomosynthesis. Moreover, understanding the relationship between the 3D and 

projection image quality may lead to optimization of the imaging geometry and 

reconstruction filters for tomosynthesis. Based on this reasoning, in this study, we 

designed a comprehensive framework to analyze the effect of acquisition parameters on 

reconstructed slices as well as projection. A comparison of the optimized performance of 
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CI and tomosynthesis will facilitate an assessment of the impact of reconstruction on 

tomosynthesis image quality, and most importantly, provide a comprehensive 

optimization rule for tomosynthesis.  

1.6 Specific Aims 

This work proposes a new optimized image acquisition and processing 

approach, namely, multi-projection Correlation Imaging (CI). The hypothesis of this 

study was that the detection of cancer can be improved by minimizing the undesirable 

influence of overlying anatomical noise by harnessing correlation information between 

multiple projections of the same patient in an optimized fashion. Grounded on this 

hypothesis, this research aims to (a) theoretically demonstrate the clinical advantage in 

using CI over standard projection technique as a new diagnostic tool for improved 

cancer detection, (b) develop and validate a framework to optimize the image 

acquisition process in CI, (c) use this framework to optimize CI and its other multi-

projection imaging counterpart, namely tomosynthesis, (d) compare clinical 

performance of CI with tomosynthesis, and finally (d) implement CI in the form of a 

new multi-projection imaging device that enables CI for chest imaging. 

It may be noted, that the theoretical analysis and optimization of CI will be 

presented in the context of breast imaging. However, this framework for analyzing CI is 

generic in nature and may be utilized to assess the performance of CI for chest imaging. 
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Following are the specific aims of this research work: 

1. Develop a mathematical observer-based methodology to emulate diagnostic 

detection process in radiographic images and benchmark its utility for assessing 

the effects of dose reduction in mammography.  

2. Develop algorithms to combine diagnostic decisions from multiple images 

available in multi-projection imaging scheme, particularly Correlation Imaging 

(CI) technique to determine its overall performance, and to demonstrate 

potential clinical advantage of the CI technique.  

3. Develop a theoretical platform to investigate optimal acquisition parameters to 

yield maximum diagnostic information available from CI. 

4. Investigate diagnostic performance of CI and validate the theoretical platform in 

one particular implementation for breast imaging. 

5. Extend the theoretical platform to optimize image acquisition parameters in CI 

and tomosynthesis under clinically-relevant conditions, and finally 

6. Construct a new multi-projection imaging system for application of CI in chest 

imaging. 

1.7 Chapter Layout 

The chapters in this thesis are ordered based on the above specific aims. 

Organization of these chapters is presented here. 
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1.7.1 Chapter 2: Theoretical Modeling 

This chapter presents the theoretical model that emulates diagnostic detection 

process in radiographic images. The model is developed in the context of an analyzing 

the effect of reduction of dose in mammographic screening procedures on the detection 

of breast lesions. The database for this analysis consists of digital mammograms. 

The theoretical model is based on Laguerre-Gauss and Gabor channelized 

Hotelling model observers (CHO) that behave like surrogate human observers. The 

performance metric is based on the detectability of simulated masses under a signal 

known exactly but variable (SKEV) detection task paradigm and is measured in terms of 

receiver operating characteristics (ROC) curves and area under ROC curves (AUC). This 

detection model serves as an underlying foundation for investigating the clinical utility 

of CI in which multiple radiographic images are presented to the reader. This chapter 

was published as a first-author publication in journal Medical Physics.96   

1.7.2 Chapter 3: Feasibility Study and Optimization Framework 

In this chapter, the detection model presented in the last chapter is extended to 

multiple projection images acquired in a CI setup. The underlying detection processes in 

CI are modeled as a sequence of mathematical observer detection problems to predict its 

diagnostic performance. Specifically, two methodologies to fuse lesion detectability 

information from multiple images to arrive a combined diagnostic decision is described, 
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both using the area under the ROC curve (AUC) as the overall figure of merit. 

Furthermore, an optimization framework is presented that provides a platform to 

compare different combinations of acquisition components in a CI that maximizes lesion 

detectability.  

The image database for this part of the study consists of low-dose projection 

images of human subjects recruited for our ongoing tomosynthesis clinical trial. The 

methodology, therefore, is limited to lower than clinically-relevant dose levels, but 

provides an important insight into the inherent information content of the multi-

projection image data reflecting the relative role of quantum and anatomical noise in 

multi-projection breast imaging. This optimization scheme serves as an important tool to 

determine optimized acquisition scheme for CI as well as tomosynthesis. This chapter 

was published as a first author in the journal of Medical Physics.97  

1.7.3 Chapter 4: CADe Validation of Optimization Framework  

While the observer model calculations above provide a mathematical analysis of 

the clinical decision process underlying multi-projection technique, they do not provide 

an avenue for clinical implementation. CAD processing of the data from the multi-

projection system is, therefore, one way to implement the CI technique. Toward that 

end, a Computer Aided Detection (CADe) processor is developed for CI configuration 

and is described in this chapter. The images used for this phase of the study are similar 
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to that used in the previous stage. The CADe methodology is thus also limited to low 

dose levels, however, the key goal of this step is to use CAD system to validate the 

earlier results from the mathematical observer model in terms of optimal acquisition 

parameters.  

Performance of the CI system is determined in terms of free-response receiver 

operating characteristic (FROC) curves and the area under the ROC curves. For 

optimization, the components of acquisition such as the number of projections, and their 

angular span are systematically changed to investigate which one of the many possible 

combinations maximizes the obtainable CADe sensitivity and specificity. This chapter 

was published as a first author in the journal of Academic Radiology.98 

1.7.4 Chapter 5: Optimization Rule for CI and Tomosynthesis 

Having developed and validated a framework for modeling the diagnostic 

decision process and optimizing the image quality of a multi-projection imaging system, 

the framework is applied to optimize CI and tomosynthesis – two forms of multi-

projection imaging system. This analysis is detailed in chapter 5. The analysis is based 

on clinically relevant conditions of realistic anatomical backgrounds in the form of 

mastectomy specimens and includes a wide range of dose levels, including clinical dose 

levels, for comprehensive dose optimization. Furthermore, the work facilitates a direct 

comparison of CI with tomosynthesis. The approach is also used to determine the 
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inherent information content in tomosynthesis, thus determining the upper limit in 

detection performance of tomosynthesis. This chapter has been submitted as a first 

author manuscript to the journal of Medical Physics.99 

1.7.5 Chapter 6: Application of CI in Chest Imaging 

Having developed a basic understanding of the CI technique and establishing its 

clinical utility in breast imaging, another potential avenue of it application in chest 

imaging is explored in the form of a  dedicated CI system for chest imaging developed at 

the Radiology Department of the Duke Hospital. The system is capable of acquiring 

multiple full-field projections of the same patient along both the horizontal and vertical 

axes at variable speeds and acquisition frame rates. The physical design considerations in 

the development of such a system is detailed in Chapter 6. The chapter also reports initial 

performance in our ongoing clinical trials using the system for stereoscopic and Bi-plane 

Correlation Imaging (BCI). Finally, its application in CI and tomosynthesis is put forth. 

This chapter was published as a first author in the journal of IEEE.100 

1.7.6 Chapter 7: Summary, Conclusions and Future Work 

This chapter summarizes the results of the previous chapters and proposes a 

guideline for improved cancer detection using optimized CI and tomosynthesis. It then 
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describes possible extension of the present work to further improve and fine tune CI and 

tomosynthesis.  
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2. Mathematical Observer–based Theoretical Model of 
Diagnostic Detection Process 

 

This chapter introduces mathematical observer model used to formulate the 

detection process inherent in diagnostic interpretation of radiographic images. Such 

observers have been used in the past to predict the performance of human observer in 

clinically realistic tasks.101-105 We have extended the contemporary model observer-based 

methodologies to incorporate clinically realistic parameters, making our methodology 

more robust for predicting expected human clinical performance. This chapter provides 

a detailed report of these novel add-ons in the context of investigating the effect of 

reduced radiation dose on the detection of mammographic lesions. The methodologies 

presented in this chapter will lay a foundation on which the interpretation process 

underlying CI will be built upon in later chapters. 

2.1 Introduction 

Early detection of breast cancer is largely contingent on the image quality of 

mammograms. There are many aspects of image quality. Among those, it highly 

depends on the amount of x-ray exposure, and thus the patient dose, used to form the 

images. Existing guidelines define upper limits of 4 mGy for the mean glandular doses 

(MGD) at a representative breast thickness106 with clinical values ranging between 0.3–
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12mGy.107 However, currently there are no strict protocols for optimizing radiation dose 

in mammography such that dose may be minimized without compromising diagnostic 

quality. 

Since the breast is a highly radio-sensitive organ, it is important that the dose level 

during screening mammography be kept as low as possible so that screening in itself 

does not unduly increase the risk of breast cancer induction. Research studies have 

aimed to optimize the benefit-to-radiation risk ratio of digital mammographic screening 

procedures.108 Berns et. al. showed that dose values can be lower for digital systems than 

screen-film systems.109 A recent study by Gennaro et al.110 on phantoms concluded that 

this dose reduction factor could be as much as 50% while still preserving image quality 

above screen/film standards. Besides reducing the adverse effects of radiation dose, another 

rationale for lowering dose of X-ray mammography comes from the fact that detectability 

of lesions in mammograms is confounded by overlapping anatomical structures – a 

characteristic inherent to most projection imaging techniques. In fact it has been 

suggested that anatomical variability could be the biggest factor limiting the detection of 

breast cancer, both by radiologists and by computer assisted diagnosis (CAD) systems.21 

This limitation of mammography is not governed by the amount of x-ray exposure and 

hence the dose level delivered to the breast. Thus it is contended that dose levels in 
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mammographic procedures can potentially be reduced with a lesser impact on the 

detectability of lesions than that caused by anatomical variations. 

One way to assess the impact of reduced dose levels on the detection of breast 

lesions is to use mathematical model observers. Such observers have been used in the 

past to predict the performance of human observer in clinically realistic tasks. Most 

previous studies based on such observers have used raw (unprocessed digital) images as 

direct input to the observer models, thereby overlooking the fact that in a clinical 

situation, the digital image values are converted to luminance values for the 

radiologist’s interpretation. To emulate realistic diagnostic tasks, it is only logical that 

luminance values corresponding to the digital values of mammograms be used as input 

to observer models, though rarely implemented.111 Furthermore, majority of previous 

studies have only used a signal-known-exactly (SKE) detection paradigm where the 

same lesion whose shape and size are known a priori is embedded on variable 

backgrounds which are either or real,102  or computer generated.103, 104 Recently, signal-

known-exactly-but-variable (SKEV) framework was introduced as a better 

approximation to clinically relevant task of a signal known statistically paradigm.112, 113  

Under SKEV paradigm, the shape and size of signal are changed from one image to 

another. Prior implementations of SKEV have used a forced choice paradigm without a 

complete Receiver Operating Characteristics (ROC) analysis.105 
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In this work, mathematical model observers were used to investigate the impact 

of reduced dose on the detection of breast lesions. The detectability of simulated masses 

and microcalcifications at reduced dose levels were analyzed and compared with the 

detectability on mammograms acquired with clinical dose levels. To simulate clinically 

relevant situation, first raw (unprocessed digital) images obtained from a 

mammography system were processed with techniques typical of clinical 

mammograms. Next, the post-processed images were mapped to luminance values 

before using them as inputs to model observers. Furthermore, using a SKEV diagnostic 

paradigm with variable backgrounds, a complete ROC analysis was performed and the 

area under the ROC curves (AUC) computed to compare detectability at different dose 

levels. 

2.2 Materials and Methods  

A. Image Database 

Images used in this study were clinically-acquired at 25-30 kVp with 

molybdenum anode using a clinical flat-panel cesium iodide-based digital 

mammography system (Senographe 2000D, GE Medical Systems, Milwaukee, WI). 

Based on normal radiologist’s report, a total of 300 normal craniocaudal view 

mammograms were pooled. From each of these mammograms, a region of interest (ROI) 

of size 512 x 512 (5.12 x 5.12 cms taking into account the detector pixel size of 100µm) 
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was extracted. The resultant 300 ROIs were used as the signal (lesion)-absent set of 

backgrounds for training the observer models. Another set of signal-present images 

were generated by digitally inserting realistic simulated masses and microcalcifications 

in signal-absent backgrounds by a routine previously published.114, 115 This routine relied 

on the measured characteristics of real lesions to create simulated lesions with a realistic 

appearance.  Four different types of lesions were produced: typically malignant masses 

(modeled after irregular ill-defined and irregular spiculated masses), typically benign 

masses (modeled after oval circumscribed and oval obscured masses), and typically 

malignant microcalcifications (fine linear branching and clustered pleomorphic 

microcalcifications).  The lesion sizes chosen led to masses with a diameter of 3.3–4.1 

mm while individual microcalcifications of 0.35 mm in average diameter were located 

inside microcalcification distributions with 4–7 mm in diameter.  The lesion contrast was 

set assuming a heterogeneous breast (50% glandular/50% adipose tissue, representing an 

average breast composition) and accounting for the applicable target/filteration 

combination, acquisition kVp, detector material, and appropriate scatter fractions.  

Fifty different realizations of each of the four lesion types were simulated 

generating in total 200 lesion realizations. They were added to the mammograms in a 

logarithmic scale to model the x-ray attenuation process.  A lesion was placed at the 

center of a mammographic background, creating a total of 50 signal-present images for 
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each lesion type. Same 50 backgrounds were used for each lesion type. To simulate real 

clinical situations, the backgrounds corresponding to the 50 signal-present images were 

different from the 250 backgrounds without signal. Figure 5 shows examples of the 

simulated lesions. 

 Following the insertion of the lesions, a noise modification routine was used to 

add radiographic noise to clinically- acquired mammograms to create images with a 

noise appearance similar to that caused by a reduction in radiation dose. Noise 

equivalent of a particular dose level was determined using a novel algorithm, which has 

been reported earlier in detail.116 The routine accounted for the quantum noise variance, 

the detector transfer properties, the scattered radiation, and the impact of varying 

attenuation due to breast structures. By changing the noise magnitude, dose reduction 

corresponding to half (50%) and quarter (25%) of the original clinical exposure levels 

were simulated. Image post-processing techniques typical of clinical mammograms were 

applied to the images with the appropriate window and level parameters for each 

mammogram determined by an experienced mammographer. Figure 6(a) shows an ROI 

of a typical mammogram with a malignant mass located at the center of the image. 

Figures 6(b) & 6(c) show the same mammogram with added simulated noise 

corresponding to one half and a quarter of the full-dose level, respectively.  



 

 

41

 

      (a) Malignant mass     (b) Benign mass     (c) Fine linear branching  (d) pleomorphic  

                                                                                        microcalcification      microcalcification 

Figure 5: Example of 4 different realizations of simulated lesions: (a) malignant mass (b) 
benign mass (c) fine linear branching microcalcifications and (d) pleomorphic (pleo) 

malignant microcalcifications.  

These lesions were embedded on real mammographic backgrounds. 
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(a) Full Dose 

 

 
 

(b) Half Dose 

 

(c) Quarter Dose 

Figure 6: Example ROIs of signal-present mammograms with a malignant lesion 
present at the center.  

(a) shows an ROI of a mammogram acquired at the clinical dose level. (b) and (c) 
show the same ROI with added noise corresponding to half and quarter of the full-dose 

level, respectively. 
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B. Luminance transformation 

Most previous studies based on observer models have used raw (unprocessed 

digital) images as direct input to the observer models, thereby overlooking the fact that 

in a clinical situation, the digital image values are converted to luminance values for the 

radiologist’s interpretation. Therefore, it is only logical that luminance values 

corresponding to the digital values of mammograms be used as input to observer 

models, though rarely implemented.111 

To simulate such a realistic clinical setup, each of the ROIs from step A was 

mapped into luminance values according to the expected display luminance 

transformation/calibration function. The specific display function used in this study was 

the DICOM GSDF which has been recommended by the TG18 committee and is used as 

the de facto standard for grayscale calibration of soft-copy displays.117 The images were 

transformed to luminance domain via accordance with an 8-bit look-up table covering 

DICOM calibration between a minimum luminance of 0.5 cd/m2 and a maximum 

luminance of 300 cd/m2. The luminance-mapped ROIs were then used as input to the 

observer models. 

C. Evaluation of Statistical Significance 

Statistical resampling methods (i.e. bootstrap) were used to test the statistical 

significance of differences in AUCs obtained for the detection at different dose levels.118 
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This was performed as follows: At each dose-level, 500 bootstrap samples of 50 signal-

present images and of 250 background images were generated. For each bootstrap 

sample, an ROC curve and AUC were determined by the method described earlier.  This 

procedure was repeated for all 500 bootstrap samples obtaining a set of 500 ROCs, and 

thus a set of 500 AUCs for each dose-level. These sets of 500 AUC values were then 

subtracted in pair and the mean of differences and the standard deviation of the 

differences were computed as an approximation to the standard error of the difference 

of the means of the AUCs. Differences in AUCs were compared using one-sided z-tests 

assuming that the dose reduction would only decrease the detectability performance. If 

the ratio of the mean of differences and the standard error of differences, denoted as the 

z-value, was more than 1.64, the differences seen in AUCs at different dose levels were 

denoted as being statistically significant with a 95% confidence interval. 
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2.3 Theoretical Model of Clinical Detection Process 

One approach to evaluate the diagnostic detection process is through assessment 

by a human observer.  However, such an approach can be subjective and time 

consuming. Mathematical observers model clinical practice and also make a clear 

connection between image quality and diagnostic performance. By combining a task that 

is specific to the application with mathematical predictors of human performance, such 

models provide a mechanism to evaluate clinical images in a more robust and 

predictable fashion. Observer models have been used to predict human observer 

performance in clinically relevant visual tasks such as the detection of lesions in a 

complex background structure.101, 102, 105 This section presents two such mathematical 

observer models used in this research.  

2.3.1 Mathematical Observer Models 

We used a specific implementation of a particular class of observer models, the 

Hotelling observer. Hotelling Observer is a linear observer. It has been shown earlier 

that linear observers are good predictors of human visual performance under various 

tasks involving simulated pathology embedded in real image backgrounds.101, 102, 105, 119-121 

Towards that end, computationally simpler implementation of Hotelling observers, 

called Channelized Hotelling Observer (CHOs), are used.122 In this study, two such 
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functions were used, namely the Laguerre-Gauss functions which model an ideal 

observer and an anthropomorphic set of channels, called Gabor Functions, which assess 

the visual system of human observer.  

2.3.1.1 Laguerre-Gauss Channelized Hotelling Observer (LG CHO) 

The Laguerre-Gauss channels are smooth functions which are a product of 

Laguerre polynomials and Gaussians. The functions use a distance scale related to the 

signal radius which defines the variance of the Gaussian.101 It is generally iteratively 

adjusted to maximize the area under the ROC curves. For the lesion size in the 3-7 mm 

range used in this research, a value of 8 for the distance scale was found to maximize the 

AUC. Figure 7 shows the spatial form of the first 8 Laguerre-Gauss channels, while 

Figure 8 shows the frequency response of these channels. 

A pilot experiment was conducted to investigate the number of channels 

required to satisfactorily represent the lesion template in the channel space. Towards 

this end, backgrounds with four levels of white Gaussian noise with standard deviations 

of 0.25, 0.5, 1, and 2 were generated. Simulated masses were inserted on these 

backgrounds to generate signal-present images. A simple template-matching ideal 

observer was constructed and its performance, in terms of AUC, was compared with 

that of LG CHO. An average performance of the two observers was computed with 

different realizations of the noise at each of the four noise levels of the background. It 
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was found that a total of 10-channels provides a stable representation of the lesion 

template. To confirm these findings, another experiment was conducted using the 

mammographic backgrounds and the four lesion types used for the main study. In this 

case the performance of LG CHO was measured in terms of AUCs as a function of 

number of channels. A total of 10 channels was found to maximize the observer 

performance. Observer performance reaches an asymptote with further increase in the 

number of channels. These results indicated that a total of 10 LG channels are sufficient 

to represent the four lesion types, even though generally 6 channels are considered 

adequate for characterizing isotropic signals.122   
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Figure 7: Spatial form of the first 8 Laguerre-Gauss channels. 

