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Abstract 

Objective: To generate low-dose Breast CT (LD-bCT) images from a cone-beam Breast CT 

(bCT) system and denoise them to achieve a comparable image quality to their standard-dose 

(SD) counterparts. 

Methods: LD-bCT phantom images were generated from standard-dose bCT (SD-bCT) phantom 

datasets for specific pixel binning and gain modes using four parameters unique to each flat-

panel detector. The four parameters determined were F, the mean signal-variance relationship, 

σ2
e, the variance of electronic noise, Kq, the autocorrelation kernel of quantum noise, and Ke, the 

autocorrelation kernel of electronic noise. A noise injection equation incorporating the four 

parameters was formulated and applied to SD phantom datasets. The noise power spectrum 

(NPS) was used as a similarity metric to validate the noise injection procedure for LD-bCT 

simulation. The mean squared error (MSE) and noise variance quantified the difference between 

the curves. After the verification, LD-bCT patient data was generated at 75 and 50% of the SD 

level. Transfer learning with a pretrained network called the Residual Encoder-Decoder CNN 

(RED-CNN) was utilized for the LD-bCT denoising task since it was previously trained on Low-

Dose CT data. A variation of the Hyperbane hyperparameter tuning algorithm was performed to 

identify the optimal hyperparameters. The loss metric was chosen as MSE, and the evaluation 

metrics were selected as the root mean squared error (RMSE), peak signal-to-noise ratio (PSNR), 

and structural similarity index (SSIM). The model's overall performance was validated using 

adversarial inputs, the testing set, and another test set that appreciated for all 18 patient datasets. 

Results: The variance of electronic noise was calculated as 82.747ADU2, the F factor as 

0.00125, Ke as a 2D delta function, and Kq as a 7x7 correlation matrix. The NPS curves had good 

agreement with MSE values of 2.22e-14, 3.56e-14, and 4.82e-13 at 90, 60 and 45mA, 
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respectively. After applying transfer learning using a RED-CNN and deciding optimal 

parameters for the denoising task, the model was trained for 150 epochs and obtained a 

validation MSE loss of 5.11e-5. During the testing stage, the model obtained an RMSE of 

0.0097, PSNR of 41.0308, and SSIM of 0.9673.  

Conclusion: The LD-bCT simulation supplies an accurate noise modeling technique for 

generating LD-bCT images with excellent NPS agreement with its corresponding SD-bCT. 

When LD-bCT patient data was fed to an extension of the pre-trained RED-CNN, the images are 

found to be effectively denoised without comprising on detail and while preserving anatomical 

structures. Clinically, this research finds applications in LD-bCT patient acquisitions and SD-

bCT enhancement. 

Keywords: Computed Tomography, Denoising CNNs, Low-Dose Image Denoising 
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Chapter 1: Introduction 

 

1.1: Breast Cancer Pathology, Diagnosis, and Treatment 

Breast cancer is a life-threatening disease that manifests as marked lesions in the 

mammary glands and is the most prevalent form of cancer in women. Although the survival rates 

are higher in breast cancer than in other cancers, the stress of repeated biopsies and treatment can 

adversely affect the patient's health. Throughout a woman's lifetime, she has a 12% chance of 

contracting invasive breast cancer1. Breast cancer is especially imminent in women with a 

genetic history of breast cancer and dense breasts, i.e., a significant fraction of fibroglandular 

(fibrous and glandular) breast tissue. White women are marginally more inclined to develop 

breast cancer than other ethnicities. However, due to a lack of accessibility to quality medical 

care, black women are more likely to succumb to breast cancer1.  Fig. 1.12 shows the countries 

where breast cancer is the most diagnosed cancer in women as of 20183. Globally, one in four 

women who exhibit cancer symptoms are diagnosed with breast cancer (Fig. 1.2)4. It has also 

become the most diagnosed cancer, exceeding lung cancer diagnoses4. Early detection coupled 

with proper treatment planning can dramatically improve the survival rates of breast cancer-

affected women. 
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Figure 1.1 Prevalence of breast cancer worldwide4 

 

Figure 1.2 Prevalence of cancer affecting women, 2020 
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As the name suggests, breast cancer refers to uncontrolled, abnormal cell division in the 

breast tissue. Cancers in the breast are broadly classified as ductal and lobular depending on 

which part of the breast they affect. Of all malignant occurrences, ductal and lobular carcinomas 

comprise around 75% and 15%, respectively. Other rarer histological forms of breast cancer are 

papillary, tubular, comedo, inflammatory, and medullary cancers, comprising around 10% of all 

cases5. Ductal or lobular cancer controlled without spreading to neighboring tissues is called 

ductal carcinoma in situ (DCIS) or lobular carcinoma in situ. DCIS is generally regarded as a 

prognostically relevant indicator of invasive breast cancer. Lobular carcinoma in situ is rarer in 

comparison but may also reveal invasive breast cancer6. Biopsies can reveal key molecular 

markers like the estrogen and progesterone receptor, HER2, and Ki67 and ultimately influence 

the patient's treatment plan7. 

The gold-standard imaging modality for breast cancer detection is mammography, which 

operates using low-energy X-rays to obtain a two-dimensional (2D) cross-section of the patient's 

breast. Fig. 1.3A8 shows the conventional mammography equipment setup where the breast is 

flattened using the two compression paddles. There are two standard mammographic views or 

projections, the mediolateral oblique (MLO) view and the craniocaudal (CC) view. In the MLO 

view, the compression paddles are placed at an angle of around 45 degrees relative to the 

horizontal. The CC view is obtained parallel to the horizontal plane. Fig. 1.3B9 illustrates the two 

views of the breast on their right (R) and left (L) sides. Mammography is advantageous in 

identifying tumors smaller than 1cm and is a non-invasive and relatively inexpensive 

examination. Fig. 1.3C10 depicts the difference between breasts considered dense and those not 

regarded as dense. A Breast Imaging Reporting and Data System (BI-RADS) score ranging from 

0-6 in order of severity of the diagnosis is assigned to the mammogram. One is normal, six is 
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malignant, and 0 implies an incomplete assessment. The 7 BI-RADS scores have four possible 

outcomes, additional imaging, routine screening mammograms, follow-up appointment, and the 

most extreme cases requiring a biopsy11. Treatment of the infected breast usually involves a total 

mastectomy, i.e., removing the breast or a lumpectomy followed by radiation therapy12. 

Although screening mammography has reduced the breast cancer mortality rate, it is 

subject to overdiagnosis. It is estimated that about 1.3 million women in the US have been 

incorrectly diagnosed over the past 30 years, and 31% of all breast cancer diagnoses in 2008 

suffer from suspected overdiagnosis13. The overdiagnosis is potentially due to summation 

artifacts in 2D X-ray imaging. The resultant image represents a sum of X-ray absorption of the 

superimposed anatomy, ultimately affecting the lesion visibility14.  

 

A) 
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Figure 1.3 A) Standard Mammography Setup8; B) (From left to right) Right CC (RCC); Left CC 

(LCC); Right MLO (RMLO); and Left MLO (LMLO) arrangements with their corresponding 

images. The arrows point to suspected masses in the left breast9; C) (From left to right) 

Completely fatty breast; Small amounts of fibroglandular tissue; Areas with connective and 

fibrous tissue; Large portions with concentrated fibroglandular tissue/ dense breasts10 

1.2 Alternative Modalities for Breast Cancer Diagnosis 

 With mammography being significantly impacted by the effects of single-slice imaging, 

there is an increasing demand for alternative imaging modalities. For these modalities to be 

competitors to mammography, they must have adequate sensitivity and specificity to suspicious 

masses. Additionally, the cost, radiation dose to the patient, speed of acquisition, and patient 

comfort are important factors affecting the success of the imaging modality. Breast Ultrasound 

and Breast Magnetic Resonance Imaging (MRI) are established clinically and are well-

researched candidates for adjuncts to mammography15. Breast Positron Emission Tomography 

(PET) is an emerging technology, gaining momentum due to PET's ability to visualize the 

metabolic activity in the breast16. Breast Computed Tomography (CT), the primary imaging 

modality utilized in this research, provides a 3D representation of the breast over 

mammography's 2D breast visualization and is a strong candidate for breast cancer detection.  