 

 

Figure 8: Frequency response of Laguerre-Gauss channels. 
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2.3.1.2 Gabor Channelized Hotelling Observer 

While LG channels are efficient in modeling the ideal observer in tasks involving 

Gaussian noise and Gaussian backgrounds, they do not mimic the contrast sensitivity of 

the human eye. With widespread use in physiological and psychophysical experiments, 

Gabor functions are based on the response of neurons to a small spot of light as a 

function of position.123 Figure 9 shows the spatial distribution of the Gabor channels and 

Figure 10 provides a visual representation of the frequency response of these channels. 

Figure 11 shows a cut through the frequency response and demonstrates how Gabor 

channels sample the contrast sensitivity of the human eye. The figure also illustrates the 

band-pass characteristics of the Gabor channels. Per earlier psychophysical studies,103, 124 

in our implementation, the channels had an octave bandwidth of 1 and orientations of 

0o, 45 o, 90 o, and 135 o to sample the full range of orientational dependencies. Central 

frequencies chosen were 0.5, 1, 2, 4, 8, 16, 32 cycles/degree. These, with the odd and even 

phases add upto a total of 56 channels. The lower limit of central frequencies, 0.5 

cycles/deg, was chosen to incorporate the lesions (whose size varied from 4-8 mm) and a 

sufficient surrounding background of about 110 mm around the lesions. This keeps the 

context information intact around the lesions and also corresponds to the region to 

which human eye gets adapted to when looking at an image from a typical viewing 

distance of 50 cm.125 The upper limit of the chosen central frequencies was the octave 
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frequency closest to the contrast sensitivity limit of the human eye, which is at 30 

cycles/degree.126 This can be seen in Figure 9 that shows that one of the channels has 

maximum gain near 30 cycles/degree. For a typical soft-copy display pixel size of 0.144 

mm, 30 cycles/degree is also close to the Nyquist frequency of 30.30 cycles/deg at a 

typical viewing distance of 50 cm.  

2.3.1.3 Dimensionality reduction using Hotelling observers 

One important advantage of using channels-based Hotelling Observer is that the 

channelized approach provides a reduction in dimensionality of the available clinical 

images. A non-channelized Hotelling observer uses a linear function of the pixels of an 

image and takes correlation in the image background into account to compute its test 

statistics. Consequently, it requires an estimate of the sample covariance matrix from the 

original images to incorporate statistical fluctuations in the image. That estimation from 

the limited number of clinically available images necessitates a reduction in the size of 

the sample covariance matrix. The channelized Hotelling observers such as those used in 

this study extract essential linear features from the image thereby considerably reducing 

the dimensionality of the problem. This reduction in dimensionality afforded by LG 

CHO and Gabor CHO is illustrated in the following Figure 12. 
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Figure 9: Spatial form of the first 8 Gabor channels. 

 

Figure 10: Frequency response of Gabor channels. 
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Figure 11: A cut through the frequency response of Gabor channels shown in 
Comparison of frequency response of Gabor channels with contrast sensitivity of the 

human eye.  

Octave bandwidth of Gabor channels was 1, centered at frequencies 0.5, 1, 2, 4, 16, 
and 32 cycles/degree, each oriented at 0o. 
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Figure 12: The mechanism of dimensionality reduction made possible by 
channelized Hotelling observers, such as LG CHO and Gabor CHO. 

Np is the dimension of the original clinical images. Nc is the number of channels 
used. Rg is the final image with reduced dimension (1 x Nc). 

 

 Observer model – based framework for evaluating clinical 
performance 

 

The model observers described in the previous sub-section may be applied to the 

clinical images to evaluate their image quality. In doing so, majority of previous studies 

have only used a signal-known-exactly (SKE) detection paradigm where the same lesion 

whose shape and size are known a priori is embedded on variable backgrounds which 

are either or real 101, 102  or computer generated.103, 104 Recently, signal-known-exactly-but-
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variable (SKEV) framework was introduced as a better approximation to clinically 

relevant task of a signal known statistically paradigm.112, 113 Under SKEV paradigm, the 

shape and size of signal are changed from one image to another. Prior implementations 

of SKEV have used a forced choice paradigm without a complete Receiver Operating 

Characteristics (ROC) analysis.105 In this study, SKEV diagnostic paradigm with variable 

backgrounds was used as a detection task for the observer models. Such a task presents 

a clinically relevant scenario for image quality analysis. Moreover, a complete ROC 

analysis was performed and the area under ROC curves (AUC) was computed as a 

measure of clinical image quality. This technique will be detailed here. 

To analyze clinical image via observer models, the channel responses of the 

images were first calculated. Channel responses were computed as the dot-product 

between the channels vector and the lesion (signal)-present image vector, lesion (signal)-

absent image vector (also referred to as background vector), and lesion (signal)-only 

image vector. The channel weights corresponding to each ith lesion were determined as 

                                                                                                                                        (2.1)                          

where cK  is the covariance matrix of the channel responses of the image backgrounds 

and
i
sR  is the channel response to ith lesion-only image, where M is the number of 

different types of lesions. The covariance matrix was determined from the signal-absent 

 1,...,i M=,i -1 i
c c sw = (K ) R
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images since the inserted lesions were of low contrast and did not affect the covariance 

matrix.  

Next, the decision variables for signal-present and signal-absent cases were 

computed as the dot-product of the channel weights and channel responses of the 

signal-present and signal-absent mammograms, respectively. For each ith signal-present 

image, decision variable corresponding to signal-present case was computed as dot-

product of that image with the ith lesion template, whereas decision variables for signal-

absent cases were calculated as dot-products of signal-absent backgrounds with the ith 

lesion template. Thus for each lesion i, a single decision variable corresponding to 

signal-present case was computed, whereas N decision variables were computed for the 

N signal-absent backgrounds in the database. This was repeated for all the M lesion 

templates available in the databases. These decision variables were thus computed by  

                       1   ( )i i t i
c g1w Rλ =    for ith lesion present image,  

                         0   ( )  ij i t j
c g0w Rλ =  for jth lesion-absent background,        (2.2) 

where i
g1R  is the response of an ith image background with ith lesion embedded in it, 

and
j

g0R  is the response of jth signal-absent background; i varies between 1 and M, and j 

varies from 1 to N. This methodology is in line with the SKEV paradigm in which each 

of the N signal-present images had a different but known lesion present. M ROC curves 
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were, thus, obtained for the M lesions using this procedure. These curves were non-

parametric in nature and were derived by simple thresholding on the probability density 

function (pdf) of the decision variables. The ROC curves were then averaged along their 

true-positive fractions to generate a final mean ROC. The area under the mean ROC 

curve (AUC) was determined using the trapezoidal rule. Finally, detectability index, dA, 

were computed from the AUC values as 2erf-1(2AUC-1), where erf-1 is the inverse of 

error function. A schematic of the methodology is shown in Figure 13. 
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Figure 13: Schematic for the computation of ROC curve for Signal Know Exactly but Variable (SKEV) task.  

The image database had M different lesion-present images (denoted with subscript i) each with a different lesion embedded 
in it. There were N signal-absent or “normal” image backgrounds (denoted with subscript j). The symbol “*” denotes dot-product. 
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2.4 Results of the Effect of Reduced Dose on Mammography 

Figures 14 and 15 show mean ROC curves obtained from Laguerre-Gauss (LG) 

and Gabor channelized Hotelling observers (CHOs), respectively. The corresponding 

AUCs with their associated standard deviations are plotted in Figure 16 and tabulated in 

Table 1. These AUC values were consistent with prior literature.127-133 The sensitivity at 

70% (and 90%) specificity for the three dose levels obtained by LG CHO were 100% 

(95%), 100% (95%), and 98% (90%) for benign masses, 100% (92%), 98% (90%), and 98% 

(90%) for malignant masses, 67% (50%), 79% (52%) and 76% (45%) for fine linear 

branching microcalcifications and 72% (30%), 68% (28%), and 64% (22%) for 

pleomorphic microcalcifications. The sensitivity at 70% (and 90%) specificity level for the 

three dose levels obtained by Gabor CHO were 100% (95%), 95% (83%) and 88% (72%) 

for benign masses, 100% (96%), 100% (95%), and 98% (88%) for malignant masses, 55% 

(35%), 72% (35%), and 62% (35%) for fine linear branching microcalcifications, and 60% 

(45%), 68% (45%), and 55% (32%) for pleomorphic microcalcifications. 

The mean of pair-wise differences in AUCs obtained from 500 bootstrap samples 

of the decision variables at each dose levels are plotted in Figure 17. Also plotted are the 

standard errors. These values are listed in Table 1. A paired one-sided z-test evaluation 

of the results obtained from Gabor CHO showed, with a 95% confidence interval, that 

the differences in AUCs for the detection of malignant masses and microcalcifications 

with a 50% dose reduction were not statistically significant (z-values < 1.64). However, 
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this reduction in dose causes statistically significant differences in detectability of benign 

masses. LG CHO indicates significant differences in the detectability of benign masses as 

well as pleomorphic microcalcification, with a 50% reduction in dose. With reduction in 

dose level by 75%, Gabor CHO indicates significant difference in detectability of benign 

and malignant masses, whereas LG CHO indicates significant differences in the 

detection of benign masses and pleomorphic microcalcifications. Regardless of statistical 

significance, all comparisons indicate a drop in detectability of masses with a reduction 

in dose. 

Based on the range of dose levels considered in this study, it may be concluded 

that in contrast to screen/film mammography in which a recent trend has been to 

increase radiation dose,134 any further increase in clinical dose already delivered may not 

improve the detectability of mammographic lesions in digital mammography. 

Furthermore, although not statistically significant, absolute means of differences in 

AUCs are higher for the case of microcalcifications than for masses, indicating that a 

reduction of dose may affect the detection of microcalcifications more than that of 

masses.  

To summarize, this study showed that patient dose in mammographic screening 

should be optimized based on clinical decision (that is the final outcome of the 

radiological process). Different observer models used in this research show that 

reduction in dose-level by 50% did affect detectability of masses although with 
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borderline statistical significance. Dose reduction by 50%, however, did not have a 

statistically significant reduction in detection of microcalcifications except in one case 

where the reduction was marginally significant. 

Based on the range of dose levels considered in this study, the results also 

suggest that any increase in dose level than the clinical levels currently used may not 

improve diagnostic performance. The present findings need additional confirmation by 

rigorous clinical trials and human observer studies before being implemented clinically.  
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Figure 14: ROC curves obtained from Laguerre-Gauss channelized Hotelling 
Observer as a measure of detectability of four different lesion types at three dose levels.  

The four lesion types were (a) benign and (b) malignant masses; (c) fine linear 
branching and (d) pleomorphic microcalcifications. Full-dose denotes the typical clinical 

dose level used in standard mammographic screening procedures. 
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Figure 15: ROC curves obtained from 56 Gabor Channelized Hotelling Observer 
as a measure of detectability of (a) benign and (b) malignant masses; (c) fine linear 

branching and (d) pleomorphic microcalcifications. 
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Figure 16: Illustration of computed AUCs and the standard deviations associated 
with the detection of different lesion types in mammograms at three different dose 

levels.  

These values were based on the detectability performance of Laguerre-Gauss (a) 
and Gabor (b) channelized Hotelling observers. 
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Table 1: AUCs (± std. dev.), ∆AUC (z-stat value) obtained with (a) LG CHO and 
(b) Gabor CHO.  These values are a measure of differences in detection performance on 

luminance-mapped mammograms at 100 %, 50 %, and 25 % of clinical dose levels.  

AUCs were obtained from 500 bootstrap samples of the decision variables. z-stat values 
are a measure of significance of the null hypothesis that there is no deterioration in 
performance with reduction in dose. The critical value for one-sided z-test is 1.64 at 5%.  

 
 

Figure of 
Merit 

 LG CHO
dA 

(±std. dev.) 
AUC 

    (±std. dev.) 
ΔAUC 

(z-stat value) 

Full Half Quarter Full Half Quarter Full – 
   Half 

Full –
Quarter 

Benign 
Mass 

 
2.602 

± 0.174 

 
2.464 

± 0.172 

 
2.301 

± 0.181 

 
0.964 

± 0.009 

 
0.954 

± 0.011 

 
0.941 

± 0.014 

 
0.009 
(1.77) 

 
0.023 
(2.42) 

Malignant 
Mass 

 

 
2.505 

± 0.180 

 
2.392 

± 0.181 

 
2.322 

± 0.196 

 
0.958 

± 0.010 

 
0.950 

± 0.012 

 
0.946 

± 0.015 

 
0.008 
(1.18) 

 
0.01 

(1.19) 

Calc (flb) 
 

1.059 
± 0.226 

 
1.111 

± 0.242 

 
1.043 

± 0.231 

 
0.768 

± 0.047 

 
0.780 

± 0.049 

 
0.762 

± 0.049 

 
-0.012 
(0.53) 

 
0.006 
(0.23) 

Calc (Pleo) 
 
      

 
1.024 

± 0.214 

 
0.757 

± 0.235 

 
0.641 

± 0.221 

 
0.768 

± 0.048 

 
0.698 

± 0.060 

 
0.667 

± 0.059 

 
0.069 
(1.75) 

 
0.10 

(2.25) 
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Merit 

 Gabor CHO
dA 

(±std. dev.) 
AUC 

    (±std. dev.) 
ΔAUC 

(z-stat value) 

Full Half Quarter Full Half Quarter Full – 
 Half 

Full –
Quarter 

Benign 
Mass 

 
2.626 

± 0.184 

 
2.202 

± 0.181 

 
1.832 

± 0.199 

 
0.965 

± 0.008 

 
0.935 

± 0.015 

 
0.897 

± 0.024 

 
0.03 

(2.46) 

 
0.07 

(3.19) 

Malignant 
Mass 

 

 
3.067 

± 0.238 

 
2.817 

± 0.186 

 
2.481 

± 0.204 

 
0.983 

± 0.007 

 
0.975 

± 0.007 

 
0.956 
± 0.01 

 
0.008 
(1.36) 

 

 
0.027 
(2.14) 

Calc (flb) 
 

0.681 
± 0.247 

 
0.785 

± 0.264 

 
0.711 

± 0.260 

 
0.679 

± 0.063 

 
0.714 

± 0.063 

 
0.695 

± 0.062 

 
0.035 

(0.744) 

 
0.017 
(0.33) 

Calc (Pleo) 
 
      

 
0.845 

± 0.224 

 
0.942 

± 0.223 

 
0.862 

± 0.211 

 
0.724 

± 0.050 

 
0.745 

± 0.048 

 
0.719 

± 0.045 

 
0.021 
(0.66) 

 
0.004 

(0.1059) 
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(b) 

Figure 17: Paired z-test analysis: Difference of mean AUCs obtained from (a) 
Laguerre-Gauss and (b) Gabor CHOs. The AUCs were obtained by bootstrap sampling 

of decision variables at different dose levels. Standard errors are also shown. 
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2.5 Discussion  

In this chapter, we presented an analysis of the effect of reduction in dose levels 

normally used in mammographic screening procedures on the detection of four breast 

lesion types. Towards that end, two channelized Hotelling observers (CHOs), namely 

LG CHO and Gabor CHO were implemented.  

CHOs have been used in the past to predict human observer performance on 

images with real anatomical backgrounds, including mammograms. However, the 

optimum number of channels required in CHO for the best representation of images in 

the reduced transformation space remains an open question. The number of Gabor 

channels used in previous studies have varied from 16 to 80,103, 119, 135, 136 although there is 

psychophysical evidence that the visual system may be using 16 channels.137 In the 

present study, 56 channels were used. There has also been a large variation in the 

literature in number of Laguerre-Gauss channels used. Whereas generally 6 channels are 

sufficient for characterizing isotropic signals,122 number of channels have varied from 6 

to 18.102, 136 Burgess has suggested that as many as 40 channels may be required for 

characterizing non-isotropic signals.101  

The difference in the number of channels used may be one reason why the 

detection performances of LG CHO and Gabor CHO differ, as is clear from comparing 

Fig. 16a with Fig. 16b. These differences may also be attributed to the departure of LG 

channels’ response from that of Gabor channels. In the frequency response of Gabor 
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channels, there are regions which are more weighted than others, as well as regions 

which are not covered at all. Moreover, Gabor channels, unlike LG channels, are not 

isotropic and therefore do not assume isotropicity of masses. Furthermore, while the 

Gabor channels extended upto the Nyquist frequency of a typical soft-copy display, the 

frequency coverage of the 10 LG channels used in this study was limited to about half of 

the Nyquist frequency.  

In real clinical practice, a radiologist interprets digital mammograms as 

displayed and limited by the output of a soft-copy display. The digital values on 

mammograms are converted into display luminance values using a non-linear lookup 

table which leads to changes in image contrast and also quantization errors since current 

displays are not capable of displaying images at the inherent bit-depth of the acquired 

images. These may have a significant effect on the detectability of breast lesions. In order 

to emulate that clinical situation, in this study, the digital mammographic ROIs were 

transformed into equivalent luminance values similar to actual clinical practice. The 

algorithmic observers were then applied to these luminance-transformed images. To the 

best of our knowledge, such an analysis has rarely been reported in the literature, where 

analyses are often performed only on the pixel values. 

Within the constraints of our observer model construct, we found that luminance 

transformation of raw images reduces detectability and that the level of reduction is task 

dependent. Thus we highly recommend that all observer model calculations be 
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performed on images converted into luminance space. It may be noted, however, that  

there are other aspects of display properties, such as noise power spectrum (NPS), the 

modulation transfer function (MTF), veiling glare, uniformity etc. which might also 

affect the appearance of medical images in an actual clinical setup.  

Furthermore, the dA values reported in this study provide us with a performance 

metric but not the metric for which they are commonly used. This is because the test 

statistics used to compute these values may not be Gaussian and so they can only be 

interpreted as a result of some function which is monotonically related to AUC values. 

Finally, it was not possible to report the standard error of the difference of dA obtained 

from the bootstrap samples as have been done for AUC values. This is because for many 

such bootstrapped samples, AUC values obtained were 1, consequently making the dA 

values infinity thus rendering the calculation of standard error cumbersome. Therefore, 

only standard deviations of dA obtained from the 50 signal-present images have been 

reported. 

Notwithstanding the conclusions of this investigation, certain limitations should 

be acknowledged. One limitation of this research was the low number of images used 

for testing the performance of the mathematical observer models. The resulting limited 

statistical significance along with the small magnitude of performance reduction with 

dose generally conform with the findings of another research group110 which concluded 

that a dose reduction by as much as 50% from the currently practiced clinical dose levels 
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may not compromise clinical decisions. It may be noted that these conclusions are based 

on the assumption that the differences in detectability observed are independent of the 

specific values of AUCs obtained in this study.  

Furthermore, our study was based on specific conspicuity levels of the simulated 

lesions. Although increasing the conspicuity level would have improved detection, 

especially that of microcalcifications, the current level was chosen to be consistent with 

the follow-up human observer study.138 This was done based on an assumption that the 

findings would translate to different (higher and lower) conspicuity levels seen in 

clinical situations. This is a necessary assumption for any study of this type. At the same 

time, AUC values noted in this work are consistent with those previously reported in the 

literature.127-133 In addition, although the observer models have been shown to correlate 

well with human detection performance on real anatomical backgrounds, like 

mammograms, an exhaustive study has not yet been carried out to conclusively 

establish the correlation. Moreover, LG CHO model requires symmetry (isotropy) of the 

signal for robust template computation, which microcalcifications, in particular, clearly 

lack. This might affect the sensitivity values for their detection with LG CHO. At the 

same time, the performance of LG CHO was close to and hence substantiated by that of 

Gabor CHO model that does not require the signal to be symmetric.  Notwithstanding, it 

is important that the significant potential of 50% dose reduction found in this study 

should be implemented only after being confirmed clinically. Finally, an important issue 
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of the effect of reduced dose on discrimination between benign and malignant masses 

has not been addressed here.  

2.6 Conclusions  

In summary, patient dose in mammographic screening should be optimized 

based on clinical decision (that is the final outcome of the radiological process). Different 

observer models used in this research show that reduction in dose-level by 50% did 

affect detectability of masses although with borderline statistical significance. Dose 

reduction by 50%, however, did not have a statistically significant reduction in detection 

of microcalcifications except in one case where the reduction was marginally significant. 

 More importantly, the observer models indicate that there is a potential for the 

reduction of dose level in mammographic screening procedures without severely 

compromising the detectability of masses. Based on the range of dose levels considered 

in this study, the results also suggest that any increase in dose level than the clinical 

levels currently used may not improve diagnostic performance. The present findings 

need additional confirmation by rigorous clinical trials and human observer studies 

before being implemented clinically.  
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3. Feasibility Study and Optimization Framework for 
Breast CI 

 

Having established a clinically-relevant observer model for assessing the 

diagnostic process involved in interpreting a single medical image, this chapter presents 

a theoretical model of CI that combines information from multiple images available in 

CI into one quantifiable measure of performance. Developing a theoretical model will 

thus help us understand the fundamental imaging characteristics of CI and 

prospectively investigate if such a system would result in an improved cancer diagnosis.  

This theoretical model will also serve as a basis for a framework that enables 

investigation of the role of changing imaging parameters on the diagnostic quality of CI.  

This framework will also be described in this chapter. The framework serves as an 

important platform on which the performance on CI will be optimized, benchmarked, 

and compared to other imaging modalities in later chapters.  

3.1 Introduction  

Diagnostic Radiology is increasingly embracing modalities that acquire multiple 

images of the same patient. The multi-image scheme alleviates the main shortcoming in 

standard projection imaging techniques: the overlap of anatomical structures (i.e. 

anatomical noise) that can partially or completely hide pathology of interest.18, 19 This is 

done by harnessing the geometrical and statistical dependences between the multiple 
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images available in a multi-projection system. One particular multi-projection 

acquisition modality, digital breast tomosynthesis, has indeed been shown to provide 

improved diagnostic performance as compared to the standard projection procedures.47 

However, tomosynthesis technique is prone to reconstruction artifacts,72 which might 

reduce the efficiency of tomosynthesis reading, even leading to higher false positive 

findings.73 Therefore, there would be an advantage in using an imaging technique that 

could fuse information from multiple images, similar to tomosynthesis, but without the 

confounding effects of the reconstruction. 

 Toward that end, multi-projection Correlation Imaging (CI) was proposed as an 

adjunct technique to standard mammography or tomosynthesis. This technique uses the 

unreconstructed angular projections acquired using an approach similar to 

tomosynthesis. The projection images are similar to standard mammograms, except that 

each image is acquired with a lower dose level than that in standard full field digital 

mammography. The information from the multiplicity of angular projections acquired is 

then combined to identify potential lesions. Practically, this combination can take 

different forms including scrolling the images manually or in cine mode, stereoscopic 

display of projections images, or computer-aided analysis of the multiple images. Thus, 

CI aims to augment the advantages of standard projection techniques with the proven 

benefits of multi-projection scheme, without the reconstruction artifacts that otherwise 

limit tomosynthesis, to deliver an improved diagnostic performance. 
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While CI has notable potentials, in developing multi-projection CI, an important 

consideration is its data acquisition scheme. Multiple aspects of data acquisition can 

influence the performance of CI. Ideally, the data acquisition scheme should avoid 

patient motion, reduce patient discomfort, and maintain a total dose not exceeding that 

delivered in a standard projection technique. Beyond these, however, the diagnostic 

outcome of a multi-projection system is strongly dependent on the geometry of 

acquisition: the number of angular acquisitions, and the total angular span of those 

acquisitions as geometry of acquisitions plays a pivotal role in establishing correlation 

information in CI. It is, therefore, important that image acquisitions parameters be 

optimized to maximize the diagnostic information of such a system.  

In this study, we investigated the optimal number and range of angular 

projections of a multi-projection breast CI system based on maximizing performance in a 

task that models clinical practice. The performance was measured in terms of 

detectability of an embedded simulated mass using a mathematical observer model 

described in the previous chapter. As a key element of the study, three techniques were 

developed to combine the information content from individual angular projections to 

derive a combined Receiver Operating Characteristic (ROC) curve that indicates the 

overall detectability of the mass. To optimize the geometry of acquisitions, the 

acquisition parameters were systematically changed to determine which one of the 

combination of parameters would maximize the area under the combined ROC. 
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Optimization was investigated under two key dose considerations corresponding to a 

fixed total dose delivered to the patient and a variable dose condition in which the total 

patient dose increases with the number of projections acquired.  

3.2 Materials and Methods 

A. Image Database 

The study employed a database of images of the left and right breasts of 82 

subjects originally acquired as a part of our tomosynthesis clinical trial at Duke. Images 

were acquired about the CC or MLO orientation from twenty-five different but fixed 

angular positions by a prototype clinical multi-projection system, a modified Siemens’ 

Mammomat NovationTOMO (Figures 2 and 3). The system used a selenium-based, flat-

panel, digital mammography detector with an array size of 2816 x 3584 and a pixel pitch 

of 85 µm. The system used a tungsten target, a 50 µm rhodium filter, a source to image 

distance (SID) of 65.3 cm, and an iso-centric gantry pivoting the x-ray tube about a point 

located 6 cm above the detector. The projection angles of the 25 images were varied 

within 45º angular range about the central orientation (CC or MLO) in steps of 

approximately 2°. The tube voltage ranged between 28 and 30 kVp to obtain consistent 

image contrast across different compressed breast thicknesses in the 3-8 cm range in our 

clinical trial. The total dose delivered to the patient from 25 angular acquisitions was 

equivalent to that delivered in a standard two-view mammographic screening 

procedure, with each angular projection at a dose level, Dθ, equal to 1/25th of the total 
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clinical dose. All images were judged by a dedicated breast-imaging radiologist to be 

free from suspicious lesions. 

492 regions-of-interest per projection angle (ROIs) (2 breasts x 82 patients x 3 

ROIs/projection) of size 512 x 512 (43.5 x 43.5 mm2) were extracted from the database.  

The displacement of the ROIs on the detector across the different angular projections 

was taken into account so that the ROIs from the same patient represented the same 

general volume of the breast. There was a slight difference in the breast volume being 

sampled as a function of the projection angle. However, this difference was found to be 

inconsequential since changing the ROI size was found to have a minimal effect on the 

overall performance of the observer model. From the pool of extracted ROIs, 264 were 

used for training the observer model, while the remaining 228 ROIs were used for 

testing. 

B. 3D Lesion Simulation 

A simulated mammographic lesion, 3 mm in diameter, was digitally inserted 

into the ROIs generated above. The size of the lesion enabled a difficult but clinically 

relevant detection task. The lesion was simulated in 3D. To do so, first a 2D projection 

profile based on a previously published model of lung and breast lesions was 

generated.101, 139, 140 Starting from this profile, the surface of the central slice of the lesion 

was reconstructed using inverse radon transform, assuming that the lesion is isotropic 

and the different angular projections along the plane of the central slice would yield the 
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same profile across the central slice. The central slice was then rotated about its diameter 

to complete the simulation of a 3D lesion.  

The 3D lesion was projected into the 25 angular projections assuming that the 

lesion was embedded at the center of the ROI volume (2−8 cm in compressed thickness) 

at a distance of 3 cm from the detector. The x and y coordinates of the projected lesion 

on the image plane were computed as  
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where (x, y, z) are the positional coordinates of any point on the lesion, (xi, yi) are the 

corresponding coordinates in the image plane, Φ is the projection angle, and L and D are 

the distances of the pivotal point from the source and the detector, respectively. 

These equations were derived based on the trajectory of the acquisition system 

and are consistent with prior work.44, 43 Figure 18 shows projection of the 3D 

lesion on the detector from three different tube angular orientations of +22o, 0o, 

and –22o relative to the CC orientation.  
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(a) (b) (c) 

 

Figure 18: Example images of projections of 3D model of a 3 mm simulated 
lesion assumed to be 3 cm above the detector.  

These lesions were embedded on tomographic projections to emulate the lesion-
present mammographic background. (a), (b), and (c) show the projections with the tube 

orientation at +22o, 0o, and –22o, respectively, relative to the CC orientation. 

 

The ratio of the contrast of the lesion to its diameter (set to 3 mm) was 

determined from published contrast/lesion thickness ratios based on the acquisition 

kVp, target/filtration combination, detector type, compressed breast thickness, and 

breast composition.139  Since increased glandularity decreases lesion contrast, a 75/25% 

glandular /adipose breast composition was used to represent a difficult but clinically 

relevant detection task. The contrast ratio was further modified to take scattering into 

account. Toward that end, scatter-to-primary ratio for the central projection was 

computed based on an earlier study.139 This ratio was used as a representative value for 

all the projections, not reflecting slight variations in the scatter-to-primary ratio with 

angular projections. 141 Although consistent with the value reported in an earlier study, 

the variation of scatter to primary ratio with was ignored. The lesions were then added 
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to the ROI in the log space such that the contrast of the lesion over the background was 

independent of the breast composition or thickness. The lesions were embedded onto 

the different ROIs to generate 492 signal-present ROIs for each angular projection. 

Figure 19 shows example images of ROIs with the embedded simulated lesion. 

C. Noise Simulation 

Following extraction of ROIs, a noise modification routine was used to add 

radiographic noise to each of the ROIs to create images with a noise appearance similar 

to that caused by reduction in radiation dose from Dθ. Noise equivalent quanta of a 

particular dose level was simulated using an algorithm reported earlier.116 The algorithm 

accounted for the quantum noise variance, the detector transfer properties and its noise 

characteristics, and the impact of varying attenuation of breast structures. By changing 

the noise magnitude, 24 dose-reduction levels, corresponding to Dθ/2 to Dθ/25, were 

simulated. These with the original clinically acquired images at Dθ resulted in images 

with 25 contiguously decreasing dose levels. Figure 19 shows examples of ROIs with 

different dose levels. While Figure 19(a) shows the original clinically acquired image, 

Figures 19(b) and 19(c) show the same ROI with added simulated noise corresponding 

to reduced dose level of Dθ/2 and Dθ/25, respectively. 
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(c) (b) (a)  

Figure 19: Example projection images of ROIs with 3 mm simulated lesions 
embedded at the center.  

(a) shows ROI of a clinically acquired projection with dose level, Dθ, equal to 
1/25th that of standard mammographic screening. (b), and (c) show the same ROI with 

noise corresponding to 1/2, and 1/25th fraction of Dθ. 

 

3.3 Detection Performance of CI 

Starting from the detection performance of each image in CI, complete detection 

performance of CI was investigated that combines detectability cues from multiple 

images into a single performance metric. This methodology will be detailed here. 

3.3.1 Lesion detectability per image 

Linear mathematical observer models, such as Hotelling observers, have been 

shown to predict human observer performance in clinically relevant visual tasks such as 

the detection of lesions in real anatomic backgrounds.105, 119, 121 This study employed a 

variant of the Hotelling observer, namely the Laguerre-Gauss Channelized Hotelling 

Observer (LG CHO). LG CHO uses linear features that are product of Laguerre 
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polynomials and Gaussians functions to reduce the dimensionality of the Hotelling 

observer, thus making the implementation mathematically tractable. The variance of the 

Gaussian function is related to the signal radius and is determined iteratively to maximize 

the area under the ROC curves (AUC). A variance of 10 was used in this study. The 

present implementation further used a total of 10 channels which is more than sufficient 

for characterizing isotropic signals used in our study (as shown in Figure 18).122  

The covariance matrix of the LG CHO was trained with signal-absent ROIs. 

Using a methodology described in the previous chapter, a set of signal-absent and 

signal-present decision variables were determined for each angular projection. Non-

parametric ROC curves were then derived by simple thresholding on the probability 

density function (pdf) of the decision variables. While testing using the LG CHO, signal 

in each of the ROIs was analyzed with the signal-known exactly (SKE) methodology, 

assuming that the lesions embedded in different ROIs within the same angular 

projection have approximately the same shape.  The results were characterized in terms 

of the ROC for each of the 25 angular projections with the area under the mean ROC 

curve subsequently determined using the trapezoidal rule. 

3.3.2 ROC Fusion 

25 ROCs obtained from the 25 angular projections are indicative of the 

performance of an observer as it analyzes each of those projections separately. Since the 

final clinical decision is based on a collective decision made from detectability cues 
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gathered from each angular projection, it is essential to fuse the 25 ROCs into one final 

index of performance. Toward that end, two fusion methods were used and their 

performance compared to the average of the 25 ROCs. 

 In the first method, a weighted average of the signal-present decision variables 

from the 25 angular projections was computed to determine a final set of decision 

variables from which the combined ROC was derived. The weight assigned to the 

decision variable of an angular projection,θ, was based on the difference of detectability 

index between the value at the angular projection under consideration, 'dθ , and that at 

the central (CC or MLO) projection, '
CCd , and the absolute value of the angular 

separation between the two ( )ccθ − , as ' '( ) /(| |)CCw d d ccθ θ θ= − − . The underlying 

hypothesis for this technique was that the overall detectability of the lesion should be 

dependent on its detectability at the oblique-angle projections and the proximity of those 

projections relative to the central orientation. While the overall detectability of a lesion 

should increase if its detectability at an oblique-angle projection is higher than at the 

central projection and vice versa, it should be higher still if the orientation of the 

oblique-angle projection is close to the central orientation causing its background to 

have a high correlation with that of the central projection (Thus, a smaller angular 

separation from the center provided a larger contribution of the correlation of the image 

information to the combined ROC).  
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For the second ROC fusion method, a modification of a recently published 

Bayesian decision fusion algorithm was used.142 In this method, first the ROC for each 

angular projection in the training dataset of 264 ROIs was computed. For each of the 228 

ROIs in the testing dataset, a signal-present decision variable was then calculated by 

determining the response of the image embedded with ith lesion to ith lesion template ( 1
iλ ) 

and the corresponding signal-absent response by determining the response of the image 

itself (without the lesion embedded) to the ith lesion template ( 0
iλ ). Binary observer 

decision βi to the ith image was computed as  

                           1 0
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The above equation implies that the threshold for correct observer outcome of an ith 

image is 0
iλ . The values of probability of true positive, dp , and of false positives, fp , 

corresponding to this threshold were then determined from the ROCs of the 25 angular 

projections in the training dataset. Assuming that the binary decisions were statistically 

independent, the pdfs of the fused decision variables for signal-present and null hypothesis 

were then obtained as    
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where θ is an index for angular projection. Having found the signal-present and signal-

absent decision variables, the pdfs of each were computed from which the combined ROC 

curve and the AUC were deduced. 

The second technique may be understood in the following way: given an image 

from angular projection, θ, assuming that the decision for signal present is 1, the 

probability of correct detection is dpθ . However, if the decision is 0, the probability that 

the signal is still present is the probability of false negative and hence (1- dpθ ). Thus the 

resultant probability of signal present in the image is dpθ .(1- dpθ ). Assuming statistical 

independence of decisions among angular projections gives the pdfs of the fused 

decision variables of equation (3.3). In contrast to a genetic algorithm approach used in 

[142] to arrive at the binary decision, here we employed a simple thresholding approach 

that compares signal-present decision variable to a signal-absent decision variable to 

determine the binary decision. 

3.4 Framework for Optimization of Acquisition Parameters in CI 

For evaluating the effect of changing operating acquisition parameters on the 

performance of CI, different combinations of the number of angular projections and the 
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angular spans were considered. A combined ROC was derived for each set of those 

acquisition parameters using the two ROC fusion methodologies. Finally, the area under 

each of the combined ROC curves (AUC) was determined as a function of the number of 

angular projections and the total angular span of those projections. A third-order 

polynomial fit was applied to fit the existing data points. The combination that yielded 

the maximum AUC was deemed the optimized acquisition parameters set.   

The optimization was evaluated at two dose conditions:  

a. Iso-image-dose condition in which each angular projection considered for final 

figure of merit had the same dose level resulting in increasing total dose with 

each additional angular projection. Under this condition, the performance was 

evaluated by fusing decisions from N acquisitions. Ignoring the slight variations 

in dose levels with angular projections,143 the N acquisitions, each at a dose level 

of D, resulted in a total delivered dose of ND.   

b. Iso-study-dose condition in which the total dose is divided among the projection 

images, such that incorporating additional angular acquisition would not result 

in increased total dose delivered to the patient. While evaluating performance 

from fusing decisions from N acquisitions, only acquisitions with dose levels of 

D/N were used, resulting in a fixed total delivered dose of D. Therefore, the 

optimum number of angular projections and the angular range determined in 

this case were independent of the dose delivered to the patient.  
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3.5 Results  

ROC curves and the corresponding AUCs obtained from the three techniques are 

shown in Figure 20. The AUC value obtained from a single CC projection was 0.724, 

while that obtained from the average of 25 ROCs (corresponding to 25 projections) was 

0.731. In comparison, the AUCs obtained by combining information from 25 projections 

using the two combination techniques, namely weighted averaging of test statistics, and 

the Bayesian decision fusion technique were 0.905, and 0.915, respectively. These results 

represent no modification to the dose level of individual projections.  

Figure 21 shows variation of the AUC values as a function of the number of 

projections for different dose levels under iso-image-dose conditions. The total angular 

span of these projections was fixed at 44.8o. AUC for one projection was computed by 

averaging the AUCs across all the angular projections within this angular span. The 

dose level of each acquisition along a curve was constant and corresponded to the 

fraction of the clinical dose level indicated in the legend. While the AUC values 

monotonically increase with an increase in the number of projections at lower dose 

fractions of 1/11 and less, they appear to approach an asymptote with the increase in the 

number of projections for dose fractions of 1/7 and higher. Regardless, the AUC values 

increase with increasing dose levels.  
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Figure 20:  ROCs of 25 projections obtained from 25 projections available in CI.  

Also shown are the ROCs obtained from the two fusion techniques that fuse 
ROC from 25 projections into one. The angular span of the projections was 44.8o. 
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Figure 21: Variation of AUC with number of projections for different dose levels.  

Iso-image-dose condition was used implying that the dose level of each 
projection along a curve remains constant (i.e., more projections imply more dose to the 

patient). This dose level is indicated by the fraction of the clinical dose level in the 
legend.  The Bayesian decision fusion technique was used for this analysis. The angular 

span of the projections was 44.8o. 
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Figure 22 shows variation of the AUC values with increasing number of angular 

projections that span different angular arcs in the 3.6−44.8o range using (a) the weighted 

average of test statistics technique, and (b) the Bayesian decision fusion technique. In 

this case, iso-image-dose condition with only one dose fraction of 1/25 was used. At each 

angular range, the AUC values increase with the increase in the number of angular 

projections before reaching an asymptote. The number of projections at which the AUC 

values peak depends on the angular span. The highest AUC is obtained at an angular 

span of 44.8o with 11 projections using Bayesian decision fusion technique, and 17 

projections with the weighted averaging of test statistics.  

Figure 23 shows variation of AUC under iso-study-dose conditions using (a) the 

weighted average of test statistics technique, and (b) the Bayesian decision fusion 

technique. For all angular spans, the AUC first increases and then decreases as the 

number of projections is increased. In this case too, the number of projections at which 

the AUC values peak depends on the angular span. While the maximum AUC value is 

obtained at an angular span of 44.8o with 16 projections using Bayesian decision fusion 

technique, the maximum is obtained at just 22.8o with 8 projections using the weighted 

averaging of test statistics technique.  
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Figure 22:  Variation of AUC under iso-image-dose conditions for different 
number of angular projections spanning a total angular arc in the 3.6-44.8o range using 

(a) weighted lambda averaging techniques, and (b) Bayesian decision fusion.  