1.2.1 Breast Ultrasound 

 Ultrasound for breast cancer screening uses a high-frequency transducer to produce 

sound waves, detect the reflected sound waves, and ultimately convert the resultant patterns into 

a 2-dimensional sonogram. Fig. 1.4A17 depicts the breast ultrasound setup. In addition to a 

physical examination of the breast, an ultrasound can help the doctor discern abnormalities, such 
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as fluid-filled cysts. Since the ultrasound procedure does not involve any X-ray radiation to the 

patient, it can be taken along with a mammogram to increase the sensitivity to lesion detection.  

Brem et al. observed an improvement in sensitivity of 26.7% when including a screening 

ultrasound examination adjunct to the conventional screening mammography examination18. 

Although there is a significant improvement in the number of breast lesions detected with breast 

ultrasound, there is also an increase in false positives, implying that breast ultrasound has a high 

sensitivity but low specificity19. In asymptomatic women with negative mammograms, breast 

ultrasound does not provide enough relevant information20. Microcalcifications, which are tiny 

calcium clusters that can be indicators of breast cancer, are not easily identifiable in an 

ultrasound unless enclosed in a mass. This makes breast ultrasound ineligible as a primary 

modality for breast mass screening20. Fig. 1.4B21 shows a well-defined crevice in the imaged 

breast due to a benign cyst. 

 

 

 

 

 

 

 

Figure 1.4 A) Breast Ultrasound setup17; B) Breast Ultrasound of a benign cyst (red arrow)21 

A) B) 



8 

 

1.2.2 Breast PET  

Dedicated Breast-PET imaging is a functional imaging technique that uses an injected 

radiotracer to visualize the breast's metabolic activity. The commonly exploited radiotracer is 

fluoro-deoxy glucose (FDG) because of its ability to find picomolar traces of radiolabeled 

molecules, calculate their characteristics quantitatively, and highlight suspicious areas on a 

PET/CT scan. Fluorine-18, the radionuclide for FDG, is produced by the repeated bombarding of 

neon-20 with deuterons in a cyclotron setup. FDG in a clinical environment is particularly 

convenient because F-18 has a moderately long half-life of 109.8 minutes22. FDG also allows for 

in-vivo assessments while providing the abnormal tissue location in a 3D space. Proper 

quantitative measurements can provide information on the lesion and ultimately aid in treatment 

planning. It also allows for a 3D visualization of the breast and provides a spatial resolution of 

around 2mm, allowing for small lesion characterization23. 

Another radiotracer in nuclear imaging to detect breast cancer is fluoroestradiol (FES). In 

endocrine therapy patients, the estrogen-based implication for tumor growth is hindered in 

women exhibiting estrogen receptor-positive breast cancer. Assessing estrogen receptor 

expression in these patients is especially critical to determine their treatment plan. It alleviates 

the need for multiple biopsies in a patient with suspected estrogen receptor-positive breast 

cancer. FES enhances the expression of the estrogen receptor in these women. Similar to FDG, 

the radionuclide attached to FES is Fluorine-1824. 

 In general, Breast PET/CT is used for breast cancer localization. The inclusion of CT 

allows for attenuation correction and more accurate anatomical localization. Breast PET/ CT 

allows for functional imaging of a PET scan and anatomical information of a low-dose CT (LD-

CT) image. It provides better diagnostic confidence and accuracy than pure FDG-PET; however, 
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it has not been evaluated in breast cancer diagnosis as much as its contemporaries. Additionally, 

the use of Breast PET/CT is unsupported by recent literature for the stage 1 and 2 breast cancer 

diagnosis25. Fig. 1.5A illustrates a dedicated breast PET/CT setup, and Fig. 1.5B shows the 

PET/CT images obtained at axial and coronal planes23. 

 

 

 

A) 
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Figure 1.5 A) Schematic with dedicated Breast PET/ CT setup and an object with its sagittal (S), 

coronal (C), and axial (A) planes; B) Axial and coronal images of a breast using CT (left), PET 

(middle) and fused PET/ CT (right) using an FDG radiotracer23 

1.2.3 Breast MRI 

 Breast MRI is a medical imaging technique that uses a magnetic field and radiofrequency 

pulses to visualize the breast anatomy. To enhance soft-tissue contrast, a Gadolinium contrast 

agent is injected during the study. Gadolinium is bound to an amino acid for better absorption 

and enters interstitial tissue spaces in the bloodstream caused by abnormal angiogenesis and 

leaky blood vessels. This agent perturbs the local magnetic fields produced by the MRI machine, 

which generates the contrast in breast MRI images26. Breast tissue visualization with MRI does 

not require a dedicated breast MRI system and can be performed on any MRI scanner. Fig. 

1.6A27 depicts the standard patient positioning for a breast MRI exam. A high magnetic field 

strength of 1.5/3T allows for high-resolution MRI images. T2 contrast breast MRI can image 

B) 
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high signal water-containing images and identify cysts and fibroadenomas. Generally, cancerous 

breasts do not receive sufficient signal for T2-weighted images, so T1-weighted images are more 

commonly used for breast lesion detection28.  

 The sensitivity of breast MRI to breast cancer is arguably the best of all imaging 

modalities. It is beneficial as a supplemental imaging technique for patients with an inconclusive 

BI-RADS score. However, where breast MRI excels in sensitivity or the ability to detect 

malignancies, it lacks specificity or the ability to distinguish between benign and malignant 

masses, leading to a higher number of false positives 29. Some recent studies suggest that breast 

MRI leads to an increased number of biopsies when compared to mammography30. Fig. 1.6B31 

shows the positive influence of modern techniques on breast MRI image quality and lesion 

visibility. High field strengths improve spatial resolution but may reduce the signal contributions 

in different parts of the image, hinder contrast enhancement and result in a false negative 

interpretation27. Conventional breast MRI is a time-consuming and expensive procedure that can 

take 30 minutes to one hour. Breast diffusion-weighted imaging measures the mobility of water 

molecules diffusing in breast tissue. It could be exploited as a rapid, unenhanced add-on 

technique that would strengthen the specificity of Breast MRI32. Another possibility under 

research to make breast MRI a viable screening alternative for early breast cancer detection is 

'fast protocols' to halve the imaging time and the cost.  
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Figure 1.6 A) Breast MRI Setup27; B) Successive breast MRI examinations. (Left) White arrow 

points to a lesion acquired using 1.5T scanner, 4-channel coil, and 2D dynamic gradient echo 

sequence, (Right) White arrow points to a lesion acquired using 1.5T scanner, 16-channel coil, 

and 3D dynamic gradient echo sequence scanner31 

A) 

B) 
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1.2.4 Breast CT 

 Breast CT (bCT) Imaging is a powerful 3D imaging technique that uses low-energy X-

rays to capture 3D images of the breast. Fig. 1.7A shows the schematic for dedicated bCT at 

Boone Lab, UC Davis. The patient lies prone on the table, and each breast is scanned 

individually, resulting in a bCT projection volume. CT for body imaging provides high spatial 

and contrast resolution at the cost of a high radiation dose to the patient. However, lower fluxes 

of X-rays are required for bCT imaging due to the dedicated geometry, which allows for a 

comparable dose to two-view screening mammography. Mathematical reconstructions of the 

breast projection images describe a voxel map of densities of different structures in the cross-

sectional area of the breast. Fig. 1.7B depicts the axial, coronal, and sagittal planes of the healthy 

breast. 

 Breast CT has several advantages over gold-standard mammography and other emerging 

screening techniques. Dedicated bCT captures the 3D volume of the breast, enabling the 

radiologist to view the breast as if 'sliced up'. The 3D visualization mitigates the number of 

obscured lesions due to overlapping breast tissue. Additionally, there is no uncomfortable breast 

compression - two significant disadvantages of mammography. A patient undergoing a bCT scan 

must hold their breath for around 10 seconds to suppress motion artifacts, a reasonable time 

frame compared to bCT's contemporary breast MRI, which has a nearly one-hour acquisition. 