The dose level of each acquisition was equal to 1/25th of standard mammogram 
leading to increased dose level with increasing number of angular projections 

considered to reach a maximum of conventional dual-view screening dose at 25 
projections. 
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Figure 23: Variation of AUC under iso-study-dose conditions using the (a) 
weighted averaging of the test statistics, and  (b) Bayesian decision fusion technique.  

The total dose level, equal to 1/25th of standard dual-view mammographic 
screening dose level, was equally divided amongst the different projections and hence 

the total dose delivered remains constant at this dose level. 
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3.6 Discussion of CI Performance 

Multi-projection imaging technique offers an advantage over single projection 

imaging techniques in rendering pathology that may be surrounded by a complex cloud 

of anatomical structures. This is accomplished by exploiting the differences in 

geometrical perspectives that different projections in a multi-projection scheme offer. 

Geometrical configuration of the data acquisition therefore plays a pivotal role in the 

output of a multi-projection system. Image quality in tomosynthesis, for example, can be 

compromised by an un-optimized data acquisition scheme. In recent implementations of 

tomosynthesis for breast imaging, while the total dose delivered to the patient has 

varied between 0.75 and 1 times the standard procedure, the number of angular 

projections has varied between 11 and 25 with total angular span in the 30o-60o range.47, 

77, 78 Because of the flexibility in the ways the images may be captured in a multi-

projection system, it is important that an optimum configuration of data acquisition 

components be selected to realize the full potential of such a system.  

The methodology used in this study quantifies the diagnostic process underlying 

CI technique. The two fusion techniques, namely the weighted averaging of test 

statistics and the Bayesian decision fusion techniques, clearly show improvement in 

diagnosis when information from multiple images are combined in a multi-projection CI 

system, indicating potentially improved breast cancer detection using a multi-projection 

CI system. Since the final clinical decision is based on a collective decision made from 
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detectability cue gathered from each angular projection, it is essential to fuse the 25 

ROCs into one final index of performance. The fusion techniques are, therefore, a critical 

element of such a multiple acquisition setup. 

The two fusion approaches build up on the framework of mathematical observer 

models that have been shown to correlate with detection performance of human 

observers on complex anatomical backgrounds. As a result, the Bayesian decision fusion 

and the weighted averaging of test statistics techniques, potentially emulate the decision 

process used by human observers in arriving at the final decision. However, there are 

certain differences between the two fusion techniques; while the Bayesian technique 

draws cues from a training data set to fuse binary detection decisions from each of the 25 

angular projections, the second technique explicitly incorporates the effect of correlation 

between the oblique angle projections and the central projection. While a similar 

Bayesian decision technique has been reported earlier in the literature,142 the weighted 

averaging of the test statistics is a novel approach for decision fusion. As such, the two 

approaches show comparable effects of changing the acquisition scheme on the 

performance of CI and are expected to correlate with the baseline detection performance 

of a clinician using a multi-projection system.  

The ROC fusion techniques developed in this study may be extended to optimize 

a digital breast tomosynthesis system. An optimization scheme for tomosynthesis 

would, however, also incorporate the effects of reconstruction inherent in the technique. 
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While this study establishes relative diagnostic performance of a multi-projection 

acquisition scheme, the findings may not be directly extrapolated to tomosynthesis 

without taking reconstruction into account. However, in the absence of reconstruction, 

the present results can be viewed as a reflection of the inherent information content of a 

multi-projection method.  

Comparing CI to tomosynthesis, absence of the need to reconstruct images 

thereby avoiding reconstruction artifacts provides an inherent advantage to CI. In 

addition, in contrast to tomosynthesis in which as many as 50−80 slices may need to be 

reviewed depending on the size of the breast, a radiologist may be presented with 

significantly fewer images in CI, potentially improving confidence or even accuracy of a 

radiologist’s decision. We hypothesized that the use of a smaller number of projections 

in CI compared to that in tomosynthesis may be adequate to sufficiently reduce the 

influence of anatomical noise to yield superior diagnostic information. This conclusion is 

further supported by recent studies that indicate potential improvement in diagnosis by 

fusing two views in stereo-mammography.144 Our own study clearly shows a notable 

advantage of using multiple views as compared to one-view mammography at constant 

total dose (Figure 23). 

As currently implemented, the fusion techniques show that that the diagnostic 

performance of CI, in terms of detectability of an embedded mass, is dependent on both 

the number of projections and the total angular span of those projections. As shown in 
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Figure 22, the AUC first increases with an increase in the number of projections and then 

appears to reach an asymptote, irrespective of the angular span. This may be because as 

the number of projections increase, the observer increasingly incorporates information 

about the anatomical variation in the image until the observer has “learned” sufficient 

information. Beyond this level of detection, the performance becomes only quantum 

noise limited and hence dose-dependent rather than anatomical noise- or projection-

dependent. Furthermore, the performance at the same number of projections improves 

with increase in the angular spans. A possible cause of this behavior is that larger 

angular spans likely provide diagnostic information that may not otherwise be available 

from smaller angular spans. This pattern, however, reverses as the number of 

projections decreases: the performance at smaller angular spans is better for a lower 

number of projections. This may be due to two reasons; first, there is higher correlation 

between neighboring images spanning a smaller arc than those which are spread along a 

larger arc, and second, at smaller angles, the x-ray beam has smaller paths resulting in 

lower attenuation of the beam than encountered at larger angles. This behavior is also 

seen in Figure 23 that shows the variation in AUC values under iso-study-dose 

condition: the AUC values are higher for lower number of projections at a smaller 

angular span.  

Most noteworthy observation, however, is the sharp drop in the AUC values 

with increase in the number of projections, resulting in a bell-shaped characteristic of the 
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AUC values as a function of number of projections. Besides a redundancy in anatomical 

information with increase in the number of projections, the sharp drop may also be 

attributed to the fact that although the total dose remains constant in the iso-study-dose 

condition, the dose level of each projection decreases with the increase in the number of 

projections, thereby decreasing the detectability due to reduction of the quantum signal-

to-noise-ratio at each projection.  

The dose dependence of detectability is clear in Figure 21, which plots the 

variation of AUC as a function of number of projections for a fixed angular span of 44.8o, 

but different dose levels. The AUC values are seen to reach an asymptote with an 

increase in the number of projections, albeit the absolute value of AUC decreases, as 

expected, with a decrease in the dose level. Most noteworthy is the fact that the 

inflection point where the AUC maximizes is seen to be different for different dose 

levels. As a result, although a total of 11 or 17 projections at 44.8o may be deemed an 

optimized geometry as indicated by Figure 21, this optimization is dose-dependent. This 

is because the total dose delivered at any projection, under iso-image-dose condition 

considered for Figures 21 and 22, is higher than that delivered at a smaller number of 

projections. An alternative, however, is the iso-study-dose condition evaluated in this 

work in which the total dose delivered was constant. Such an evaluation is especially 

important in light of the observation from Figure 22 that the performance at smaller 

angular spans may be better with a small number of projections. A higher total dose 
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level at this number of projections than that possible in iso-image dose condition may, 

therefore, potentially increase the performance beyond that achieved at 11 or 17 

projections with a total angular span of 44.8o.  

One limitation of this study was our inability to evaluate performance at an 

arbitrary number of angular projections for each angular span. This is because we were 

limited by the sampling of the original clinical images which was uniform within each 

angular span. This is evident in Figures 21 and 22 where the AUC values were plotted 

for fewer angular projections for narrower angular spans. Furthermore, we recognize 

that in the first decision fusion approach based on a weighted average of test statistics, 

the weights could be defined as a function of other alternatives such as the angular 

separation, the total number of projections, and a reference projection other than the 

central projection used for this study. The technique, however, was developed as a first 

approximation to the actual clinical decision process used by radiologists. In addition, 

although the observer models have been shown to correlate well with human detection 

performance on real anatomical backgrounds like mammograms, an exhaustive study 

has not yet been carried out to conclusively establish the correlation. Furthermore, 

because we could only simulate a reduction of exposure levels by adding corresponding 

noise onto the images, only one iso-study-dose condition of total dose of Dθ could be 

investigated (Dθ corresponding to 1/25 of standard two-view mammographic screening 

dose). The iso-study dose trends thus reported in this study may vary at dose levels 
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close to the clinical dose level. Nonetheless, the methodologies developed in this study 

are generic in nature, and will serve as important foundation for optimizing the 

acquisition parameters and dose for CI and tomosynthesis in later chapters.  

3.7 Conclusions 

In this study, we developed a framework to optimize the geometry of 

acquisitions of a multi-projection Correlation Imaging (CI) system by combining 

information from its multiple projections. It was found that the detectability of an 

embedded mass increased by fusing information from multiple projections 

demonstrating the feasibility of CI as a potential technique for improved breast cancer 

detection. The overall performance of the multi-projection system was a function of the 

number of projections used, the total angular span of those projections, and the 

acquisition dose level. A key finding in the situation in which the total patient dose 

increases with the number of projections was that the detectability approached an 

asymptote at about 11−17 projections spread over an angular arc of ~45o. In situation in 

which the total patient dose was kept constant independent of the number of 

projections, the performance approximately followed a bell curve with the best 

detectability obtained with only 8 projections spanning an angular arc of ~23o. The 

methodology presented here for optimizing acquisition parameters are generic in nature 

and may be easily adopted for optimizing the acquisition parameters for other multi-

imaging techniques. 
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 4. CADe Validation of Optimization Framework 

This chapter presents a Computer Aided Detection (CADe)-based methodology 

to validate the mathematical observer-based optimization framework presented in the 

previous chapter. While observer models are robust in predicting the detection 

performance of a system, substantiating those results with CAD will provide a basis for 

applying the observer models for broader clinical applications. As a key step towards 

that goal, a CADe processor that takes advantage of the CI configuration will be 

presented. The work is based on an a CADe routine developed earlier for standard 

projection.145 To optimize the geometry of acquisitions, the acquisition parameters were 

systematically changed and the CADe-based performance measured for different 

settings of those parameters. These results were compared to the observer model-based 

performance to confirm the optimality of our CI scheme.  

4.1 Introduction 

The field of diagnostic imaging is fast adopting the use of multiple images of the 

same patient for clinical workup. These images may be acquired by one or a combination 

of different imaging modalities. The information from these images is combined by either 

a clinician or a computer algorithm to extract knowledge about the presence as well as the 

morphology of a potential pathology within the patient.  
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In the context of digital radiographic imaging, the multi-image scheme takes the 

form of multi-projection imaging in which different projection images of a patient may be 

obtained by a single modality from different positions around the patient along a limited 

angular arc. This imaging scheme can take the form of tomosynthesis, stereoscopic 

imaging, or correlation imaging (CI). In CI, projection images are directly analyzed, 

thereby avoiding reconstruction artifacts inherent to tomosynthesis. CI thus builds on the 

advantages of standard projection techniques and combines it with the proven benefits of 

fusing information from multiple images to potentially improve the accuracy of cancer 

detection.146 In practice, CI can take different forms including scrolling the images 

manually or in cine mode, stereoscopic display of projections images, computer-aided 

analysis of the multiple images, and may also possibly be used as an adjunct application 

to tomosynthesis.   

While CI is a promising imaging technique, the diagnostic outcome of CI, like that 

of any other multi-projection imaging technique, is a function of its data acquisition 

scheme, i.e., the number of images acquired, the total angular span of those acquisitions, 

and the clinical dose at which those images are acquired. The inherent flexibility built into 

its image acquisition process enables CI to have multiple possible combinations of these 

acquisition parameters. Of course, not all combinations are optimal − some of the 

configurations may in fact obscure or distort the pathological indicators. An optimum 
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image acquisition scheme of an imaging system is a specific combination of those various 

components of acquisition that maximizes the available diagnostic information. 

In an earlier study based on mathematical model observer, we found that CI’s 

performance may potentially be optimized with 11-17 angular projections spanning an 

angular arc of 45o.97  The purpose of this study was to optimize the geometry of CI data 

acquisition using a CADe-based technique and to substantiate the earlier results from the 

mathematical observer model. As a key step towards that goal, a CADe processor 

developed earlier for standard projection technique was extended to take advantage of the 

CI configuration. To optimize the geometry of acquisitions, the acquisition parameters 

were systematically changed and the CADe-based performance measured for different 

settings of those parameters. These results were compared to the observer model-based 

performance to confirm the optimality of our CI scheme.  

4.2 Materials and Methods 

Image Database 
 

Images employed for this phase of the study were selected from the pool of 

human subject images acquired in the ongoing tomosynthesis clinical trial. Specifically, a 

database of image sets from 106 subjects was used. Each image set consisted of 25 

images of a single breast acquired about the CC or MLO orientation from 25 different 

but fixed angular positions uniformly spaced in steps of ~2o over a ~45o arc.  A 

prototype clinical multi-projection system, Siemens’ Mammomat NovationTOMO (Figures 
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2 and 3) was used.48 The images were acquired at kVps ranging between 28 and 30, with 

a total glandular dose less than that delivered in a standard two-view screening 

procedure. All cases were interpreted by one of five dedicated breast imaging 

radiologists to be normal (without any lesions).  

Next, a database of lesion present images was generated. Toward that end, 53 

out of the available 106 cases in the database of normal clinical images were 

supplemented with projections from a simulated 3D 3 mm lesion.97 The lesion was 

simulated to be located at the center of the breast a distance of 3 cm above the detector 

plane. The projections of this lesion on the detector were simulated for all the 25 

different tube positions and embedded into corresponding angular projections of the 

subject images. Thus there were two datasets each of 53 subjects, one with lesion absent 

and the other with lesion present. The contrast of the lesion was set assuming a 

heterogeneous breast (50% glandular/50% adipose tissue, representing an average breast 

composition) and accounting for the acquisition kVp, target/filter combination, breast 

thickness, anode type, and appropriate scatter fractions. 139 

4.2.1 CADe processor 

A previously reported computer-aided detection (CADe) processor developed 

for standard projection (single-view) technique was used to evaluate each of the 25 

angular projections/case available in CI.145 Specifically, the projection images were first 

filtered using a modified adaptive elliptical gradient convergence filter creating a blurry 
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estimate of the anatomical background and highlighting suspicious abnormalities in the 

images. Following filtration, the suspicious regions were segmented with a grayscale 

duration technique.147 The segmentation was optimized to highlight structures with sizes 

similar to the expected 3 mm embedded lesion. The segmented suspicious regions were 

analyzed for nine morphological features. These features were combined using a 

Bayesian decision fusion scheme to reduce false-positives.142 The false-positive reduction 

program was trained using a genetic algorithm to find optimum feature thresholds that 

eliminated the greatest number of false positives while maintaining high sensitivity. The 

result was a set of 25 binary images per case, each showing potential locations of the 

embedded mass.    

Next, the binary images per case obtained by the single-view CADe routine were 

processed to incorporate the CI configuration. Specifically, a shift and add reconstruction 

technique was applied to generate a stack of 20 image slices resulting in a CADe-enhanced 

volume of image slices within which the potential lesion was segmented. The stack of 

slices was then collapsed (summed) into a single 2D image comparable with the central 

(CC) projection and containing information from all the processed projections. The 

collapsed 2D image brought into focus the most suspicious regions, while the regions with 

a less likelihood of a presence of lesion were blurred out. Finally, the summed image was 

processed by a false-positive reduction routine to pick the most suspected locations of the 

pathology. This was done by targeting a lesion in the 3 – 10mm range. As a minimum 
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lesion size of 3 mm dictates its appearance in at least 3 slices, regions with pixel values less 

than 3 were eliminated. The result was a 2D contour map of the possible locations of the 

lesion with minimal number of false positives.  

To evaluate the performance of CI, the 2D contour map was compared to a truth 

file. The truth file was defined as a binary mask of area that encompasses the known 

locations of the embedded lesion taking into account its spatial displacement across all the 

25 projections.  If a region on the 2D contour map overlapped the true lesion area, a true-

positive finding was registered. All other regions that did not overlap were counted as 

false-positive findings. Using this rule, free-response receiver operating characteristics 

(FROC) curves were generated.   

4.2.2 CADe-based Optimization of Data Acquisition 

To optimize the acquisition scheme, the components of acquisition, namely, the 

number of projections and their angular span were systematically changed within 2 – 25 

and 3.6o – 44.8o range, respectively, to investigate which one of the many possible 

combinations yielded the highest diagnostic performance.  

The diagnostic performance was measured in terms of two performance indices, 

first as the ratio: True Positives/(True Positives + False Positives). This ratio, termed 

Positive Predictive Index (PPI), is a measure of the true positive locations as a fraction of 

the total number of identified locations per image set and is easily derivable from the FROC 
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curves. These values were then averaged across all the cases for each possible combination 

of the number of projections and angular range.    

The second index of metric was the area under the ROC curve (AUC) derived from 

the datasets with and without the embedded lesion. Each case in the two datasets was 

processed with the CADe processor described earlier to yield a corresponding 2D contour 

map. The likelihood of the presence of the embedded lesion was examined via a 

correlation matching of the expected signal with the signal-present and with the signal-

absent 2D contour map. The value obtained by this signal-matching step served as 

decision variables based upon which the probability distribution functions (pdf) of the 

signal-absent and signal-present decision variables were computed. Finally, non-

parametric ROC curves were derived by thresholding the pdfs, and the area under the 

ROC curves subsequently computed by the trapezoidal method.  

4.3 Results  

Figure 24 shows a representative case with the embedded lesion at angular 

projections of –22.3o (a), 0o - CC orientation (b), and 23.1o (c). Figure 24d shows the true 

positive and false positives findings of the CADe processor projected on the CC image.  

Figure 25 shows the variation in the average positive predictive index (PPI) with 

the number of projections within 6 angular spans in the 7.5o−44.8o range. At each angular 

range, the PPI values first increase and then decrease with an increase in the number of 
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projections, maximizing at a value that is dependent on the angular span. The maximum 

PPI is obtained for 10 projections spanning an angular arc of 44.8o. 

Figure 26 shows the variation of AUC with the number of projections spanning 

different angular arcs. At each angular range, the AUC values increase with the increase in 

the number of angular projections and then appear to approach an asymptote. The 

number of projections at which the AUC values peak depends on the angular span. The 

highest AUC is obtained at the maximum angular span of 44.8o with 7 projections.  

The trend in the variation of PPI and the AUC values delineate the role of different 

components of acquisition scheme in the final diagnostic performance of a multi-

projection imaging system. These trends indicate that the optimum number of projections 

for a multi-projection imaging system may be in the 7-10 range for an angular span of 

44.8o. Most noteworthy, the observer model results, shown in Figure 22b show a similar 

trend in performance where the maximum detectability of an embedded lesion was found 

to maximize with between 10-17 angular projections for an angular span of 44.8o. 
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(a) (b) 

(c) (d)  

Figure 24: Example CADe results: Suspected locations of lesion marked by the 
CADe processor relative to its true known location. 

(a), (b), (c) show projection images of a breast CI at –22.3o, 0o (CC orientation), and 23.1o. 
The arrows show the locations of the embedded lesion at these projections. (d) shows the CC 

projection image with suspected locations of lesion marked by the CADe processor in red. The 
location of the true lesion is encompassed in the green mark.  (Note: the contrast of the lesions 

was enhanced manifold for display purposes only.) 
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Figure 25: Average Positive Predictive index [TP/(TP + FP)] as a function of the 
number of projections spanning different angular ranges (specific values shown in the 

legends) in a CI setup.  

TP~True Positive findings; FP~ False Positive findings per patient case. 
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Figure 26: Area under ROC curves as a function of the number of projections 
spanning different angular ranges (specific values shown in the legends) in a CI setup. 