Dedicated bCT has applications with and without contrast injection; however, contrast-enhanced 

bCT can better visualize breast abnormalities and physiological information than non-contrast-

enhanced bCT14, 33.   

 Breast CT falls short of mammography in microcalcification detection, a clinically 

relevant precursor of breast cancer. However, recent studies convey the effectiveness of using a 



14 

 

contrast agent for bCT to enhance malignant microcalcification visibility34. The bCT system at 

UC Davis is described further in the next section. 

Table 1 summarizes the previously mentioned breast imaging modalities for breast 

cancer detection and their advantages and disadvantages. 

 Breast 

Imaging 

Modality 

Protocol Advantages Disadvantages 

Mammography 
Ionizing X-ray 

Radiation 

→ Significant contributor in 

the decrease of risk of breast 

cancer mortality 

→ Effective in 

microcalcification detection 

→ Minimal radiation to the 

patient 

→ Inexpensive and simple 

→ Projection imaging, 

not enough information 

for an accurate 

diagnosis 

→ Susceptible to 

summation artifacts 

→ Lower sensitivity in 

dense breasts 

→ Uncomfortable for 

the patient due to breast 

compression 

 

Ultrasound 

Non-Ionizing 

sound waves 

produce breast 

ultrasound 

images 

→ Can be used adjunct to 

mammography to improve 

sensitivity since it does not use 

ionizing radiation 

→ Can be used by previously 

restricted groups (e.g., 

pregnant women) 

→ Inexpensive, non-invasive, 

and easily accessible 

→ High number of 

false positives 

→ Impractical for 

microcalcification 

visibility 
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PET/ CT 

Gamma 

Radiation from 

Radiotracer and 

Ionizing X-ray 

radiation from 

CT 

→ Characterizes small lesions 

(~2mm) 

→ Aids in developing a 

treatment plan for ER+ breast 

cancers 

→ Functional capabilities of 

PET and anatomic localization 

of CT 

→ Unsupported for 

stage 1 and 2 breast 

cancer diagnosis 

→ Not thoroughly 

researched 

→ Invasive and 

expensive 

MRI 

Radio waves 

and Magnetic 

Field 

→ Highest sensitivity to breast 

cancer 

→ Can be used as a 

supplemental imaging 

technique because it does not 

use ionizing radiation 

→ Research of different types 

of MRI like DWI and fast 

protocol MRI is underway 

→ Lacks specificity, 

resulting in a large 

number of false 

positives 

→ Long scan times and 

quite expensive 

CT 
Ionizing X-ray 

Radiation 

→ High spatial resolution and 

3D visualization of the breast 

→ Comparable radiation dose 

to two-view screening 

mammography 

→ Total scan time is only 

around 15 seconds 

→ Cannot identify 

microcalcifications as 

well as mammography 

→ Invasive if contrast 

is injected 

 

 

Table 1: Summary of Breast Imaging Modalities 



16 

 

1.3 Dedicated Breast CT System at UC Davis: 

 The feasibility of cone-beam bCT for breast cancer diagnosis was evaluated by Boone et 

al., emphasizing radiation dose and image quality14. Whereas conventional fan-beam CT utilizes 

a fan-shaped incident X-ray beam and a 1D row of detectors, cone-beam CT (CBCT) makes use 

of a conical X-ray beam with a 2D detector array (Fig. 1.7A). CBCT offers a shorter 

examination time and, as a result, suffers from reduced motion artifacts. Cone-beam artifacts can 

arise if the cone-beam geometry does not allow for sufficient object sampling, but this can be 

corrected by different reconstruction techniques35. The average glandular dose to a patient with a 

5 cm compressed breast thickness was similar to that of two-view mammography, and resultant 

images had a high signal-to-noise ratio. In more dense breasts, the dose for bCT was 66% less 

than that of two-view mammography36. The efficacy of bCT led to the design and assembly of 

four bCT prototypes at UC Davis, Albion, Bodega, Cambria, and Doheny, nicknamed after 

coastal towns in California. The general CBCT architecture with a rotating x-ray source and the 

Doheny setup for CBCT are pictured in Fig. 1.7A37. The inclusion of a pulsed X-ray acquisition 

source, a higher resolution flat-panel detector, and modifications in the system geometry in 

Doheny resulted in a significant improvement in spatial resolution over its predecessor Cambria. 

Fig. 1.7C captures the modulation transfer function, an essential spatial resolution metric for 

three generations of bCT scanners at UC Davis. An ideal MTF is parallel to the X-axis and has 

the same resolving power irrespective of the frequency. The 0.1 line in the figure represents the 

10% resolving power of the system. During clinical trials, ~500 images of the patient's breast are 

taken for 10-16s while maintaining a breath-hold. Setting the detector binning to 1×1 (i.e., 

assuming one detector element (dexel) as one pixel on the projection) provides a 39% 
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improvement in spatial resolution. However, 1×1 detector binning is currently unfeasible due to 

long scan times of around 27 s (given detector limitations) and decreased patient comfort38.  

 

 

 

A) 
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Figure 1.7 A) CBCT architecture and Dedicated bCT setup; B) Axial, coronal, and sagittal 

breast slices; C) Spatial resolution improvement over 3 generations of bCT scanners at UC Davis 
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1.4 Radiation Dose and Image Quality  

 Radiation dose is a measure of the amount of ionizing radiation that is absorbed by 

biological tissue. It can be classified into three main types, namely, absorbed, equivalent and 

effective dose. Absorbed dose represents the amount of energy deposited per unit mass of 

biological tissue. The equivalent dose is numerically equal to the absorbed dose for X-rays. 

Absorbed dose, described in milligray (mGy), is a helpful indicator for assessing the short-term 

effects of radiation to the patient, while effective dose quantifies the long-term radiation risks. 

The effective dose is reported in millisieverts (mSv). The typical radiation dose levels in chest 

and abdominal CT are estimated to be in the range of 8-15 mGy39, with bCT employing dose 

levels of around 6 mGy (3 mGy per breast). The minimum one-year radiation dose leading to 

increased cancer risk is 100 mSv40, rendering the bCT dose relatively inconsequential. Although 

the effects of diagnostic radiation are not precisely correlated with long-term risks, there is a 

desire to maintain minimal radiation dose to the patient for enhanced safety and comfort.  

 The patient's radiation dose directly relates to the quality and anatomical visibility in the 

reconstructed image. Radiation dose in mGy and tube current in milliamperes (mA) are linearly 

related to each other, i.e., doubling the tube current leads to double the radiation dose. Since the 

radiation dose is unique to every object in the field of view, dose is used interchangeably with 

tube current in this research study. When the radiation dose is higher, the image has decreased 

noise, and the visibility of low-contrast features is improved (Fig. 1.8A-B). The chief image 

quality indicators are image contrast, which can be quantified through the contrast-to-noise ratio 

(CNR), and spatial resolution, quantified through the modulation transfer function (MTF). CT 

has a higher CNR and signal-to-noise ratio (SNR) compared to its contemporary imaging 
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modalities. Image quality can also heavily rely on the acquisition protocol, reconstructed slice 

thickness, imaging hardware, and the reconstruction filter.  
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Figure 1.8 A) Plot showing the inverse relationship between radiation dose in mA and noise. 

The noise is quantified by finding the standard deviation of a region of interest (ROI) on the 

reconstructed image; B) 115 mA Image of a Homogeneous Phantom (left, top), 90 mA (right, 

top), 60 mA (left, bottom), 45 mA (right, bottom), illustrating the steady increase in noise at 

lower mA levels/ lower radiation doses 

B) 
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1.5 Thesis Goals and Outline 

 This thesis aims to investigate the potential for low-dose breast CT (LD-bCT) 

acquisitions in a clinical setting. For bCT, scanning patients at lower than the recommended dose 

could be considered unethical since the resultant images may not contain the diagnostic value of 

a standard-dose bCT (SD-bCT) scan. Additionally, since the clinical bCT images used in this 

study were obtained at the standard-dose (SD) level, low-dose (LD) data must be simulated by 

modeling the parameters contributing to increased noise at lower dose levels. The noise injection 

process is verified using phantom imaging and extrapolated to patient datasets. Using the 

simulated LD-bCT data, an encoder-decoder convolutional neural network (CNN) architecture is 

trained to denoise the input simulated LD-bCT images to emulate SD-bCT images.  

 This thesis is split into five chapters. Chapter 1 covers an introduction to breast cancer, 

different breast cancer diagnosis modalities, and radiation dose. Chapter 2 focuses on 

characterizing the flat-panel detector (FPD) to better understand the noise properties at lower 

doses. Chapter 3 describes CBCT reconstruction and the Shepp-Logan apodization kernel, 

delineating the shape and structure of the NPS. Chapter 4 elucidates the LD-bCT simulation 

task with a thorough noise injection strategy, accounting for noise magnitude and correlation. 

Chapter 5 discusses the noise power spectrum (NPS) as a verification metric between the 

simulated LD phantom data and acquired LD phantom data and extends the noise injection to 

patient data. Chapter 6 discusses CNNs and their applications for image denoising and 

incorporating CNNs for this research task. Chapter 7 will conclude this thesis with a summary 

and future goals for this line of research in Breast CT at UC Davis.  
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Chapter 2: Flat-Panel Detector Characterization  

 

2.1 Flat-Panel Detectors 

 Detectors are essential components of a CT system that gather information based on the 

degree of attenuation by an anatomic structure in the scanned region. Cone-beam CT (CBCT) 

systems are differentiated by their conical X-ray beam geometry, and the use of a 2-dimensional 

flat-panel detector1. The two main types of flat-panel detectors (FPD) are direct, which convert 

X-rays to charge using a semiconductor material; and indirect, which convert X-rays to light 

using an X-ray scintillator, and finally to their proportional charges through a photodiode (Fig 

2.1)2. Reconstructed images from FPDs have increased image quality because of less geometric 

distortion and a uniform response across the field of view3. Although flat-panel detectors have 

advantageous effects on image quality, they are expensive and are reserved for niche applications 

like CBCT.  

 Doheny, the latest cone-beam Breast CT (bCT) system at UC Davis, utilizes the Dexela 

2923 MAM CMOS flat-panel detector, replacing the previously used detector, the Varian 4030-

CB. The number of detector elements (dexels) is 3888 × 3072 with a 75µm pixel size. The 

different pixel binning (before recon) modes for acquisition are 1×1, 1×2, 1×4, 2×1, 2×2, 2×4, 

4×1, 4×2, and 4×4, where 1×1 and 2×2 modes are the most consistently used. The dexels can 

also be programmed to work in a high or low gain mode. The high gain mode is helpful for low-

dose scanning, and the low gain mode scans at higher dose levels, thereby effectively increasing 

the mA range. The key advantages of this detector are its high frame rate, high spatial resolution, 

and high reliability with low noise and low image lag2. 
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Figure 2.1 Schematic of an indirect FPD2  

2.2 Types of Noise in FPDs 

2.2.1 Quantum Noise  

Quantum or shot noise is a significant source of noise in X-ray systems which stems from 

the variation of the number of photons reaching each detector element. The quantum noise map 

can be generated by evaluating the Poisson distribution of photons absorbed by the detector. In 

other words, if no object were placed in the field of view, the resultant image would indicate 

differences in gain rather than a uniform greyscale. Since quantum noise is signal-dependent, it 

becomes more apparent at lower radiation doses.  

2.2.2 Electronic Noise 

 Electronic noise occurs as an inevitable result of system electronics and circuitry. It is 

signal-independent and remains consistent at all dose levels. The randomness of this noise is 

illustrated in Section 4.2.2 during the autocorrelation for electronic noise evaluation. 
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2.2.3 Fixed-Pattern Noise 

 Fixed-pattern noise is present as reproducible spatial variations caused by differences in 

the gain of the detector or beam inhomogeneity. It is marked by brighter and darker pixels in the 

resultant image taken in the same radiation of the detector. Fixed-pattern noise maintains a 

constant spatial pattern at different signal intensities. Performing extensive flat-field correction 

on the projection data can eliminate fixed-pattern noise.  

2.3 Flat-Field Correction 

 Flat-field correction (FFC) is a method used in medical imaging that corrects for different 

gains in different detector elements and lessens the effects of fixed-pattern noise, an inherent 

issue in most commercially available detectors. After correction, the projection images are 

generated as they would be if the X-ray beam uniformly illuminated the detector. Each 

projection is corrected without dependence on the angular direction. If FFC is accomplished 

insufficiently, ring artifacts arising from uncorrected dead pixels (present in every detector) can 

deteriorate image quality and obscure relevant anatomy. The two main types of FFC are the fixed 

and dynamic/ variable gain FFC.  

2.3.1. Fixed Gain Technique and Implementation 

 The images required for fixed gain FFC are obtained through the calibration procedure 

for a particular pixel binning and detector gain mode. To procure the offset and calibration 

images, projections are acquired in the absence of X-rays. These projections are also referred to 

as dark-field projections since the detector is not subject to any incident X-rays. The offset 

images are obtained through averaging 100 dark-field (absence of X-rays) projections at the time 

of acquisition (termed AveOff1) as shown in Fig. 2.2B and through averaging 100 dark-field 
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images during the calibration task (termed AveOff2) as shown in Fig. 2.2C. The gain image is 

acquired at a similar exposure X-ray level to a typical acquisition and averaged over 100 

projections for noise reduction (AveGain), as shown in Fig. 2.2D. A normalization factor, g, is 

computed as the mean of the difference between the uncorrected projection (Iacq – Fig. 2.2A) and 

AveOff1 over all dexel values. 

 
𝑰𝒄𝒐𝒓𝒓(𝒙, 𝒚) = 𝒈

𝑰𝒂𝒄𝒒(𝒙, 𝒚) − 𝑨𝒗𝒆𝑶𝒇𝒇𝟏(𝒙, 𝒚)

𝑨𝒗𝒆𝑮𝒂𝒊𝒏(𝒙, 𝒚) − 𝑨𝒗𝒆𝑶𝒇𝒇𝟐(𝒙, 𝒚)
 

(1) 

 

               

        

            

Figure 2.2 A) Iacq B) AveOff1 1 C) AveOff2 D) AveGain 

A) B) 

C) D) 
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 The uncorrected dead rows and columns were identified by dividing the generated image 

with the flat-field corrected image obtained through the flat-field executable. To account for the 

undetected dead rows and columns, a dead pixel map was developed containing the contributions 

of each dexel, and linear regression curves were plotted to represent the intensity of the dexel vs. 

the mA value. If the R2 value of the dexel was lower than a manually selected threshold, the 

dexel was assumed to be 'dead.' Correcting for the dead rows and columns was performed using 

nearest-neighbor interpolation. Fig. 2.3 illustrates the response of live and dead pixels. 

 

 

Figure 2.3 Identifying dead detector elements 
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Figure 2.4 Dead pixel map where white pixels correspond to dead detector elements and black 

pixels correspond to 'live' dexels  

 

Figure 2.5 Fixed gain FFC Projection (Icorr) 
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2.3.2 Variable Gain Technique and Implementation:  

            Although the fixed gain approach is straightforward, it can underestimate the required 

flat-field correction as it uses only two X-ray exposure reference points, the gain and offset 

image. As a refinement to the fixed-gain method, the variable-gain approach examines the linear 

response of each detector element to a particular X-ray exposure level. For a range of exposure 

levels, projections are acquired and averaged to reduce noise. The response of each detector pixel 

is measured for the incident signal, and the slope and intercept are extracted from the linear 

equation. The slope and intercept values at each dexel location constitute two new images called 

the slope (SI – Fig. 2.6) and the intercept image (IC – Fig. 2.7). 