AUCs indicate the detectability of a simulated mass embedded into each 
projection. 
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4.4 Discussion  

Data acquisition parameters in multi-projection imaging modalities, such as breast 

tomosynthesis and Correlation Imaging (CI), are currently determined primarily by 

subjective clinical requirements such as avoiding patient motion and reducing patient 

discomfort. The many possible configurations of data acquisition in such a system such as 

the number of projections, angular span, and the acquisition dose level can, however, easily 

lead to a choice of potentially sub-optimal acquisition scheme in a clinical setup. Since the 

data acquisition plays a pivotal role in the final diagnostic outcome of such a system, it is 

important to optimize the acquisition parameters to take full advantage of the multi-

projection imaging technique.  

In this phase of the research work, the diagnostic performance of CI was assessed 

using a CADe-based processor. Like mathematical observer-based processors, CAD 

processor functions like surrogate human observers and thus have been used in the past to 

evaluate clinical performance of tomosynthesis. 53, 78 While the observer model results have 

been reported in the previous chapter, the objectives of this study were to extend an 

existing single-view CADe for CI to confirm the observer model results, and more 

importantly, to investigate how to best integrate each of the components in the acquisition 

scheme to maximize the performance of CI under a practical clinical paradigm.  

Similar to the observer model methodology that computes and incorporates the 

image background statistics in determining the detectability of the lesion, 97, 148 the CADe 
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processor performs a background-dependent image filtration and segmentation, thus 

taking into account the image background statistics to enable lesion detection. At the same 

time, the two processors are built on inherently different premises, leading to slightly 

different results. While the CADe processor revealed 7-10 as the optimum number of 

projections, the observer model predicted optimization with number of projections in the 

10-15 range. 97, 148 In spite of those differences both processors show that increasing angular 

span improves performance, and most importantly, simply increasing the number of 

angular projections does not improve performance. In that regard, the two processors 

show similar trends in the performance of a multi-projection system, and are therefore 

consistent in their findings. The exact number of projections that optimize the system 

depends on the specific implementation of CI.  

The performance of the CADe processor was measured in terms of a positive 

predictive index (PPI) and the area under the ROC curve (AUC). PPI is a fraction of the 

true positive findings to the total number of suspicious locations indicated by the CADe 

processor in an image set. For example, for the particular case shown in Figure 24, PPI was 

1/(1+2) = 0.33. It may be noted that unlike positive predictive value (PPV) that has a similar 

definition, PPI is not a population statistics and was computed for each patient case 

separately. The second figure of merit, AUC, is a measure of the detectability of the 

embedded lesion following CADe enhanced processing of the images. While PPI was 

computed based on search process typically used to assess CAD algorithms, AUC was 
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computed using location and signal known exactly (SKE) paradigm similar to the 

procedure used by mathematical observer model processors. Therefore, although not 

equivalent, the AUC values obtained by the two processors are comparable. Most 

importantly, they provide a single platform on which to compare the performance of CI.   

The results show that for each of the 12 angular ranges considered, as the number 

of projections is increased, the PPI values first increase but then decrease. The increase in 

PPI may be attributed to the increase in true positive findings due to an increase in 

correlation information available from multiple projections. With further increase in 

projections, however, more suspicious regions come into focus, thus increasing the FPs, 

and hence the decreasing the PPI value. AUC values, on the other hand, appear to reach 

an asymptote beyond a certain number of projections. This may be because any further 

increase in the number of projections offers no additional gain in the geometrical 

information in terms of the relative difference between the lesion and surrounding 

anatomical structures making detectability only quantum noise limited. However, once 

the threshold detection signal-to-noise ratio is achieved, any more increase in the number 

of projections does not improve detectability, thus saturating the AUC values. This 

saturation of the lesion detectability is also confirmed by the variability in PPI values that 

decrease with increased angular projections, possibly due to saturation of the TP values 

and an increase of FPs at the same time. Thus both PPI and AUC analysis showed same 

trends in the performance of CI.  
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One limitation of the optimization framework presented here was that it was 

dependent on the dose level of the acquisitions and thus the total delivered dose to the 

patient increased with an increase in the number of angular projections considered for 

optimization. A more clinically realistic optimization would assess system performance at a 

constant total examination dose. Under this condition, an increase in the number of 

projections results in lower dose per projection, leading to lower detection rates. 148 This 

inherent difference between dose-variable condition used in this study and dose-constant 

condition presented in the previous chapter potentially explains the differences in results 

between the two studies. This difference may be confirmed by constructing a CADe based 

constant-dose framework. Furthermore, the results of optimization were based on a single 

representative lesion-type, i.e. on a pre-determined shape and size of a mass, and therefore 

may vary for other lesion-types, including microcalcifications. However, the framework laid 

out in this study predicts the inherent performance of a multi-projection imaging system 

and is thus applicable to other typical detection tasks in a similar setup. Regardless, the 

results should be implemented only after being confirmed clinically. Notwithstanding, both 

the CADe and observer model highlighted the relationship between different components 

of the acquisition scheme and the performance of a multi-projection imaging system to 

potentially maximize the available diagnostic information in CI.  
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4.5 Conclusions of CADe-based CI Optimization 

Over all, this chapter presents a new CADe processor was developed for multi-

projection Correlation Imaging (CI) that takes advantage of the geometrical correlation 

information accrued from the available multiple projections to improve specificity of the 

CI system. The performance of the CADe system was computed at different data 

acquisition settings towards optimizing the geometry of image acquisition. Both the CADe 

and observer model results (reported earlier) show a general trend in the performance of 

CI as a function of the different acquisition components, and confirm that the maximum 

performance may be obtained with 7−17 projections for an angular span of ~45o. The 

optimization platform presented here is generic in nature and can be used to optimize any 

multi-acquisition scheme, including tomosynthesis. Most noteworthy, the optimization 

framework reported here is based on two separate clinically-relevant processors and thus 

could be used to potentially improve the clinical efficiency of currently-used multi-

projection imaging systems. 
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5. Optimization Rule for CI and Tomosynthesis 

Acquisition optimization is key to system performance. Although the 

optimization framework reported in the previous chapters described the effect of 

acquisition protocol on the performance of CI, it was based on dose levels that were 

significantly lower than that of a typical clinical dose level. To determine a clinically-

relevant optimal CI configuration, this chapter builds on the previously described 

optimization framework to investigate the performance of CI at clinically-realistic dose 

levels. To do that, the analysis uses data from mastectomy specimens. Use of specimens 

provides a leeway to explore a wide spectrum of dose levels, including clinical dose 

levels, and is thus pivotal to the overall research goal of CI optimization. Furthermore, 

the optimization framework will be extended to reconstruction space that will enable a 

direct comparison of CI with tomosynthesis to fully examine its clinical utility and 

relevance at large.  

5.1 Introduction 

Digital Breast Tomosynthesis has been a promising new development in the field 

of breast imaging. While the diagnostic improvement via tomosynthesis has been 

notable,43, 44 the full potential of tomosynthesis has not yet been realized. This is because 

the diagnostic quality of tomosynthesis is dependent on an intricate relationship 

between the underlying aspects of image formulation that may limit the efficiency of 
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tomosynthesis. Perhaps the most important factors governing the image quality are the 

image acquisition parameters including dose, number of angular projections, and the 

total angular span of those projections (and hence the angular separation between 

projections).89 These factors also impact the obtainable SNR as well as reconstruction 

artifacts inherent in tomosynthesis.72 Low SNR and excessive artifacts may reduce the 

efficiency of tomosynthesis reading, possibly leading to lower accuracy.78  

Although critical, there has been no consensus on the acquisition parameters, 

such as the total dose delivered to the patient, the number of angular acquisitions, and 

the total angular span of those acquisitions, to achieve an optimum tomosynthesis 

protocol. In prototype implementations of tomosynthesis, the total dose delivered to the 

patient has varied between 0.75 and 1 times standard mammography to match the 

current examination paradigm but not necessarily to optimize the acquisition. The 

number of angular projections has varied between 11 and 25 within a total angular span 

in the 30o − 60o range.47, 77, 78 While tomosynthesis optimization has also been approached 

in some recent studies,72, 79, 80 thus far, no framework has been developed for complete 

optimization of the acquisition scheme.  

In optimizing tomosynthesis, it is important to delineate the role of each of the 

principal components that affect image quality and further investigate the effect of inter-

dependencies of these components on the overall system performance. As a key step 

towards that goal, we earlier proposed a mathematical observer-based framework to 
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assess the effect of each of the acquisition parameters on the overall image quality of 

Correlation Imaging (CI) technique, a multi-projection imaging method based on 

projection images.97 The framework was based only on projection images and did not 

incorporate reconstruction in its analysis and thus could not be directly applied to 

tomosynthesis. Also, the dose levels used were significantly lower than a typical clinical 

dose level. This study builds upon our earlier investigation by including tomosynthesis 

reconstruction and by applying higher clinically-relevant dose conditions. The objectives 

of this study were threefold: (a) to investigate the role of acquisition parameters on the 

diagnostic quality of breast tomosynthesis at clinically relevant dose levels, (b) to 

qualitatively investigate the effect of reconstruction on tomosynthesis by comparing the 

diagnostic information content of the projection and reconstruction data, and finally, (c) 

to derive a comprehensive optimization rule for tomosynthesis in terms of a specific 

combination of the acquisition components that renders the best available diagnostic 

information. 

5.2 Materials and Methods  

A. Image database 
 

Five fresh mastectomy specimens were obtained from the pathology laboratory 

at the Duke hospital and imaged for this study. The specimens were acquired of subjects 

with proven history of malignant breast tumors, although no residual tumors were 

identified in the specimen. Multi-projection images of these specimens were then 
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acquired per an approved IRB protocol. Under this protocol, images were acquired 

about the CC orientation from twenty-five different but fixed angular positions using a 

prototype clinical tomosynthesis system (Mammomat NovationTOMO, Siemens Medical 

Solutions, Erlangen, Germany).48 The mastectomy specimens were immobilized by the 

compression paddle of the system. The compressed thicknesses were in the clinical 

realistic 30 – 60 mm range. In order to increase the total sample size of our experiment 

using the available specimens, four of the five specimens were moved and compressed 

and imaged again, thus potentially imaging different and independent sets of 

anatomical configuration each time. Thus starting with five specimens, recompression 

resulted in an overall dataset of nine specimens.  

The system used a selenium-based, flat-panel detector with an array size of 2816 

x 3584 and a pixel pitch of 85 µm. The tube settings ranged between 28 and 30 kVp at 

600 mAs to maintain consistent and high image SNR across the nine specimens. This 

setting represented the highest exposure level possible with our prototype 

tomosynthesis device. The acquisition protocol was based on the compressed thickness 

of specimens and was consistent with thickness-based clinical protocol used in our 

ongoing clinical trial with human subjects. Specifically, the acquisition dose in our 

clinical trial was equivalent to 1.33 times that of typical single-view mammography dose 

level. To achieve this dose level for a 45 mm compressed breast, the clinical protocol 

recommended a mean setting of 127 mAs. Thus in general, single-view mammography 
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dose level corresponded to a setting of 127/1.33 = 95.5 mAs.  As a result, for a 45 mm 

average compression of mastectomy specimens, acquisition at 600 mAs corresponded to 

an average overall radiation dose of 6.2 (600/95.5) times typical single-view breast 

glandular dose to each specimen. This dose was equally divided among all the 

projections resulting in dose per projection of a quarter that of single-view 

mammography dose level.  

Following acquisition, multiple 3 mm simulated masses were embedded at 

different locations within each specimen. Specifically, 84 non-overlapping 100 x 100 

pixel regions of interests (ROIs) were identified for each projection image resulting in a 

total of 756 ROIs (84 ROIs*9 specimens) for each of the 25 angular projections. The 756 

ROIs without the embedded masses were also used as signal-absent dataset for control 

purposes. Across projection images of each specimen, the projections of masses were 

added so to simulate 3D masses “implanted” inside the specimens at a distance of 3 cm 

above the detector surface.97 Figure 27 shows example images of a mastectomy specimen 

acquired at –22o, 0o (CC), and –23o.  

Following lesion addition, a noise modification routine was used to add 

radiographic noise to each of the lesion-supplemented images to create images with a 

noise appearance similar to that caused from a reduction in radiation dose. The routine 

was based on an algorithm reported earlier.116 Several sets of dose-reduced images were 

simulated such that the cumulative dose of the 25 projections resulted in 10 discrete dose 
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levels between 0.25D to 6.2D, where D is the typical single-view mammography dose 

level. Figure 28 shows a representative CC projection of a specimen at three different 

noise/dose levels. 

Besides projection images, reconstructed slice volume was also generated for 

each mastectomy specimen. To that end, the projection images with and without 

supplemented lesions were reconstructed using Siemens’ proprietary filtered back 

projection (FBP)-based reconstruction algorithm, TomoEngine. Variable image slice 

volumes were generated depending on the compressed size of the specimens to generate 

fixed slice thickness of 1 mm. 

 

 

                         (a)                                             (b)                                               (c)  

Figure 27: Example projection images of mastectomy specimens acquired at –22o 
(a), 0o (CC) (b), and –23o (c).  

Also shown are 3 mm simulated lesions embedded at the center of multiple 
ROIs. Note: contrast of the lesions was enhanced manifold for display purposes only.  
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                (a)                  (b)                            (c) 

Figure 28: Example images of a mastectomy specimen acquired with 25% of 
single-view mammography dose (a), and with added noise corresponding to a reduction 

in dose by 50% and 25%, respectively (b & c). 

 
B. Optimization Framework 
 

To optimize the acquisition scheme of projection images and reconstructed slices, 

the principal acquisition components, namely, dose, number of acquisitions, and the 

angular range were systematically changed in each of the imaging modes to determine 

which one of the many possible combination of acquisition parameters maximized the 

detection of embedded lesions.  

Optimization was investigated under two acquisition dose conditions based on 

the number of projections used, namely, an iso-image dose condition and an iso-study 

dose condition. Under the iso-image dose condition, the dose level of each angular 

projection remained unchanged. Ignoring the slight variations in dose levels with 
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angular projections,143 this resulted in increased dose level with an increase in the 

number of projections. Under iso-study dose condition, the total dose was kept constant 

regardless of the number of projections used, i.e. less dose per projection with an 

increase in the number of projections. Using the noise modified images, 3 clinically 

relevant iso- study dose conditions were simulated, namely, 1, 1.5, and 2 times single-

view mammography. 

For each dose level, the angular projections were systematically changed 

between 1 and 25 projections, while the angular ranges were varied within the 7.5o – 

44.8o range. The performance of the system (detailed below) was determined as a 

function of the number of angular projections and the total angular span of those 

projections in both projection and the reconstruction space. The AUC values at angular 

projections not sampled by the acquisition system were determined by interpolating the 

existing data using a least square approach. These values were then fitted with a third-

order polynomial curve to determine the trends underlying the variation of AUC values 

with the number of projections. The combination that yielded the maximum 

performance was deemed the optimized acquisition parameters set.  Thus by changing 

the total dose level, a controlled yet comprehensive evaluation of optimization scheme 

in terms of dose, number of projections, and angular span was performed. Figure 29 

provides a visual illustration of this multi-factorial optimization scheme.  
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Figure 29: Schematic of the optimization space used in this study to analyze both 
projection images and reconstructed slices.  

 

C. Evaluation of Detection performance 
 

The diagnostic performance of the system was evaluated in terms of the 

detectability of the embedded masses. The detectability of the mass was measured in 

terms of Receiver Operating Characteristic (ROC) curves and the area under ROC curves 

(AUC). For assessing the performance on projection images without reconstruction, the 

premise of CI, first the 756 lesion-supplemented ROIs per angle were extracted. Next, 

based on the known characteristic of the embedded lesion, the detectability of the lesions 

was determined using a Laguerre-Gauss channelized Hotelling observer (LG CHO).96 

Detectability was measured at each of the 25 angular projections thus resulting in 25 

ROC curves. ROCs corresponding to a given acquisition configurations were then 

combined using a decision fusion technique based on Bayesian statistics.97, 142 The area 



 

123 

under the combined ROC curve (AUC) was employed as an overall figure of merit 

representative of clinical performance of the projection images at that acquisition 

configuration.  

For evaluating the reconstructed slices, the in-focus slice corresponding to the 

lesion plane 3 cm above the detector surface was extracted from the reconstructed image 

slices for each specimen. The specific parameters for reconstruction were dictated by the 

acquisition configuration considered. The 84 lesion supplemented ROIs/specimen were 

then extracted from the slice resulting in 756 ROIs for all the specimens. These ROIs 

were analyzed for the presence of signal using the mathematical model-based 

methodology similar to that used for CI. At the end of this analysis, a single ROC curve 

was derived corresponding to the overall detectability of lesions in a reconstructed slice. 

It may be noted that this single ROC curve corresponded to the “combined” ROC curve 

of projection images as the reconstruction of the central slice effectively served as the 

fusion mechanism that was complementary to the Bayesian fusion scheme used for 

combining projection images.  
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5.3 Results of CI and Tomosynthesis Optimization 

Figure 30 shows variation in AUC with the number of angular projections at 

different angular ranges for projection images (CI) and reconstructed slices 

(tomosynthesis), respectively, under iso-image dose condition with dose level of each 

projection was fixed at 1/25th fraction of typical single-view mammography. For both 

imaging modes, regardless of the angular span, the AUCs first increased with an 

increase in the number of projections but leveled off beyond a certain number of 

projections. The maximum value of AUC, however, increased with an increase in the 

angular span. Projection images yielded a slightly higher maximum AUC than 

reconstructed slices indicating slight benefit in the detection performance in using just 

the projection images over tomosynthesis. Most importantly, the peak performance for 

both imaging modes was between 15 and 20 projections for a ~ 45o angular span.  

Figures 31 and 32 show reconstructed in-focus slice of a mastectomy specimen 

under iso-image dose condition of single- and two-view mammography dose levels, 

respectively. The slice was generated using 5 (a), 13 (b), and 25 (c) projections spanning a 

fixed angular range of 44.8o. There is a notable improvement in the detectability of 

lesions as the number of projections increases from 5 to 13; however, the detectability 

does not appear to improve by increasing the number of projections to 25. This provides 

a visual evidence of the saturation in AUC values shown in Figure 30b.  
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Figure 30: Variation of AUC with number of projections for CI (a) and 
tomosynthesis (b), at different acquisition dose levels under iso-image dose condition 

(dose of each projection was fixed at 1/25th fraction of typical single-view 
mammography). 

The angular spans of these projections were in the 7.5o – 45o range. 
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(a)      (b) 

 

  
       (c) 

Figure 31: In-focus tomosynthesis slice at the central plane of lesions embedded in a 
mastectomy specimen. The slice was reconstructed using 5 (a), 13 (b), and 25 (c) 

projections under iso-image dose condition (dose of each projection used for 
reconstruction was fixed at 1/25th fraction of typical single-view mammography). The 

detectability of the lesion evidently improves from 5 to 13 projections, and then appears 
to remain steady beyond 13, thus visually confirming saturation in AUC values shown 

in Figure 30b. 
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        (a)                                            (b)  

 

 
        (c)  

 

Figure 32: In-focus tomosynthesis slice at the central plane of lesions embedded 
in a mastectomy specimen. The slice was reconstructed using 5 (a), 13 (b), and 25 (c) 

projections under iso-image dose condition (dose of each projection used for 
reconstruction was fixed at 1/12.5th fraction of typical single-view mammography). The 
detectability of the lesion evidently improves from 5 to 13 projections, and then appears 

to remain steady beyond 13. 
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Figures 33 and 34 show the variation in AUC with the angular span and number 

of projection for projection images and reconstructed slices under fixed dose levels (iso-

study dose condition) at total dose levels equivalent to that of half and full single-view 

mammography dose level, respectively. Both projection images and tomosynthesis 

showed improvement in diagnosis when information from multiple images was 

combined, confirming the benefit of both methods over standard mammography. 