 

 
𝑰𝒄𝒐𝒓𝒓(𝒙, 𝒚) = 𝒈

𝑰𝒂𝒄𝒒(𝒙, 𝒚) − 𝑨𝒗𝒆𝑶𝒇𝒇𝟏(𝒙, 𝒚) − 𝑰𝑪(𝒙, 𝒚)

𝑺𝑰(𝒙, 𝒚)
 

(1) 

 

 

Figure 2.6 Slope image  
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Figure 2.7 Intercept image 

 

Figure 2.8 Variable gain FFC projection (Icorr) 
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Chapter 3: Cone-Beam Breast CT Reconstruction 

 

3.1 Feldkamp-Davis-Kress Reconstruction for Cone-Beam CT 

 The Feldkamp-Davis-Kress (FDK) reconstruction technique is the most widely employed 

algorithm for cone-beam CT (CBCT) reconstruction due to its relatively simple implementation 

and accuracy1. It directly reconstructs the 3D density function extracted from 2D projections by 

using a 3D filtered back-projection algorithm.  The FDK method is considered an extension of 

the fan-beam reconstruction equation. It reduces to the conventional fan-beam procedure at the 

plane perpendicular to axis rotation and containing the point source1. 

 In the Breast CT (bCT) system at UC Davis, the FDK method is employed for cone-beam 

bCT projection reconstruction. For this research, the apodization filter utilized was the Shepp-

Logan kernel. In the 2×2-pixel binning mode, 2048×1536 sized projections are acquired and 

reconstructed into 1024×1024 32-bit real-valued images with an 80-bit header containing 

information about the dataset. The number of slices in the reconstructed volume varies 

depending on the reconstructed slice thickness. Fig. 3.1A-C shows the pipeline for generating 

the reconstructed dataset, which involves projection acquisition, flat-field correction, and 3D 

FDK reconstruction using the Shepp-Logan kernel.  
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Figure 3.1 A) Acquired Breast Projections; B) Flat-Field Corrected Breast Projections; C) 

Reconstructed bCT Images 

3.2 Apodization Kernels 

 Apodization is a filtering technique that smoothly brings the edges of the sampled 

frequencies in the image down to zero to mitigate the quantum noise. Depending on the task, 

various apodization kernels can be convolved with the image to yield the desired frequency 
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spectrum. This truncation of select frequencies, however, may affect the spatial resolution of the 

resultant image.  

The Shepp-Logan Kernel is the apodization kernel used during the 3D FDK 

reconstruction in cone-beam bCT due to its ability to maintain spatial resolution while 

eliminating a considerable amount of high frequencies caused by quantum noise2. Different 

reconstruction kernels like Hamming, Hann, Cosine, and Ramp are exploited for specific 

reconstruction goals and are distinguished based on their functional form and cut-off frequency. 

Fig. 3.23 depicts the general frequency response curves for the apodization kernels mentioned 

above. Fig. 3.3 illustrates the modulation transfer functions (MTF) of the bCT system when 

different reconstruction filters are employed. Although the ramp filter seems to convey a slight 

improvement in the MTF, the Shepp-Logan kernel was found to preserve the balance between 

image noise and resolution4. The noise power spectrum (NPS), illustrated in Chapter 5, follows 

a Shepp-Logan frequency distribution.  

 

Figure 3.2 Frequency Response of Different Apodization Kernels4 
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Figure 3.3 System MTF with Different Apodization Kernels 
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Chapter 4: Low-Dose Breast CT Synthesis 

 

4.1 Cone-Beam CT (CBCT) Noise Injection Procedure 

 As discussed in previous chapters, low-dose (LD) images have higher amounts of noise 

compared to standard-dose (SD) images. Consequently, noise injection into the projection or 

image space can be employed to simulate the low-dose CT (LD-CT) data. In CT imaging, some 

familiar noise injection approaches involve adding statistically independent Poisson noise into 

projection data, sparse-projection reconstruction, inserting noise using a random number 

generator, and image domain noise addition1-4. Although these techniques simulate LD-CT 

images indistinguishable from their acquired counterparts, they do not account for the noise 

correlation, a necessary consideration in multidetector CT systems. However, in CB-CT, flat-

panel detectors are subject to noise with magnitude and spatial correlation. As a result, noise 

injection in CBCT requires identifying the noise and its corresponding magnitude and correlation 

characteristics. For this study, the noise injection strategy proposed by Wang et al. was used to 

simulate low-dose cone-beam breast CT (LD-bCT) projections5. 

 The LD-bCT simulation method broadly involves two steps, (1) scaling down the full-

dose image by a dose reduction factor, alpha, and (2) injecting computer-generated noise into the 

image, mimicking the noise magnitude and correlation resulting from the reduced tube output at 

lower dose levels. The dose reduction factor is the ratio of the LD level to the SD level and is 

less than 1 (equal to 1 if the dose levels are the same). In simple terms, the LD projection is the 

sum of the scaled image with calculated and correlated noise.  
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Representing this mathematically: 

 𝐼 𝐿𝐷(𝑢, 𝑣) = 𝛼𝐼 𝐹𝐷(𝑢, 𝑣) + 𝑁 𝑖𝑛𝑗𝑒𝑐𝑡(𝑢, 𝑣)     (1) 

ILD refers to the simulated LD projection, α is the dose reduction factor, IFD is the initial full-dose 

projection, and Ninject corresponds to the injected noise.   

Since noise adds in quadrature, Equation 1 is rewritten in terms of its variance: 

 𝜎  𝐿𝐷
2 =  𝛼2 𝜎  𝐹𝐷

2 +  𝜎  𝑖𝑛𝑗𝑒𝑐𝑡
2

                               (2) 

As mentioned in Chapter 2, the injected noise consists of quantum and electronic noise. 

Equation 2 can be expressed as the sum of the individual contributions of quantum and 

electronic noise: 

 𝜎𝑖𝑛𝑗𝑒𝑐𝑡
2 =  (𝜎 𝑒,   𝐿𝐷

2 − 𝛼2𝜎 𝑒,   𝐹𝐷
2 ) + (𝜎 𝑞,   𝐿𝐷

2 − 𝛼2𝜎 𝑞,   𝐹𝐷
2 ) (3) 

 

 

4.2 Electronic Noise Injection  

From Equation 3, the electronic noise can be represented as: 

 𝜎𝑒,   𝑖𝑛𝑗𝑒𝑐𝑡
2 = (𝜎 𝑒,   𝐿𝐷

2 − 𝛼2𝜎 𝑒,   𝐹𝐷
2 ) (4a) 

Since electronic noise is signal-independent, Equation 4a can be simplified to: 

 𝜎𝑒,𝑖𝑛𝑗𝑒𝑐𝑡
2 = (1 − 𝛼2) 𝜎𝑒

2 (4b) 

From Equation 4b, the magnitude of electronic noise can be computed by identifying σ2
e, the 

electronic noise variance. The electronic variance noise map is then multiplied with white noise 

Electronic Noise Quantum Noise 
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(we) to introduce randomness and convolved with the electronic noise correlation kernel (Ke). 

The final convolution ensures that the correlation of noise is considered for the noise injection. 

The total electronic noise to be injected is: 

 𝒏 𝒆,   𝒊𝒏𝒋𝒆𝒄𝒕 = [(𝝈 𝒆,   𝒊𝒏𝒋𝒆𝒄𝒕 .   𝒘𝒆) ∗ 𝑲𝒆] (4c) 

Thus, two main parameters need to be identified to account for the magnitude and 

correlation of electronic noise, namely the variance of electronic noise, σ2
e, and the 

autocorrelation kernel of electronic noise, Ke. 

4.2.1 Variance of Electronic Noise (σ2
e) 

Introduction: Unlike quantum noise, electronic noise is spatially invariant and independent of the 

signal magnitude. Thus, estimating the electronic noise using the same approach for quantum 

noise would be flawed. Alternatively, the electronic noise could be evaluated by deciding regions 

of interest in dark-field projections, acquired in the absence of X-ray exposure and a phantom. 

The electronic noise dominates the resulting image at negligible X-ray levels, and the quantum 

noise is insignificant.  

Dataset: To acquire the dark-field projections necessary for finding σ2
e, the tube current output 

was turned down to 25 mA, and 500 projection images were obtained without any phantom in 

the field-of-view for 2×2-pixel binning and high gain mode. Lead sheets were placed on the 

detector to prevent any X-ray penetration. Fig. 4.1 shows the arrangement for the acquisition of 

the dark-field projection. 
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Figure 4.1 Setup for acquiring dark-field projections 

Method: 20 ROIs were selected in the projection images such that they did not include any dead 

pixels. The electronic noise variance was computed across the realizations and averaged within 

an ROI to yield σ2
e, the electronic noise variance. Fig. 4.2 illustrates the 20 ROIs selected for the 

electronic noise variance calculation task. 
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Figure 4.2 ROIs for finding electronic noise variance 

Result: The variance of electronic noise, σ2
e, was identified as 82.747 ADU2, where ADU 

represents arbitrary detector units. 

4.2.2 Autocorrelation Kernel of Electronic Noise (Ke) 

Introduction: The correlation of electronic noise can be estimated through the autocorrelation 

kernel for electronic noise or Ke.  

Method: A simple noise model of electronic noise shows that it exhibits no correlation5. 

Result: Thus, the electronic noise to be injected is the convolution of the magnitude of electronic 

noise with a 2D delta function (Fig. 4.3). 
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Figure 4.3 Autocorrelation kernel for electronic noise 

4.2.3 Total Electronic Noise Injected 

 Once the magnitude and correlation parameters specific to electronic noise are derived, 

the total injected electronic noise can be estimated per Equation 4c. Fig. 4.4 shows the injected 

electronic noise map for a homogeneous cylindrical phantom at 45mA. Visually, the noise map 

displays signal independence and lack of correlation.  

 

Figure 4.4 Injected electronic noise map 
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4.3 Quantum Noise Injection 

From Equation 3, the quantum noise can be represented as: 

 𝜎 𝑞,   𝑖𝑛𝑗𝑒𝑐𝑡
2 = (𝜎 𝑞,   𝐿𝐷

2 − 𝛼2𝜎 𝑞,   𝐹𝐷
2 ) (5a) 

Quantum noise is signal-dependent and can be characterized through the linear relationship 

between the mean signal and variance, represented as F. 

 𝜎𝑞
2 = 𝑭(𝐼𝑚𝑒𝑎𝑛) (5b) 

From Equation 5b, Equation 5a can be approximated to: 

 𝜎 𝑞,   𝑖𝑛𝑗𝑒𝑐𝑡 
2 ≈  𝑭(𝛼𝐼𝐹𝐷) − 𝛼2𝐹(𝐼𝐹𝐷) (5c) 

The magnitude of quantum noise can be deduced by identifying the value for F. The quantum 

variance noise map is then multiplied with white noise (wq) to introduce randomness and 

convolved with the quantum noise correlation kernel (Kq). The final convolution ensures that the 

noise injection technique accounts for the correlation of noise. The total quantum noise to be 

injected is: 

 𝒏 𝒒,   𝒊𝒏𝒋𝒆𝒄𝒕 = [(𝝈 𝒒,   𝒊𝒏𝒋𝒆𝒄𝒕 .   𝒘𝒒) ∗ 𝑲𝒒] (5d) 

4.3.1 Mean Signal – Variance Relationship (F) 

Introduction: The estimation of quantum noise in an image can be quantified through the slope of 

a linear relationship between the mean signal in the image and the variance of quantum noise, 

which can be represented by a function or single value F. In a practical setting, the mean 

projections cannot be procured through the bCT system, so the mean signal can be obtained 

through averaging the projections of a dataset at a particular mA value—repeating the procedure 

for different mA yields a conclusive curve from which the slope can be extracted as F.  
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Dataset: 500 projections of a homogeneous 15 cm cylindrical phantom were acquired for a range 

of mA values, 25 mA, 40 mA, 60 mA, 80 mA, 90 mA, and 110 mA at 2×2-pixel binning mode 

and high gain mode while keeping the gantry stationary. The phantom was selected to occupy the 

entire FOV and allow for better flexibility for ROI selection. Only the FFC projections were 

considered to allow for a uniformly illuminated detector and to highlight the linear signal-

variance relationship (Fig. 4.5A-B). The FFC was executed as described in Chapter 2. 

 

 

   

Figure 4.5 A) Homogeneous 15 cm cylindrical phantom; B) Flat-field projections of phantom 

Method: At each mA level, the stationary projections were averaged to produce the mean signal. 

The difference image between two consecutive projections was obtained and normalized by the 

square root of 2 to account for noise doubling post image subtraction. The noise variance of the 

difference image was calculated as the square of the elements in the difference image. While 

A) 

 

 

 

 

 

 

 

 

 

 

B) 
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plotting the mean-signal variance curve, the variance of electronic noise (σ2
e) must be subtracted 

from the quantum variance values to ensure that the quantum noise is the sole contributor to the 

noise variance. Binning the data into 200 bins results in a linear relationship between the mean 

signal and variance of the image, and F is the slope of the resulting curve, as in Fig. 4.6.  

 

Figure 4.6 Binned plot of mean-signal variance Relationship 

Result: The linear equation after binning was 0.00125x – 1.077e-05. Since the variance of 

electronic noise is initially subtracted and the quantum noise is signal-dependent, the Y-intercept 

is ~ 0 for zero signal. This is calculated using the 95% confidence interval for the Y-intercept. 

The F factor is assessed as the slope of the mean-signal variance relationship and is 0.00125.  

4.3.2 Autocorrelation Kernel of Quantum Noise (Kq) 

Introduction: The correlation of quantum noise (Kq) can be evaluated through the autocorrelation 

kernel for quantum noise. It can be quantified by estimating the 2D point spread function (PSF) 
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of the detector. The convolution of the magnitude of the quantum noise with Kq provides the 

exact quantum noise to be injected into the image. 

Dataset: To calculate Kq, 500 projections of an edge phantom were acquired at the highest mA 

level of 115 mA for 2×2-pixel binning and high gain mode. The edge phantom projections were 

used to calculate the detector ESF and deduce the 2D detector PSF for Kq estimation. To achieve 

sufficient oversampling of edge, the edge phantom was tilted around 2-5 degrees relative to the 

detector to prevent poor phase selection in the ESF (Fig. 4.7A). 
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Figure 4.7 A) Slanted edge phantom on the detector surface; B) Averaged projection image of 

edge phantom C) Binarized slanted edge D) Oversampled ESF E) Ground truth (GT) LSF 

obtained as the derivative of the ESF F) 1D PSF assumed as in Eq. 6 G) Obtained LSF through 

integration of 1D PSF compared with GT LSF H) 2D PSF by rotational symmetry of 1D PSF 

Method: The edge phantom projections were averaged (Fig. 4.7B), and the averaged projection 

was binarized (Fig. 4.7C). The edge spread function (ESF) of the binarized image was computed 

by executing a linear fit on an ROI containing the edge of the phantom. Subsequently, the dexels 

in an ROI were sampled as a function of distance from the line. The oversampled ESF (Fig. 

4.7D) was differentiated to yield the 1D line spread function (LSF) of the detector (Fig. 4.7E). 

The alternative approach to calculating the 1D LSF assumes symmetry of the 2D detector PSF, 

parameterizes a profile through the 2D PSF as a sum of exponentials and Gaussians, and radially 

interpolates the profile to yield the 2D detector PSF (Fig. 4.7H). A subsequent line integral of 

the generated 2D detector PSF along a particular direction provides the 1D detector LSF. This 

method was utilized to find the 2D detector PSF, and the 1D PSF profile was assumed as a sum 

of Gaussians and exponentials (Fig. 4.7F): 

 
𝑃𝑆𝐹(𝑥) = 𝑎2 exp [−

1

2
 (

𝑥 − 𝑎1

𝑎3
)

2

] +  𝑎4 exp [−
|𝑥 − 𝑎1|

𝑎5
] 

(6) 

The optimal fit between the ideal detector LSF and the detector LSF, which was generated by 

integrating the 2D PSFs, was identified using a least-squares fitting technique between the curves 

(Fig. 4.7G). The optimal ‘a’ parameters (a1-a5) were used to synthesize a 2D PSF and, the 

autocorrelation matrix, Kq, was extracted as the core part of the 2D detector PSF (Fig. 4.8).  