However, for all angular spans, the AUC first increased and then decreased as the 

number of projections was increased. The number of projections at which the AUC 

values peak was dependent on the angular span. Most noteworthy, the maximum AUC 

value for both projection images and reconstructed slices was obtained at an angular 

span of 44.8o with 15 – 17 projections. This suggests that current implementations of 

breast tomosynthesis with 25 projections may be sub-optimal. Reconstructed slices were 

also noted to have slightly lower performance than projection images, especially at the 

single-view mammography dose level (shown in Figure 33b), possibly due to 

reconstruction artifacts that limit the efficiency of tomosynthesis. The higher 

performance of projection images is thus potentially indicative of the maximum 

achievable performance via tomosynthesis.  

Figures 35 and 36 provide a visual evidence of change in detectability of the 

embedded lesions in the central slice under iso-study dose condition at dose levels 

equivalent to that of single- and two-view mammography, respectively. The number of 
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angular projections used to reconstruct the slice was varied from 5 (a) to 13 (b) to 25 (c) 

spanning a fixed angular arc of 44.8o. The detectability of the lesions evidently improved 

from 5 to 13 projections but decreased when the number of projections was increased to 

25.  
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Figure 33: Variation of AUC with the number of projections for projection 

images (a) and reconstructed slices (b) under iso-study dose conditions at different 
angular ranges in 7.5o - 45o range.  

The total dose level was fixed to that of single-view mammography.  
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                 (b) 

Figure 34: Variation of AUC with the number of projections for projections 
images (a) and reconstructed slices (b) under iso-study dose conditions at different 

angular ranges in 7.5o - 45o range.  

The total dose level was fixed to half that of single-view mammography.  
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(a)          (b) 

 

  
(c) 
 

Figure 35: In-focus tomosynthesis slice at the central plane of lesions embedded in a 
mastectomy specimen. The slice was reconstructed using 5 (a), 13 (b), and 25 (c) projections. The 

total dose was fixed at that of single-view mammography regardless of the number of 
projections. The detectability of the lesion evidently improves from 5 to 13 projections, and then 

appears to deteriorate at 25 projections due to increased noise per projection, thus visually 
confirming the roll off in the AUC values shown in Figure 32b. 
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(a)      (b)  

  

 
(c) 

 

Figure 36: In-focus tomosynthesis slice at the central plane of lesions embedded in a 
mastectomy specimen. The slice was reconstructed using 5 (a), 13 (b), and 25 (c) projections. The 
total dose was fixed at that of two-view mammography regardless of the number of projections. 
The detectability of the lesion evidently improves from 5 to 13 projections, and then appears to 

deteriorate at 25 projections due to increased noise per projection. 
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While the total dose in Figures 33 and 34 was fixed, Figures 37 and 38 show variation of 

AUC for projection images and reconstructed slices at three different dose levels, of 1, 

1.5, and 2 times that of single-view mammography. Two different angular spans of 7.5o 

(Figure 37) and 44.8o (Figure 38) are shown. For both imaging modes at each dose level, 

performance was optimized at a particular number of projections. Regardless of the 

angular spans, the AUC values increased by increasing the dose level.  

Figures 33 and 34 suggest that the optimum number of projections is dependent 

on the total angular span used. Figures 39 and 40 depict that finding for projection 

images and tomosynthesis. Figure 39 shows the number of projections that yield 

maximum AUC at different angular ranges, while Figure 40 shows the corresponding 

AUCs at each of those angular ranges. The maximum AUC is obtained using a 44.8o 

angular span and 15 – 17 projections. As 44.8o was the maximum angular span tested in 

this study, it is expected that a wider angular span might yield even higher 

performance. The slope of the linear fit in Figure 39 reveals that for both projection 

images and reconstructed slices, the optimum angular separation that realizes maximum 

performance is approximately 2.75o. 
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(b) 

Figure 37: Variation of AUC with number of projections for projection images (a) 
and reconstructed slices (b) under iso-study dose conditions at an angular range of 7.5o.  

These values are also plotted at different dose levels (denoted in the legend as 
the multiples of that of typical single-view mammography). 
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Figure 38 : Variation of AUC with number of projections for projection images 
(a) and reconstructed slices (b) under iso-study dose conditions at angular range of 44.8o.  

These values are also plotted at different dose levels (denoted in the legend as 
the multiple of that of typical single-view mammography). 
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(b) 

Figure 39: The number of projections per angular range that yield maximum 
AUCs for projection images (a) and reconstructed slices (b).  

These are plotted for different dose levels (denoted n the legends as the multiples 
of that of single-view mammography). 
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Figure 40: Maximum obtainable AUC values for different angular ranges for 
projection images (a) and reconstructed slices (b).  

These are plotted for different dose levels (denoted in the legends as the multiple 
of that of single-view mammography) 
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5.4 Discussion 

Tomosynthesis is a multi-projection imaging technique where performance is 

affected by several possible combinations of acquisition parameters including the 

acquisition dose level, the number of angular acquisitions, and the total angular span of 

those projections. Not all of these combinations, however, are optimal – certain 

combination of these parameters may distort pathological indicators. It is important to 

determine an optimum acquisition scheme that could make tomosynthesis maximally 

effective.  

Tomosynthesis is based on a unique imaging paradigm in that both the 

projection images and the reconstructed slices have identical in-plane resolution thus 

making both sets of images valuable for diagnosis. However, the two have distinct 

characteristics. Reconstructed images contain out of plane artifacts, while projections 

images contain anatomical overlaps. In this study, we designed a comprehensive 

framework to analyze the effect of acquisition parameters on reconstructed slices as well 

as projection images, and to derive an optimized acquisition scheme for both imaging 

modes. A comparison of the optimized performance of projection images and 

tomosynthesis facilitated an assessment of the impact of reconstruction on 

tomosynthesis image quality, and most importantly, provided a comprehensive 

optimization rule for tomosynthesis.  
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Under iso-image dose condition of cumulative dose level equivalent to that of 

single-view mammography, the performance of both projection images and 

reconstructed slices increased with an increase in the number of projections and 

subsequently appeared to reach an asymptote at higher number of projections. A similar 

trend in the performance of reconstructed slices was observed at a higher iso-image dose 

setting of two-view mammography dose, as demonstrated in Figure 41. The figure 

illustrates the asymptotic behavior in reconstructed slices in rendering breast masses 

under iso-image dose condition on two example human cases selected from our ongoing 

tomosynthesis clinical trial. The sub-figures show slices reconstructed using 5, 13, and 25 

projections. The improvement in detectability of the mass in going from 5 to 13 

projections, followed by its apparent saturation from 13 to 25 projections provides a 

visual evidence of the performance of reconstructed slices seen in Figure 30b. While the 

angular span in this example was fixed at 44.8o, Figure 30b shows that this behavior was 

expected across all angular spans. However, the threshold in the number of projections 

at which the performance saturated was angular span-dependent. Most notably, both 

this threshold and the absolute value of AUC increased with the increase in the angular 

span. In tomosynthesis, the performance was further limited by reconstruction artifacts 

at the smaller number of projections, yielding lower detection performance compared to 

projection images in that zone (Figure 30b). This behavior in performance for both 

imaging modes indicates an interplay of anatomical and quantum noise in the overall 
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detection performance of a multi-projection system: the performance improves as 

system overcomes anatomical noise by using information from an increasing number of 

projections; however influence of anatomical noise diminishes beyond a certain number 

of projections as the performance becomes quantum noise limited and therefore 

saturates.97  

While iso-image dose condition illustrates the trend in the performance of 

projection images and tomosynthesis, it does not delineate the role of the acquisition 

dose level on the optimization of the acquisition scheme. This is because an increase in 

the number of projections also increases the total delivered dose; the performance 

variation seen in Figure 30 may thus be due to the dual role played by the change in the 

number of projections and dose.  

Decoupling the dose from the number of projections, the performance at constant 

dose level for variable angular span and number of projections is depicted in Figures 33 

and 34. Regardless of the angular span, the detectability of the mass approximately 

followed a bell curve as a function of the number of projections. This suggests that the 

current implementations of tomosynthesis in which the total dose is divided among 25 

projections may be sub-optimal and that the performance of tomosynthesis may 

potentially be improved by using an optimum number of projections less than the 

maximum possible number and dividing the total dose among the smaller number of 

projections. Furthermore, the highest performance was achieved at the maximum 
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angular span (of ~45o), which suggests that an increase in the angular span may further 

improve the absolute value of the AUC. This may be due to the fact that larger angular 

spans provide added diagnostic information.   

If the angular span is kept constant, depicted in Figures 37 and 38, the best 

performance was achieved at the highest tested dose of single-view mammography. 

Although, this result indicates that a further increase in mammography dose level may 

further increase performance, there were diminishing returns at higher dose levels. This 

asymptotic nature of the increase in dose level indicates diminishing role of quantum 

noise in multi-projection imaging as further depicted in the plateaus of Figure 30. 

If the number of projections is kept constant, an increase in the angular span 

necessitates a larger number of projections for improved performance. The finding 

further summarized in Figures 39 and 40 indicate an optimum angular sampling of 2.75o 

for multi-projection breast imaging. Data further showed a higher performance in the 

projection space (i.e. CI) than tomosynthesis, suggesting potential room for 

improvement in tomosynthesis.  
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(d)                         (e)           (f) 

Figure 41: Representative in-focus tomosynthetic slice showing breast lesions in two 
human subjects (a-c, d-f) from our ongoing tomosynthesis clinical trial. The slice was 
reconstructed under iso-image dose condition of two-view mammography dose level 

using 5 (a & d), 13 (b & e), and 25 (c & f) projections, respectively.  

The detectability of the lesion evidently improves from 5 to 13 projections, and then 
appears to remain steady beyond 13, thus visually confirming saturation in AUC values 

shown in Figure 30b. 
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One limitation of this study was that the performance could not be evaluated at 

arbitrary number of angular projections for a given angular range. This was due to the 

uniform sampling configuration of the acquisition system, making it necessary to 

interpolate the results for missing angular samples. The interpolation might have 

introduced some artifacts in the results. This possibly explains the uncharacteristic dip 

in the AUC values in Figure 30b. By and large, however, comparison of the interpolated 

values and the original values indicated a faithful reproduction of the trends. 

Furthermore, the optimization framework was based on mastectomy specimens that 

provided the best approximation of the real breast anatomical structures. However, 

since the specimens are detached from the body, they could not be compressed in a 

clinically realistic fashion during acquisition. As a result, the actual dose delivered to the 

specimens may be slightly different than assumed in this study. Furthermore, the effects 

of different reconstruction techniques on the optimization of tomosynthesis acquisition 

were not considered. Reconstruction techniques other than the one used in this study 

such as iterative techniques may render different results for tomosynthesis.64, 149 Most 

notably, however, both tomosynthesis and CI show mutually reinforcing trends in 

performance with change in the acquisition parameters that may potentially serve as 

important guidelines for optimization of tomosynthesis. Our study was further limited 

to a maximum of ~45o angular span, one lesion type (i.e. breast mass), and a maximum 

dose of single-view mammography. Although a total dose of two-view mammography 



 

146 

was used for demonstration purposes (Figures 32 and 36), the optimization analysis was 

not conducted at this dose because of unavailability of data at fewer than five 

projections. Notwithstanding these limitations, the framework implemented was generic 

in nature and may be easily extended to incorporate other aspects of imaging 

performance not explored in the present study.  

5.5 Conclusions 

Sub-optimized implementation of breast tomosynthesis can potentially 

compromise its maximum achievable diagnostic performance.  In this study, we 

developed an algorithmic observer-based framework to assess the impact of various 

acquisition parameters of tomosynthesis performance, namely, dose, the number of 

projections, and the angular span. The performance was investigated with and without 

reconstruction, thus linking projection-based optimization to optimization of 

tomosynthesis. The study demonstrated the interplay of anatomical and quantum noise 

in the overall performance. The following conclusions may be drawn from this study:  

1) Increasing the number of projections while keeping the overall dose and 

angular span constant decreased the performance of tomosynthesis, 

indicating that the current implementations of tomosynthesis may be sub-

optimal. 

2) When optimized, slightly higher performance was achieved without 

reconstruction, i.e. by using only projection images. 
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3) Increasing the angular span and acquisition dose level improved the 

maximum obtainable AUC.  

4) The number of projections required to maximize performance was found 

to be linearly related to the angular span. This number was found to be 

independent of the acquisition dose level. The best clinical performance 

in both projection images and tomosynthesis was obtained when the 

angular separation between each projection was approximately 2.75o.  

5) Finally, the results revealed that the peak performance for both projection 

and tomosynthesis images at the clinically relevant dose level of single-

view mammography was achieved at 15 – 17 projections spanning an 

angular arc of ~45o, the widest angle tested in this study. 
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6. Application of CI in Chest Imaging 

Chest radiography is ubiquitous in contemporary radiology for imaging lung 

cancer. Even so, it is far from perfect and suffers from camouflaging effects of overlapping 

anatomy characteristic of other projection techniques such as mammography. Having 

introduced and demonstrated the potential advantage of CI over mammography, another 

potential application in chest imaging was explored. To that end, a dedicated digital 

multi-projection system for chest imaging was developed at the Radiology Department of 

Duke University. This chapter presents the physical design considerations in the 

development of this system and reports the translational steps that advanced the system 

from the developmental stage to its final clinical implementation. The system was deemed 

clinic-ready and a clinical trial was subsequently launched. 

First, different components in the development of the system will be described, 

followed by tests conducted to investigate its precision in image acquisition. Finally, the 

clinical application of the system for tomosynthesis, CI, and stereoscopic imaging will be 

noted. 

6.1 Introduction 

Lung cancer is the second leading cause of mortality in the US after cardiovascular 

disease. An estimated 160,390 lung cancer deaths occurred in 2007 alone.1 One of the 

reasons for this high mortality is the fact that many patients present with advanced stage 
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disease, when potentially curative surgery is no longer possible. In order to decrease lung 

cancer mortality, it needs to be diagnosed earlier.    

Early stage lung cancer may manifest as a solitary pulmonary nodule, prior to 

development of evident mediastinal or distant metastases.  It was therefore suggested that 

screening patients at risk for lung cancer with chest radiographs might facilitate detection 

of early stage disease and reduce mortality.  However, all trials that used chest 

radiographs to screen for lung cancer showed no change in overall lung cancer mortality 

and, as a consequence, chest radiographic screening for lung cancer was not 

recommended. 14, 15 

Perhaps one of the reasons that chest radiographic screening failed to reduce lung 

cancer mortality is the fact that the sensitivity and specificity of chest radiography for the 

detection of lung nodules is relatively low and that up to 90% of potentially cancerous 

pulmonary nodules are not detected (“missed”) on chest radiographs. 11, 150, 151  

One of the major deficiencies of chest radiography is its limitation in rendering 

suspected pathology that a radiologist may be looking for. Cancerous nodules may be 

hidden in a complex cloud of overlapping projections of the anatomical features of the 

thorax such as mediastinum, pulmonary vessels, lung structure, the heart, and diaphragm 

resulting in false negatives.18, 152 The detection of lung nodules could potentially be 

improved by an imaging technique that can minimize the undesirable influence of 

overlying anatomy. An ideal approach to eliminate overlapping anatomy is Computed 
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Tomography (CT). However current utilization of CT as a screening tool for identifying 

lung nodules on a broad basis is controversial because of economical (cost and technology 

availability), patient care (e.g., overdiagnosis), and patient dose considerations.34 The 

radiation dose to a patient undergoing a CT scan, even a low dose CT scan, is much higher 

than that in chest radiography, and thus, from a public health standpoint, the higher 

associated health risks might not be justifiable for a wide-scale CT lung cancer screening 

program. Thus if lung cancer screening is to be realized, there is a need for cost-effective 

and dose-effective imaging alternative. 

Towards that end, multi-projection imaging has been proposed as a technique to 

improve early stage cancer detection over standard projection technique without 

increasing the current dose levels.43, 153, 154 In multi-projection chest imaging, a plurality of 

digital radiographic images of the same patient are acquired in quick succession from 

slightly different angles within a limited angular range. The total dose, which is 

equivalent to that of typical chest radiography, is equally distributed across all the 

projections. By exploiting the differences in geometrical perspectives that different angular 

projections offer, the multi-projection imaging scheme is able to reduce the confounding 

effects of anatomical overlap that otherwise limit the efficiency of chest radiography. 

Improved detection of potential lesions is obtained by combining information from the 

multiplicity of angular projections. Practically, this combination can take different forms 

including scrolling of the projection images manually or in cine mode, stereoscopic 
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display of projection images,155 computer-aided analysis of the images,78 or 

tomosynthesis.156  

A multi-projection x-ray system for chest imaging was recently designed and 

developed at the Radiology Department of Duke University. The purpose of this paper is 

to present physical design considerations in the development of this system and to report 

the translational steps that advanced the system from the developmental stage to its final 

clinical implementation.  

First, different components in the development of the system will be described, 

followed by tests conducted to investigate its precision in image acquisition. These tests 

were conducted since robust image acquisition is pivotal to the clinical performance of the 

system. Finally, different clinical applications of the multi-projection x-ray system such as 

tomosynthesis, correlation imaging (CI), and stereoscopic imaging will be noted. 

6.2 Methods 

6.2.1 The Imaging System Hardware 

A standard x-ray system with upright gantry was modified to enable the x-ray 

tube to translate along the horizontal and vertical axes in an iso-centric motion with the 

center of the x-ray beam located at a distance of 2.5 cm in front of the detector. In either 

direction, the x-ray tube was rotated about the focal-spot of the x-ray beam to complete 

the iso-centric configuration. The detector is stationary, amorphous silicon indirect (CsI) 
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flat panel sensor (Paxscan, 4030CB series; Varian Medical Systems, Palo Alto, CA) 

designed to perform at high frame rates with extended dynamic range. It has a pixel size 

of 194 µm and a matrix size of 2048 x 1536.  

Motion along the horizontal and vertical axes is made possible through two linear 

actuators driven with servo-motors. While a similar system has been built by Dobbins et 

al, 65 the unique feature of this system is that the x-ray tube is capable of moving in-synch 

along both axes, and therefore can traverse an arbitrary trajectory on a plane parallel to the 

detector (Figures 42 & 43). Another differentiating feature is the easier mechanical setup of 

the system; it uses a single servo-motor in conjunction with a simple lever and railing 

arrangement to provide motion along the vertical axis. The railing, shown in Figure 44, is 

angulated such that it provides a tilt of 1o for every inch of tube translation resulting in a 

maximum angular span of ±7.5o about the posterior-anterior (PA) orientation along the 

vertical axis. This approach is less costly and easier to construct than the alternative 

methods. Motion in the horizontal plane and the articulation required to provide fulcrum 

of the x-ray beam upon the detector are provided by two additional servo-motors (Figure 

45) enabling a maximum angular span of ±15o along the horizontal axis. 
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Figure 42: Schematic of a new multi-projection x-ray imaging system capable of 
multiple oblique-angled acquisitions about the PA orientation for chest imaging.  

(a) top-view showing the system’s trajectory along horizontal axis, and (b) side-
view showing motion along the vertical axis. 

  

Figure 43: Snapshot of the multi-projection x-ray imaging system installed at the 
Radiology Dept. of Duke University as applicable for chest radiography.  

Also shown are motion-regulating switches (indicated by arrows) to achieve iso-
centric motion of the tube along vertical axis. 
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                                 (a)                                                                (b) 

 

      (c) 

Figure 44: Pictures of the multi-projections system depicting its trajectory along 
vertical axis (a-c).  

The tube motion is depicted via pictures of the tube at three different locations 
(PA and two extremities). Also shown is the angulated railing arrangement that enable 

the iso-centric motion of the tube along vertical axes. 
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(a) (b) 

 

 
 

(c) 
 

Figure 45: Pictures of the multi-projections system depicting its trajectory along 
horizontal axis (a-c).  