Result: The least squared error between the GT LSF and obtained LSF was minimized to 7e-7 by 

assuming different 'a' parameters in Equation 6. The fit parameters were chosen as a1 = 0, a2 = 
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0.525, a3 = 0.075, a4 = 0.03, and a5 = 0.204. The autocorrelation kernel for quantum noise was 

extracted as a 7×7 matrix from the 2D PSF and is visualized in Fig. 4.8. The size of the extracted 

matrix is directly dependent on the resolution of the scanning system. Since the bCT system has 

a high spatial resolution, a 7×7 matrix was considered for Kq. This matrix size for Kq also 

ensured that all the values around the edge of the matrix were completely zero. A line profile 

through the 2D PSF would yield the 1D PSF, which is ideally a delta function. The ideal MTF 

would be a Fourier transform of the ideal PSF, and as a result, the ideal MTF is a line parallel to 

the X-axis with the y-intercept as 1.  

 

Figure 4.8 Autocorrelation kernel for quantum noise 

4.3.3 Total Quantum Noise Injected 

 Once the magnitude and correlation parameters specific to quantum noise are derived, the 

total injected electronic noise can be identified per Equation 5d. Fig. 4.9 represents the injected 

quantum noise map for a homogeneous cylindrical phantom at 45mA. Visually, the noise map 

indicates a dependence on the signal intensities of the initial projection, i.e., whether an object is 



54 

 

placed in the field of view (FOV). The lack of injected noise on the left and right columns of the 

image is due to zero padding, i.e., the signal = 0 at those areas.  

 

Figure 4.9 Injected quantum noise map 
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Chapter 5: Low-Dose Breast CT Evaluation 

 

5.1 Dataset for Synthesized Low-Dose Breast CT Verification 

 For low-dose Breast CT (LD-bCT) synthesis verification, a 15cm homogenous 

cylindrical phantom was scanned at 45 mA, 60 mA, 90 mA, and 115 mA with standard gantry 

rotation. For the simulation procedure, five hundred projections were acquired at each mA level 

for 2×2-pixel binning and high gain modes. A large phantom encompassing the entire field of 

view was selected to allow for easy selection of ROIs in NPS calculation (Fig. 5.1A). 115 mA 

was chosen as the full-dose projection as it was the highest mA level the detector could tolerate 

before oversaturating at the 2×2 High Gain mode (Fig. 5.1B). Five sets of repeat scans were 

acquired to ensure the proper removal of trends from the data, also known as detrending. 

  

               

Figure 5.1 A) Homogeneous 15cm cylindrical phantom; B) 115mA phantom projection 
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5.2 Noise-Power Spectrum 

 The noise-power spectrum is a powerful noise evaluation metric that allows for the 

characterization of noise texture and magnitude. Although the standard deviation also provides a 

brief insight into noise properties, the NPS gives a better intuition into the spatial frequency 

content of the image noise. In Fig. 5.21, the two images have the same standard deviation but 

have entirely different frequency content. By simple visual observation, it is clear that the image 

on the left is sharper correlating to higher frequencies, and the image on the right is smoother, 

corresponding to lower frequencies1. This perceptible noise difference can be comparing the 

NPS between the two images. For this study, the NPS was investigated as the primary image 

quality metric to assess the differences in noise texture between the acquired LD-bCT phantom 

data and the synthesized LD-bCT phantom data. The algorithm for measuring the NPS is as 

follows2: 

1. Repeat scans of LD-bCT simulated data were read in, subtracted, and averaged to yield 

detrended datasets 

2. The center of mass of the phantom was found using a threshold segmentation technique 

3. The ROI volume was chosen as 256×256×256 corresponding to the height, width, and 

depth, respectively, to account for minimum ROI considerations2 

4. Eight 3D ROIs radially equidistant around the center of mass was selected to obtain an 

accurate estimation of the local NPS 

5. The NPS is assumed as the average of the squared 3D fast Fourier transform (FFT) 

values and scaled as: 

 𝑁𝑃𝑆3𝐷 =  
𝑣𝑥𝑣𝑦𝑣𝑧

𝑁𝑥𝑁𝑦𝑁𝑧
 |𝐹𝐹𝑇3𝐷{𝐷𝑒𝑡𝑟𝑒𝑛𝑑𝑒𝑑 𝑅𝑂𝐼}|2 

  (7) 
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Where 𝑣𝑥, 𝑣𝑦,   𝑣𝑧 represents the 3D voxel (volume element) dimensions 

𝑁𝑥, 𝑁𝑦, 𝑁𝑧 represent the 3D ROI dimensions 

6. The 3D NPS for the simulated LD data is plotted against the acquired data and compared 

The above algorithm is utilized for calculating the 3D NPS measurements of the acquired and 

simulated LD-bCT data. Fig. 5.3A represents the patches of detrended datasets for different 

coronal slices. Fig. 5.3B highlights the ROIs selected for the 3D NPS calculation task. Each of 

the ROIs is strategically chosen to be equidistant around the center of mass, which is marked as a 

blue asterisk in the middle of the figure. Fig. 5.3C shows examples of the ROI patches selected 

for the 3D NPS calculation. 

 

 

 

 

 

 

Figure 5.2 High (left) and low frequency (right) images with same standard deviation1 
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Figure 5.3 A) Patches of detrended images at different slices B) 8 ROIs selected equidistant 

from the center of mass C) ROIs in different planes and slice numbers 
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5.3 Synthesized LD-bCT Data Verification 

 NPS curves at different mA levels were plotted simultaneously to ensure accurate 

calculation of the NPS and correct acquisition of the acquired data. The magnitude of the NPS 

increases as the dose decreases, which is consistent with the inverse relationship between dose 

and noise, i.e., a lower dose contributes to a higher amount of noise and vice versa. This is 

confirmed by plotting Fig. 5.4, which summarizes NPS curves at different acquisition levels 

from 25-115 mA. 

 The noise injection process was carried out with the full-dose image corresponding to 

115 mA. Dose reduction was performed at ~ 75%, 50%, and 40% dose of the full-dose value, 

corresponding to 90, 60, and 45 mA, respectively. The normalized NPS curves were observed to 

ensure the precision of the frequency of injected noise. The NPS was normalized as: 

 
𝑁𝑁𝑃𝑆3𝐷 =  

𝑁𝑃𝑆3𝐷

∑ 𝑁𝑃𝑆3𝐷
 

  (8) 

 

 Mean-Squared Error (MSE) and noise variance were considered quantitative metrics for 

evaluating the similarity between the noise power spectrums (Table 5.1). The mean squared 

error is the average of the square of the differences between the predicted and actual NPS curves. 