The tube motion is depicted via pictures of the tube at three different locations 
(PA and two extremities). Also shown is the servo-motor coupling (pointed by the arrow 

in c) that enables the iso-centric motion of the tube along horizontal axes.  



 

156 

6.2.2 Synchronization and Electronics 

A single controller unit synchronizes motion along the two axes and the rotation of 

the x-ray tube by executing user-commands from a software platform (Motion Planner, 

Cross Automation, Belmont, NC). Acquisition of images is orchestrated between the 

image acquisition software (ViVA, Varian Medical Systems, Palo Alto, CA) and the user to 

expose the detector by the x-ray generator. The motion is also regulated by hardware 

interrupts generated by the end-of-travel hardwired switches fitted on to the actuators 

(Figure 43). The switches also facilitate position-error checks. This is done as follows: the 

switches, which are placed at locations that mark known coordinates along the trajectory 

of the tube-motion, trip when the tube passes them during its motion. These trip signals 

(hardware interrupt signals) are in turn compared with the real-time coordinates of the 

tube that are inquired by the software. Any misalignment between the expected and the 

actual coordinates of the tube is compensated by the motion controller unit. This error 

check is automatically performed at end of each acquisition, thereby compensating for any 

possible misalignment in the position of the tube and correctly resetting it for subsequent 

acquisition. 

A custom software-based imaging protocol synchronizes the acquisition task 

between the acquisition software, x-ray generator and the positional coordinates of the x-

ray tube along the two axes. A schematic of the interface developed to achieve the 

synchronization is shown in Figure 46. Figure 47 depicts the timing diagram of the 
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synchronization scheme. The labels A through I indicate the chronological order of the 

constituting system tasks leading to final image acquisition. Sequence A indicates the 

desired frame rate set by the user on an external frequency generator. Upon activation 

(Sequence B & C), the x-ray generator and the image acquisition software trigger the 

detector and set the image acquisition frame rate of the detector. The read-out and 

reset/dead time of the detector is approximately 60 ms and is independent of the 

acquisition frame-rate. The detector generates a pulse in which the falling edges signify an 

active low-state when the detector is ready to acquire images (Sequence D). This pulse 

serves as an input interrupt for the tube motion-controller (initiated by the user in 

Sequence E) and synchronizes the image acquisition software with the tube motion 

(Sequence F). The first falling edge of the detector pulse initiates the tube translation 

(Sequence G). At the second falling edge, the motion controller sends an active high pulse 

to the x-ray generator (Sequence H). At this instant, the x-ray generator, which is triggered 

active by the logical AND of the falling edge of the detector pulse and the active high 

pulse from the motion-controller, generates x-rays thus exposing the detector (Sequence I). 

The detector, which is in the active read-in state at this instant, starts acquiring the image.  

This acquisition protocol ensures that no image frames are lost after the patient is 

exposed to radiation, avoiding unnecessary patient exposure. The images are acquired at 

the frame-rate set by the user in Sequence A. The translating speed of the tube is adjusted 

to synchronize the image acquisitions with the desired positional coordinates of the tube. 
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Once the desired number of images in the acquisition sequence has been acquired and the 

tube has translated across the desired angular span, the motion controller sets the trigger 

off, which in turn stops the x-ray exposure and hence, image acquisition.  
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Figure 46: Schematic of the interface developed to achieve synchronization of 
image acquisitions between the detector, x-ray generator and the positional coordinates 

of the moving x-ray tube.  The corresponding timing diagram is shown in Figure 47. 
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Figure 47: Timing diagram for continuous acquisition. The system is capable of 
both step-and-shoot and continuous operations. 

 

 The system is capable of acquiring multiple images from different angles in rapid 

succession in both step-and-shoot and continuous modes.  The readout-rate of the detector 

is user adjustable with a maximum rate of 7.5 frames per second at full-detector 

resolution. The x-ray tube can be programmed to translate at variable tube speeds in order 

to optimize total acquisition time for superior image quality and maximum patient 

comfort.  
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6.2.3 Geometrical Precision 

Having developed the system, its geometrical robustness was investigated to 

determine its suitability for clinical implementation. The geometrical robustness was 

assessed in terms of the precision in position and possible motion blur due to tube motion. 

Toward that end, multiple projection images of a slightly angulated tungsten edge-device 

were acquired with the tube in motion (continuous mode) at the clinically relevant kVp 

setting of 120 for chest radiography. In addition, 19 mm of Al filtration was added to 

emulate spectrum attenuation through patients. An edge device was placed at a distance 

of 30.5 cm from the detector to represent the maximum geometrical magnification 

expected from patients 157. A small focal spot size (0.6 mm, normal) was used to minimize 

the effect due to focal spot blurring. Exposure times were 10 and 5 ms. The tube was 

translated at 2.5 and 5 cm/sec and images were acquired at 1 and 2 frames/sec, 

respectively, resulting in two combinations of tube speed and frame rate settings. Total 

acquisition times were 10 and 5 seconds, respectively, times anticipated in actual clinical 

trials. These images acquired at different settings were used to investigate the geometrical 

robustness of the system, as described next. 

For assessing geometrical precision of the system, five series of 15 image 

acquisitions were obtained at each of the two combinations of tube speed and frame rate 

settings. To evaluate the positioning/velocity errors encountered during translation of the 

x-ray tube, the position coordinates of each of the 15 images reported by the motion 
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planner were compared across the different sets of images obtained at each of the two 

tube-speed/frame rate setting combinations. Projections of the edge device acquired at the 

PA orientation with and without tube motion were compared to evaluate any error in the 

reported positional coordinates.  

To investigate possible motion blur artifact along horizontal axis, the expected PSF 

of motion blur for a point at a distance of z from the detector was calculated analytically. 

Based on the geometry of tube trajectory, the PSF was determined to be zvt/(SID-z), where 

v is the tube speed, t is the exposure time and SID is the source-to-image distance. 

Furthermore, using images of the edge device, the Modulation Transfer Function (MTF) 

was computed experimentally with the tube in motion and compared with that obtained 

with stationary tube. A previously published methodology 157 was used to compute the 

MTF from the images of the edge device.  

6.2.4 Clinical Trial 

Having developed the multi-projection imaging system and determined the 

robustness of its image acquisition capability, a clinical trial with Institutional Review 

Board approval, including written informed consent, has been initiated to image patients 

with confirmed lung nodules and normal volunteers. So far, 80 out of a total target of 250 

subjects have been imaged. To identify patients with lung nodules, the CT databases at 

our institution are searched for recently detected or diagnosed malignancies (either 

primary or metastatic). 
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For each patient, three projections are acquired along the horizontal axis. These are 

acquired at +3o, 0o (PA orientation) and –3o. The tube settings are such that each of the 

three images is acquired at 1/3rd the dose level of a typical chest radiography examination. 

Specifically, the tube voltage is fixed at 120 kVp, and the tube current/exposure time 

product is varied between 1.25 – 6.4 mAs (in order to maintain consistent image noise 

across varying patient chest thicknesses in the 20 – 36 cm range). The images are acquired 

in a continuous acquisition mode with the tube speed of 2.5 cm/sec and at a read-out time 

rate of 1 frame per second resulting in total acquisition time of 10 seconds – within a 

patient’s single breath-hold. The source-to-image distance (SID) is 200 cm, corresponding 

to the optimum magnification based on an earlier study.158 A small focal-spot size (0.6 mm, 

normal) is used to minimize the effect due to focal spot blurring.  

Before scanning the patients, the system is calibrated for a precise geometry of the 

x-ray tube translation. The calibration takes into account the SID, the speed of the 

translating tube, and the acquisition frame rate.  This ensures image acquisition at the 

desired angular orientations. Specifically, the tube location is first reset to the central PA 

position. An automatic error check, as described earlier, is performed at this point to 

ensure precise alignment of the tube with the desired trajectory. Using the geometry 

shown in Figure 42 and the known SID, the tube is then displaced by 13.8 cm which 

corresponds to a displacement of +3.8o relative to the PA position. This position is at a 

slight offset from +3o - location of the first acquisition, and was provided so that the tube 
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motion stabilizes before the onset of x-ray exposures. Next, at user’s prompt, the tube 

motion is initiated per sequence G of Figure 46, and synchronized image acquisition is 

initiated as noted earlier. Following the three acquisitions, the tube is repositioned to the 

PA position thus completing the acquisition cycle. 

The system is operated under the supervision of a dedicated clinical coordinator 

and technologist. Once the subject is ready for acquisition and is positioned in front of the 

detector, the coordinator prompts the technician to initiate the custom-built automatic 

routine rendered on an easy-to-use graphical interface. The routine automatically initiates 

the scanning procedure, scans and exposes the subject, and also acquires and saves the 

images on a dedicated computer. 

 

6.3 Results and Discussion 

6.3.1 Image System Performance 

The system was found to have an excellent geometrical precision in terms of the 

reported positional coordinates of the translating x-ray tube at four different overall 

combinations of tube speed and frame rate settings. The positional errors at tube speeds of 

2.5 and 5 cm/sec were found to be within 1% and hence inconsequential. However, images 

captured with the stationary tube revealed a slight misalignment from those captured at 

the same position when the tube was in motion. This may be due to a delay of 

approximately 100 ms between the time when the motion-controller reports the 
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coordinates and the actual position at which the x-ray generator initiates the exposure. 

The motion-controller reports the positional coordinates at the instant when it receives an 

active ready-to-acquire falling pulse from the detector. This falling pulse simultaneously 

causes a voltage to be applied across the cathode and the anode of the x-ray tube. We 

speculate that there may be approximately a 100 ms delay in the time required by the x-

ray tube to generate steady-state x-ray beam after application of this voltage. 

Consequently, after the positional coordinates are reported, the tube translates to a new 

position, resulting in a misalignment. However, at typical tube velocities in the 2.5 – 5 

cm/sec range, the resultant misalignment will be 0.02 – 0.05 mm range, and hence 

negligible for actual clinical acquisitions. 

Figure 48 shows MTFs acquired with exposure times of 5 and 10 ms at tube speeds 

of 2.5 and 5 cm/sec. The overlying MTFs indicate the image quality was not affected by 

increase in exposure time at either tube speeds, and also remained unchanged when the 

tube was moved in the negative or the positive direction with respect to PA orientation. 

To be sure, the expected drop in the MTF due to motion was calculated analytically. It was 

found for a point at a distance of 30 cm from the detector, the expected drop was ~ 1% at 

the Nyquist frequency (2.57 lp/mm), thus confirming the overlying nature of the 

experimentally-determined MTFs. Since the method implicitly assumes a linear shift 

invariance property of the system, the measured MTFs were independent of the slight 

error in positional coordinates reported by the motion-controller. Moreover, at 2.5 and 5 
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cm/sec, effect on spatial MTF due to tube motion was found to be minimal. It may be 

noted that this analysis was based only on the horizontal axis – the axis employed for our 

clinical trial. Although not directly applicable to the vertical axis, the MTF evaluation 

representative of the performance and stability of the system and indicates minimal effect 

of tube motion on overall image quality. 

To be sure of the nominal effect of tube motion in our clinical trial, PA image of a 

complex thoracic phantom (Kyoto Kagaku Co., Ltd, Kyoto, Japan) was acquired with the 

tube moving at 2.5 cm/sec corresponding to the tube speed during clinical trials and 

compared it with the PA image acquired with static tube. These are shown in Figure 49a 

and 49b, respectively. The in sets show magnified view of high-frequency components 

around a rib edge. In comparing the two images, it is clear that the image acquired with 

the tube in motion faithfully represents high frequency components, and thus preserves 

anatomical details. There is practically no difference between the two images, thus 

visually confirming the minimal impact of tube motion on the clinical image quality.  

6.3.2 Clinical Implementation 

With the prototype multi-projection system set up for clinical implementation, 

multi-projection images of 80 subjects have been successfully acquired as a part of our 

ongoing clinical trial. The clinical trial is scheduled to run for another year, until 

approximately 250 expected subjects are enrolled.  
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Images of all the 80 subjects imaged so far were judged to have excellent diagnostic 

image quality experienced radiologists. No artifact due to the system itself was observed 

in the acquired images. Figure 50 shows sample clinical images of three subjects acquired 

at +3o, 0o, and –3o about the PA orientation. While the top row shows images from a 

healthy volunteer, the bottom two rows show images of patients with the location of the 

suspected lesions identified and marked with arrows. Most noteworthy is the relative 

change in the location of the lung nodules across the three views. This information of the 

spatial displacement of the identified lesion between different views combined with the 

knowledge of geometry of acquisition may be used by a computer algorithm to identify 

lesions and reduce false positives.159 Each pair may also be evaluated stereoscopically.160 

The analysis and report of the clinical utility of the system awaits completion of the 

human subject study.   
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(c)                                                                       (d) 

Figure 48: Comparison of MTFs from images of an edge device for motion blur 
analysis.  

MTFs at PA orientation with the stationary tube and with the tube moving in the 
negative direction at 2.5 cm/sec (a), in the positive direction at 2.5 cm/sec (b), in the 

negative direction at 2.5 and 5 cm/sec (c), and at 2.5 cm/sec with exposure times of 5 and 
10 ms (d). 
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(a) 

     

(b) 

Figure 49: Example PA images of a complex thoracic phantom (Kyoto Kagaku. 
Co., Ltd, Kyoto, Japan) acquired with (a) and without (b) tube motion.  

The tube speed was fixed at 2.5 cm/sec corresponding to speed used in our 
clinical trial. Image with tube motion preserves anatomical details as well as the image 

acquired with static tube, indicating minimal effect of tube motion on clinical image 
quality. 
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                  (a)                                                         (b)                                                  (c) 

Figure 50: Sample clinical images of three volunteers acquired at +3o (a), 0o (b), 

and –3o (c) about the PA orientation. 

While the top row shows images of a healthy volunteer, the bottom two rows 
show subjects with lung nodules. The locations of the nodules were identified by a 

radiologist and are denoted by arrows.   Most noteworthy is the relative displacement of 
lesion locations across different views. This information is used by multi-projection 

imaging technique to improve the accuracy of nodule detection. 
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6.3.3 Clinical Applications 

The multi-projection imaging scheme, by virtue of its intrinsic limited-angle 

tomography mechanism, reduces the main limitation of standard projection imaging of 

overlapping anatomical structures (i.e. anatomical noise) that can partially or completely 

hide pathology of interest. Using this method, multiple images of the same patient are 

acquired within a short time interval, and the correlation of information in multiple 

projections is used to arrive at the final diagnosis. This information may be harnessed by 

an image-processing application that can take advantage of the multi-projection setup. 

The unique features of our multi-projection imaging system enabling the acquisition of 

images at variable tube speeds, frame rates, and orientations provides the  potential for a 

variety of multi-projection applications, including tomosynthesis, CI, and stereoscopic 

imaging, briefly discussed below. It may be noted that not all of these applications have 

been implemented in our laboratory, however, the installed hardware can potentially 

support all of the following applications.  

6.3.3.1 Tomosynthesis 

Tomosynthesis is a realization of multi-projection imaging scheme in which the 

projection images are further processed to compute images parallel to the detector plane 

across varying depths within an organ of interest. Interrogating one image plane at a time 

minimizes the influence of anatomical structures of neighboring planes, resulting in 

improved diagnosis. 43, 44  
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The flexibility in image acquisition built into our system allows for implementing 

tomosynthesis acquisition geometry. Specifically, the system allows for iso-centric 

acquisitions along an angular arc of ±15o and ±7.5o along the horizontal and vertical axes, 

respectively, with number of images in the 3 – 80 range. Such a scanning geometry also 

enables the proposed acquisition for optimal tomosynthesis image quality.74 As a proof of 

concept, a pilot tomosynthesis acquisition of the Kyoto thoracic phantom was conducted. 

Specifically, 30 images were acquired spanning ±15o along horizontal axis and used to 

reconstruct a volume of slices using a shift-and-add algorithm. Figure 51 shows two 

example slices. In comparing these images with the standard PA image shown in Figure 

49, it is clear that the slices removed some of the overlying anatomy present in the PA 

image. The slices rendered anatomical features in greater details, indicating the robustness 

of the system for future tomosynthesis-based applications.   

Furthermore, by combining horizontal motion with the vertical motion, our system 

lends itself to implementation of arbitrary image trajectories of the tube motion. As a 

result, rather than the standard iso-plane trajectories of existing tomosynthesis data 

acquisition scheme, these novel image trajectories could take advantage of the dual-plane 

configuration of the system to implement arbitrary image trajectories to potentially derive 

superior diagnostic image quality in tomosynthesis imaging. 
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                                           (a) 

 

        

                                            (b) 

Figure 51: Tomosynthesis slices of the Kyoto thoracic phantom as a proof of 
concept for potential tomosynthesis application of the new multi-projection system.  

The precision in image acquisition of the system enabled tomosynthesis 
acquisition resulting in slices that rendered anatomical features in greater details. 
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6.3.3.2 Correlation Imaging 

Correlation Imaging (CI) is another realization of multi-projection imaging scheme 

in which the acquisition protocol is similar to a tomosynthesis technique except that the 

images are directly analyzed instead of being reconstructed, thereby avoiding the 

confounding effects of the reconstruction technique inherent to tomosynthesis.72, 73  Each 

angular projection is acquired at a lower dose level so that the total patient dose is within 

the bounds of an optimized acquisition. These images are then processed by a computer 

algorithm that utilizes spatial correlation information between different angular 

projections to identify and positively reinforce the lesion signals between different 

projections. 78, 159 CI has applications in chest radiography as well as breast imaging.97  

We also envision the use of CI as an adjunct to tomosynthesis imaging, with no 

added patient dose. The image processing technique developed for CI may be applied to 

the projection images acquired as a part of tomosynthesis imaging, providing the 

radiologist with another diagnostic opinion. 

A derivative of CI is bi-plane correlation imaging (BCI) where only two projections 

are needed. In our implementation of BCI (per the clinical trial noted earlier), three images 

are acquired along the horizontal orientation. Images are paired and analyzed for 

assessing the correlation of signals in individual views. Preliminary patient data show 

acceptable diagnostic quality of the acquired images (Figure 50). Exhaustive studies are 
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underway to assess whether the system could be a beneficial diagnostic tool for improved 

detection of lung nodules. 116, 145, 161 

6.3.3.3 Stereoscopic Imaging 

Images captured by the multi-projection imaging system may also be paired and 

presented to a radiologist to be viewed stereoscopically. Stereoscopic view is 

accomplished by presenting the left and the right eye-views to the observer 

simultaneously. These two views are then processed and combined by the brain upon 

which a radiologist interprets the object with a perception of depth, thus allowing him/her 

to sort through the overlapping tissues for potentially improved detection. 

There are a number of display techniques for stereoscopy. In our implementation 

of the technique, stereoscopy is achieved by a combination of two medical-grade liquid 

crystal display (LCD) set and a special pair of polarizing glasses that the viewer wears. 

The two eye-views are rendered at full-resolution on the two LCDs. These two displays 

are configured to be 110o apart and are bisected by a semi-transparent mirror (Figure 52). 

The mirror serves dual-purposes of reflecting the image of the display above it and 

transmitting the image of the display below it.  The mirror also polarizes these images in 

such a manner that the reflected and the transmitted images reaching the observer are 

resolved only by the right and the left lens of the polarizing glasses, respectively, thus 

achieving stereoscopic rendition.  
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A recent study of breast stereo-imaging showed improved clinical performance 

over the standard mammographic technique.155 A similar implementation of stereoscopy 

for chest radiography may provide a three-dimensional view of the thorax enabling 

accurate and intuitive depth perception of the anatomical structures within the thorax, 

thus alleviating the effect of overlapping structures in the detection of lung nodules. 

 

 

 

Figure 52: Stereoscopic display unit at DAILabs that enables 3D rendition of 
medical images, such as chest x-rays. 
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6.4 Summary of CI Implementation for Chest Imaging 

In this chapter, we described the design, development, testing, and clinical 

implementation of a new x-ray chest imaging system for implementing multi-projection 

imaging. Preliminary clinical trials indicate that the system, used as a diagnostic tool, 

could potentially be utilized to improve detection of lung nodules. Because of the 

flexibility the system provided in image acquisitions, it lends itself to a variety of 

applications such as tomosynthesis, correlation imaging, and stereoscopic imaging, each 

offering distinct advantages for improved nodule detection. 
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7. Summary, Conclusions, and Future Work 

In this research work, Correlation Imaging (CI) technique was proposed as a new 

implementation of multi-projection imaging scheme with potential application in early 

staging of cancer. CI alleviates the influence of overlapping anatomical structure that 

can otherwise limit cancer detection in current screening procedures. A theoretical 

platform was developed and validated to optimize data acquisition and to demonstrate 

potential improvement in detection performance in breast imaging via CI. The 

framework was also extended to optimize tomosynthesis and to compare its 

performance with CI. Finally, a new multi-projection clinical system was constructed at 

the Radiology Department of Duke University to implement CI for chest imaging.  

In this work, a number of innovative research tools were developed and 

orchestrated to address the larger research problem at hand. In the following section, 

some of these new methodologies developed in this work will be outlined. 

7.1 Primary Contributions  

1) A Theoretical Model for Signal Detection over Anatomical Backgrounds: A new 

mathematical observer model-based methodology was developed to analyze 

diagnostic image quality of radiographic images with real anatomical 

background. The most significant feature of this methodology is that it is based 

on signal-known-exactly-but-variable task that models clinical practice more 
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closely than signal-known-exactly tasks typically used by perception researchers. 

Also, the model allows performance measurement in more recognized and 

acceptable metrics of ROC and AUC. Most importantly, the methodology serves 

as surrogate radiologist and thus could be used for performance assessment of 

clinical images without time consuming human evaluation. Details of the 

methodology have been presented in Chapter 2. 

2) Novel Decision Fusion Methodology: A combinatorial technique, namely, 

weighted averaging of decision variables, which replicates the expected 

diagnostic decision process used by radiologists in using CI, was developed to 

fuse information from different angular projections available in CI into a single 

overall performance metric. This enables a direct comparison of CI with a single-

view mammography. The technique was validated against a modified Bayesian-

based combinatorial technique,142 and was found to provide robust performance 

assessment under different clinical settings.  The technique can also be 

conceivably used to combine information from multiple slices in tomosynthesis 

to assess its clinical utility. Details of this technique have been presented in 

Chapter 3. 

3) An Imaging System Optimization Framework:  A comprehensive multi-factorial 

task-based mathematical framework for image quality optimization of CI and 

tomosynthesis was developed. It spotlights the inherent role of quantum and 
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anatomical noise, and reconstruction artifacts in the performance of CI and 

tomosynthesis. Using this framework, a complete optimization rule was laid out 

for maximizing the clinical utility of CI and tomosynthesis. The framework 

allows for a combinatorial optimization of various acquisition parameters 

potentially enabling a fast, efficient, and dose-effective technique for superior 

image acquisition. Details of this framework have been presented in Chapters 3 

and 5. 

4) A Next Generation Tomosynthesis System: A new hardware setup capable of 

accurate tomosynthesis acquisition was designed, prototyped, evaluated and 

experimentally validated for chest imaging. A new design enabled retrofitting an 

existing x-ray system to achieve precise multi-axis motion control. The overall 

cost of developing the system was under $50,000 and thus provides a less costly 

yet potentially more efficient alternative to most incumbent tomosynthesis 

systems. It was installed at the Duke hospital and is being currently used for an 

ongoing clinical trial for CI and stereoscopic imaging.  The system has 

robustness, precision, and speed sufficient for potential next generation 

tomosynthesis systems. The system design and performance has been detailed in 

Chapter 6. 
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7.2 Conclusions 

Leveraging on the new methodologies developed in this work, a theoretical 

foundation for diagnostic process in CI was laid out. CI was shown to successfully 

improve performance over standard mammography at comparable dose levels. In terms 

of the improvement in the detection of simulated masses, CI was shown to outperform 

mammography by at least 18%.  

Furthermore, it was found that the CI performance strongly depended on its 

acquisition parameters, namely, the number of projections, their angular span, and the 

acquisition dose level. A framework was developed to optimize CI in terms of 

delivering the best diagnostic performance. Specifically, the framework assessed 

different combinations of acquisition components to investigate which one of the many 

possible configurations maximized the area under the combined ROC.  

It was shown that increasing the number of projections does not necessarily 

improve the performance of CI. The performance of CI peaked between 15 – 17 

projections - about 8 – 10 projections less than the maximum that could possibly be used, 

both in the situation in which the total patient dose increased with the number of 

projections, and also when the total patient dose was kept constant regardless of the 

number of projections used. While in the first case, the performance approached an 

asymptote after peaking, in the second case, the performance approximately followed a 
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bell curve, i.e., after peaking it rolled-off with further increase in the number of 

projections. 

An increase in angular spans, in general, improved CI performance. Among 12 

angular spans investigated in this study, the best performance was obtained with an 

angular arc spanning ~45o, the widest angle tested in this study. Furthermore, the 

relationship between angular span and the corresponding number of projections that 

achieved best performance revealed that the optimum angular separation between each 

projection needed to maximize performance was ~2.75o.  

Similar to angular span, an increase in overall acquisition dose increased system 

performance. Among four levels of dose investigated, the best performance was 

achieved at the highest tested dose of single-view mammography.   Although, this result 

indicates that a further increase in mammography dose level may still increase 

performance, there were diminishing returns in the performance with an increase in the 

dose level. This asymptotic nature of the increase in dose level indicates diminishing 

role of quantum noise in multi-projection imaging, i.e., once beyond the detection 

threshold, an indiscriminate increase in dose may not improve the performance of a 

radiographic device. 

The optimization framework was also applied to tomosynthesis by incorporating 

reconstruction in its analysis. It was shown that tomosynthesis had a slightly lower 

performance than CI, indicating the inherent deficiency in the underlying reconstruction 
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technique in tomosynthesis. Reconstruction was, however, observed to have significant 

effect at smaller number of projections. Regardless of this marginal deterioration in 

overall tomosynthesis performance, trends in performance observed for both the cases 

were alike: performance improved with an increase in total acquisition dose level and an 

increase in the angular span. Under constant dose level and angular span, the 

performance rolled-off beyond a certain number of projections.  

Based on the results of this study, it is therefore suggested that both breast 

tomosynthesis and CI be operated with 15-17 projections spanning an angular arc of 

~45o, and an optimum acquisition dose of two-view mammography.  

Finally, design, development, testing, and clinical implementation of a new x-ray 

chest imaging system for implementing multi-projection imaging was described. The 

system is capable of acquiring multiple full-field projections of the same patient along 

both the horizontal and vertical axes at variable speeds and acquisition frame rates. 

These images acquired in rapid succession from slightly different angles about the 

posterior-anterior (PA) orientation can be correlated to minimize the influence of 

overlying anatomy. The developed system has been tested for repeatability and motion 

blur artifacts to investigate its robustness for clinical trials. Excellent geometrical 

consistency was found in the tube motion, with positional errors for clinical settings 

within 1%. The effect of tube-motion on the image quality measured in terms of impact 

on the Modulation Transfer Function (MTF) was found to be minimal. The system was 
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deemed clinic-ready and a clinical trial was subsequently launched. Preliminary clinical 

results indicate that the system could potentially improve the detection of lung nodules. 

Because of the flexibility in image acquisitions provided by the system, it lends itself to a 

variety of applications such as tomosynthesis, correlation imaging, and stereoscopic 

imaging, each offering distinct advantages for improved nodule detection. 

7.3 Future Directions 

Though the workability of the individual contributions and the overall CI system 

has been extensively investigated in our controlled research protocol, we nevertheless 

believe that the system has some shortcomings that can potentially limit its clinical 

utility. First, the optimization framework was largely based on mastectomy specimens 

that provided the best approximation of the real breast anatomical structures for 

simulation purposes. However, since the specimens are detached from the body, they 

could not be compressed during acquisition in a clinically realistic fashion. As a result, 

the dose delivered to the specimens was tentative at best. Thus, CI would need to be 

investigated on real human subjects under clinically-relevant dose conditions to confirm 

the findings of this research. Second, the clinical utility of CI technique was investigated 

using an algorithmic observer model. Although observer models have been shown to 

correlate well with human detection performance, such a correlation has not been 

conclusively established. Thus, a full clinical evaluation of the CI technique with 

observer experiments needs to be conducted.   Third, the work was limited to detection 
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performance based on a 3D mass with a pre-determined spherical shape. However, for 

more clinically realistic setup, the capability of the system to differentiate masses into 

benign and malignant should be investigated. Most importantly, since CI is low-dose-

per-projection techniques, it is essential to consider microcalicification detection as one 

of the detection tasks. If accomplished, these future tasks will likely pave way for 

potential clinical adoption of CI.  

Furthermore, the methodologies developed in this study have wide ranging 

applications that thus constitute the following general future direction. One, the decision 

fusion methodology to analyze CI performance may be extended to combine lesion 

detectability cues from neighboring slices in tomosynthesis. This is expected to further 

improve the robustness in evaluating tomosynthesis performance. Second, the 

framework for optimization was based on an ensemble result from a dataset of clinical 

images, and thus provided only a representative optimal detection performance for 

individual patient. With further refinement and faster reconstruction algorithms, the 

framework could conceivably be implemented in the clinic for real-time, patient specific 

optimization of CI/tomosynthesis image quality. Third, this research work lays the 

foundation for future research work in further improving both tomosynthesis and CI. 

For example, for a fixed number of projections and acquisition dose, the projections may 

be distributed non-uniformly across the angular space; or the projections may be 

distributed uniformly within a narrow range of projection angles, or they may be 
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densely distributed near the central projection angle and at large projection angles while 

leaving the intermediate angles unsampled. Furthermore, a larger angular span than 

~45o – the widest span tested in this study, could be investigated for potential 

improvement in tomosynthesis slice resolution and lesion conspicuity. At the same time, 

the total dose may be non-uniformly distributed among the acquired projections to 

address the resident concern about reduced microcalcification detection via 

tomosynthesis/CI. For example, keeping the total dose fixed at two-view 

mammography, the central projection may be acquired at single-view mammographic 

dose level – possibly resulting in microcalcification portrayal comparable to 

mammography, while the remaining dose may be distributed among the other oblique 

projections, thus resulting in improved overall microcalcification detection without 

effecting the detection of masses. These investigations may further fine-tune the 

performance of CI and tomosynthesis. Last but not the least, complex trajectories, such 

as hypocycloidal, which has been reported to provide improved tomosynthesis image 

quality, 162 could be investigated with the new hardware setup installed in the hospital. 

Furthermore, the system could also be potentially employed for numerous other 

applications, including but not limited to, chest CI, and full 3D stereoscopy.   
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Appendix: Abstracts of Submitted Journal Articles  

1) Chawla A., Samei E., Saunders R., Abbey C., Delong D., Effect of dose reduction 

on the detection of mammographic lesions: A mathematical observer model 

analysis, Medical Physics 34: 3385-3398, 2007. 

 

We analyzed the effect of reduction in dose levels normally used in 

mammographic screening procedures on the detection of breast lesions. Four types of 

breast lesions were simulated and inserted into clinically-acquired digital 

mammograms. Dose reduction by 50% and 75% of the original clinically-relevant 

exposure levels were simulated by adding corresponding simulated noise into the 

original mammograms. The mammograms were converted into luminance values 

corresponding to those displayed on a clinical soft-copy display station and 

subsequently analyzed by Laguerre-Gauss and Gabor channelized Hotelling observer 

models (CHO) for differences in detectability performance with reduction in radiation 

dose. Performance was measured under a signal known exactly but variable (SKEV) 

detection task paradigm in terms of receiver operating characteristics (ROC) curves and 

area under ROC curves (AUC). The results suggested that luminance mapping of digital 

mammograms affects performance of model observers. Reduction in dose levels by 50% 

lowered the detectability of masses with borderline statistical significance. Dose 

reduction did not have a statistically significant effect on detection of microcalcifications. 
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The model results indicate that there is room for optimization of dose level in 

mammographic screening procedures.  

 

2) Chawla A., Samei E., Saunders R., Lo J., Baker J., A mathematical model platform 

for optimizing a multi-projection breast imaging system, Medical Physics 35: 1337-

1345, 2008. 

 

Multi-projection imaging is a technique in which a plurality of digital 

radiographic images of the same patient are acquired within a short interval of time 

from slightly different angles. Information from each image is combined to determine 

the final diagnosis. Projection data are either reconstructed into slices as in the case of 

tomosynthesis, or analyzed directly as in the case of multi-projection Correlation 

Imaging technique, thereby avoiding reconstruction artifacts. In this study, we 

investigated the optimum geometry of acquisitions of a multi-projection breast 

Correlation Imaging system in terms of the number of projections and their total angular 

span that yield maximum performance in a task that models clinical decision. Twenty-

five angular projections of each breast from 82 human subjects in our breast 

tomosynthesis database were each supplemented with a simulated 3 mm mass. An 

approach based on Laguerre-Gauss channelized Hotelling observer was developed to 

assess the detectability of the mass in terms of Receiver Operating Characteristic (ROC) 
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curves. Two methodologies were developed to integrate results from individual 

projections into one combined ROC curve as the overall figure of merit. To optimize the 

acquisition geometry, different components of acquisitions were changed to investigate 

which one of the many possible configurations maximized the area under the combined 

ROC curve (AUC). Optimization was investigated under two acquisition dose 

conditions corresponding to a fixed total dose delivered to the patient and a variable 

dose condition, based on the number of projections used. In either case, the detectability 

was dependent on the number of projections used, the total angular span of those 

projections, and the acquisition dose level. In the first case, the detectability 

approximately followed a bell curve as a function of the number of projections with the 

maximum between 8 and 16 projections spanning angular arcs of about 23o to 45o, 

respectively. In the second case, the detectability increased with the number of 

projections approaching an asymptote at 11 to 17 projections for angular span of about 

45o. These results indicate the inherent information content of the multi-projection image 

data reflecting the relative role of quantum and anatomical noise in multi-projection 

breast imaging. The optimization scheme presented here may be applied to any multi-

projection imaging modalities, and may be extended by including reconstruction in the 

case of digital breast tomosynthesis and breast computed tomography. 
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3) Chawla A., Samei E., Lo J.Y, Baker J., Toward Optimized Acquisition Scheme for 

Multi-projection Correlation Imaging of Breast Cancer, In print, Academic 

Radiology, 2008. 

 
Correlation Imaging (CI) is a form of multi-projection imaging technique in which 

multiple images of a patient are acquired from slightly different angles. Information from 

these images is combined to make the final diagnosis. A critical factor affecting the 

performance of CI is its data acquisition scheme since a non-optimized acquisition may 

quickly distort the pathological indicators. In this article, we are presenting a Computer 

Aided Detection (CADe)-based methodology to optimize the acquisition scheme of CI 

towards superior diagnostic accuracy. Images from 106 subjects were employed. For each 

subject, 25 angular projections of a single breast were acquired. Projection images were 

supplemented with a simulated 3 mm 3D lesion. Each projection was then processed by a 

traditional CADe algorithm at high sensitivity, followed by reduction of false positives by 

combining geometrical correlation information available from the multiple images. 

Performance of the CI system was determined in terms of free-response receiver operating 

characteristic (FROC) curves and the area under the ROC curves. For optimization, the 

components of acquisition such as the number of projections, and their angular span were 

systematically changed to investigate which one of the many possible combinations 

maximized the obtainable CADe sensitivity and specificity. Performance of the CI system 

improved by increasing the angular span. Increasing the number of angular projections 
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beyond a certain number does not improve performance. Maximum performance was 

obtained between 7-10 projections spanning our maximum angular arc of 45o. Findings 

suggested the existence of an optimum acquisition for CI of the breast. CADe-based 

results confirmed earlier predictions based on observer models. Optimized CI system may 

potentially be an important diagnostic tool for improved breast cancer detection. 

 

4) Chawla A., Lo J.Y, Baker J., Samei E., Optimized Image Acquisition for Breast 

Tomosynthesis in Projection and Reconstruction Space, Submitted for 

publication in Medical Physics, 2008.   

 
Digital Breast Tomosynthesis has been an exciting new development in the field of 

breast imaging. While the diagnostic improvement via tomosynthesis is notable, the full 

potential of tomosynthesis has not yet been realized. This may be attributed to the 

dependency of the diagnostic quality of tomosynthesis on multiple variables, each of which 

needs to be optimized. Those include dose, number of angular projections, and the total 

angular span of those projections. In this study, we investigated the effects of these 

acquisition parameters on the overall diagnostic image quality of breast tomosynthesis in 

both the projection and reconstruction space. Nine mastectomy specimens were imaged 

using a prototype tomosynthesis system. 25 angular projections of each specimen were 

acquired at 6.2 times typical single-view clinical dose level. Images at lower dose levels were 

then simulated using a noise modification routine.  Each projection image was 
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supplemented with 84 simulated 3 mm 3D lesions embedded at the center of 84 non-

overlapping ROIs. The projection images were then reconstructed using a filtered-back 

projection (FBP) algorithm at different combinations of acquisition parameters to investigate 

which of the many possible combinations maximizes the performance. Performance was 

evaluated in terms of a Laguerre-Gauss channelized Hotelling observer model-based 

measure of lesion detectability. The analysis was also performed without reconstruction by 

combining the model results from projection images using Bayesian decision fusion 

algorithm. The effect of acquisition parameters on projection images and reconstructed slices 

were then compared to derive a comprehensive optimization rule for tomosynthesis. The 

results indicated that projection images yield comparable but higher performance than 

reconstructed images. Both modes, however, offered similar trends: performance improved 

with an increase in the total acquisition dose level and the angular span. Using a constant 

dose level and angular span, the performance rolled-off beyond a certain number of 

projections, indicating that simply increasing the number of projections in tomosynthesis 

may not necessarily improve its performance. The best performance for both projection 

images and tomosynthesis slices was obtained for 15-17 projections spanning an angular arc 

of ~45o – the maximum tested in out study, and for an acquisition dose equal to single-view 

mammography. The optimization framework developed in this framework is applicable to 

other reconstruction techniques and other multi-projection systems. 
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5) Chawla A., Boyce S., Washington L., McAdams P., Samei E., Design and 

Development of a New Multi-projection X-ray System for Chest Imaging, 

Accepted for publication in IEEE TNS, 2008. 

 
Overlapping anatomical structures may confound the detection of abnormal 

pathology, including lung nodules, in conventional single-projection chest radiography. 

To minimize this fundamental limiting factor, a dedicated digital multi-projection 

system for chest imaging was recently developed at the Radiology Department of Duke 

University. We are reporting the design of the multi-projection imaging system and its 

initial performance in an ongoing clinical trial. The system is capable of acquiring 

multiple full-field projections of the same patient along both the horizontal and vertical 

axes at variable speeds and acquisition frame rates. These images acquired in rapid 

succession from slightly different angles about the posterior-anterior (PA) orientation 

can be correlated to minimize the influence of overlying anatomy. The developed 

system has been tested for repeatability and motion blur artifacts to investigate its 

robustness for clinical trials. Excellent geometrical consistency was found in the tube 

motion, with positional errors for clinical settings within 1%. The effect of tube-motion 

on the image quality measured in terms of impact on the Modulation Transfer Function 

(MTF) was found to be minimal. The system was deemed clinic-ready and a clinical trial 

was subsequently launched. The flexibility of image acquisition built into the system 
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provides a unique opportunity to easily modify it for different clinical applications, 

including tomosynthesis, correlation imaging (CI), and stereoscopic imaging.  
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