The noise variance was calculated as the integral of the NPS curves.  
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Figure 5.4 NPS curves at different acquisition levels for bCT phantom datasets 

 The acquired and simulated/ synthesized images, 3D NPS, and normalized 3D NPS 

between the acquired and synthesized LD-bCT images are plotted in Fig. 5.5-5.7. The blue curve 

represents the NPS for acquired bCT data, while the red curve corresponds to the synthesized 

bCT data after noise injection. Fig. 5.5 visualizes the acquired and synthesized 90mA images 

and their NPS curves. Similarly, Fig. 5.6 illustrates the acquired and synthesized 60mA images 

and their NPS curves. The acquired and synthesized 45mA images are as shown in Fig. 5.7. The 

black spot at the center of the synthesized images is due to ring artifacts intensified at lower dose 

levels. 
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5.3.1 90mA bCT Simulation 

 

  

 

Figure 5.5 A) 90 mA acquired B) 90 mA synthesized C) NPS curves for 90 mA acquired and 

simulated D) Normalized NPS curves for 90 mA acquired and simulated 
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5.3.2 60mA bCT Simulation 

 

   

 

 

Figure 5.6 A) 60mA acquired B) 60mA synthesized C) NPS curves for 60mA acquired and 

simulated D) Normalized NPS curves for 60mA acquired and simulated 
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5.3.3 45mA bCT Simulation 

 

    

 

Figure 5.7 A) 45 mA acquired B) 45 mA synthesized C) NPS curves for 45 mA acquired and 

simulated D) Normalized NPS curves for 45 mA acquired and simulated 
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5.4 Synthesized LD-bCT Patient Data 

 Once the noise injection procedure was verified for phantom data, the same strategy was 

extrapolated to patient data as per the findings from Wang et al. During clinical trials, the patient 

data is acquired at a tube current of ~ 90 mA. Thus, two dose levels were selected, namely, 75% 

standard-dose (SD) at 60mA and 50% of SD at 45 mA. Breast sizes ranging from 3-6 were 

considered for this study3, i.e., with radius lengths of 5.33-7.04 cm and breast CT volumes of 

827.2-1972.9 cm3. Fig. 5.8A illustrates a standard-dose breast CT (SD-bCT) image, Fig. 5.8B 

displays a simulated LD image at 75% of SD, and Fig. 5.8C shows a simulated LD image at 

50% of SD. 

 

Table 5.1 NPS Quantitative Metrics 

 

mA Level (mA) Evaluation Metric Acquired Synthesized 

90 

Mean Squared Error 2.22e-14 

Noise Variance (ADU2) 4.44e-4 4.29e-4 

60 

Mean Squared Error 3.56e-14 

Noise Variance (ADU2) 6.71e-4 6.78e-4 

45 

Mean Squared Error 4.82e-13 

Noise Variance (ADU2) 8.72e-4 1.00e-3 
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Figure 5.8 A) SD-bCT image B) 60mA synthesized bCT Image (75% of SD) C) 45mA 

synthesized bCT image (50% of SD) 

A) B) 

C) 
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Chapter 6: Low-Dose Breast CT Denoising Using CNNs 

 

6.1 Residual Encoder-Decoder CNN (RED-CNN) for Denoising 

 A convolutional neural network (CNN) is a type of deep learning algorithm which 

utilizes trainable neurons with adjustable weights and biases and is used extensively for image 

analysis and recognition. The CNN architecture includes but is not limited to convolutional 

layers, pooling layers, and the dense/fully connected layer. Each layer, when operated 

sequentially, has a specific function and can extract valuable features that the human eye cannot. 

In medical imaging, these features can classify diseases, identify and segment lesions, or even 

enhance image quality while preserving anatomical integrity.  

Several low-dose CT (LD-CT) denoising techniques have been established in recent 

literature. Yang et al. proposed a Generative Adversarial Network (GAN), which used 

Wasserstein distance and perceptual loss as evaluation metrics to denoise LD-CT images1. 

Wolterink et al. utilized a CNN in conjunction with an adversarial CNN to estimate standard-

dose CT images from LD-CT using two types of loss functions2. Shan et al. designed a 

conveying path-based convolutional encoder-decoder network to denoise 2D and 3D images3. 

For this research problem, the pre-trained residual encoder-decoder CNN (RED-CNN) 

presented by Chen et al. was employed as a starting point for low-dose breast CT (LD-bCT) 

denoising4. The main goal of the RED-CNN was to denoise LDCT images without 

compromising on structural preservation or lesion detection. The LD-bCT denoising task had a 
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nearly identical objective, with the only distinguishing factor being the consideration of noise 

added by flat-panel detectors. 

 The model architecture of the 2D residual encoder-decoder CNN is as shown in Fig. 6.14. 

The network consists of five convolutional layers, five deconvolutional layers, and ReLU 

activation layers interspersed between the convolutional and deconvolutional layers. The RED-

CNN utilizes two key deep learning concepts: the encoder-decoder architecture and residual 

learning. 

 

 

 

 

 

 

 

Figure 6.1 RED-CNN Architecture4 

6.1.1 Encoder-Decoder Architecture 

 In the RED-CNN, the three layers are the convolutional, deconvolutional, and rectified 

linear unit (ReLU) activation layer. The convolutional layers apply a 3x3 size kernel or filter to 

an input image patch to generate a feature map. The feature map obtained through filter 

convolution captures details specific to the input image, and deeper layers can identify more 
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complex features. Deconvolutional or the more technically correct, transposed convolutional 

layers, perform an up-sampling operation and recover structural details. In image/ signal 

processing, deconvolution is the inverse process of convolution, but in machine learning, 

deconvolution refers to the spatial reconstruction of the input vector5. To perform an efficient 

updating of errors during CNN training, an activation function is required. This function acts as a 

mathematical 'gate' that determines whether a neuron fires or not, i.e., whether the neuron can 

provide information that affects information propagation through the CNN. The ReLU function 

resembles a linear function but allows for complex data learning. It is a piecewise linear 

function, i.e., constant/ non-linear from minus infinity to zero, but linear from zero to infinity.  

In an encoder-decoder architecture, stacked deconvolutional layers perform a variation of 

image reconstruction from the condensed feature vector generated as an output of the stacked 

convolutional layers. The encoder vector is the final vector produced after a series of 

convolutional layers and the initial vector to the series of deconvolutional layers. It possesses the 

core features that the CNN has learned for that particular task.  

The outputs of the convolutional and deconvolutional layers for the RED-CNN used for 

this research have been marked in Fig. 6.1. 

6.1.2 Residual Learning 

 Deeper neural network architectures experience the issue of vanishing gradients during 

backpropagation. The backpropagation step is commonly used in the feedforward neural network 

to determine the extent by which the model weights should be optimized to minimize the training 

loss. The magnitude of change is calculated by obtaining a partial derivative of the cost/ error 

function concerning the model weights. In CNNs with many layers, this gradient may be a 
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minimal value that, when backpropagated, causes the weight value to freeze. If the values of 

multiple weights are frozen, the network may completely stop updating even if the desired 

stopping criteria are not achieved6. Another issue with very deep networks is accuracy saturation, 

followed by a rapid accuracy degradation. It was observed that increasing the number of layers 

led to a higher training error7. Residual learning aims to combat these complications by 

introducing skip or shortcut connections across network layers. Fig. 6.28 depicts the mechanism 

of residual learning where the output of one layer is added to the input of another layer. 

 

Figure 6.2 Simplified Operation of Residual Learning8 

6.2 Transfer Learning 

 Transfer Learning is a machine learning technique where a model developed for a 

specific task is reused and recalibrated for a similar task. This original trained model acts as the 

starting point for the second task since it is extensively trained and validated on large datasets. 

Transfer learning is most valuable when the first or source task identifies features that can be 

generalized to the second or target task. The chief advantages of using transfer learning are that it 

provides a higher start, higher slope, and higher asymptote, i.e., a better starting point for the 

model to learn from, an improved learning rate, and an enhanced overall model performance.  
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Based on the availability of labeled data and the similarity of feature spaces, transfer 

learning can be classified into inductive transfer learning, transductive transfer learning, and 

unsupervised transfer learning9. Fig. 6.39 tabulates the differences between the three transfer 

learning types. 

  

 

 

 

 

 

 

 

 

Figure 6.3 Types of Transfer Learning techniques9 

The simulated LD-bCT patient data comprised the input and standard-dose bCT (SD-bCT) 

patient data incorporated ground truth (GT) data. The RED-CNN architecture was utilized as an 

initial point to denoise the LD-bCT data with the goal that it would be indistinguishable from its 

standard-dose (SD) counterpart. The possible applications of this denoising network are to 

reduce the radiation dose delivered to the patient during a bCT acquisition and enhance the 
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image quality of SD-bCT datasets. Fig. 6.4 shows the difference between conventional machine 

learning and transfer learning for this application of CT Image Denoising. 

 

 

 

 

 

 

 

 

 

Figure 6.4 Differentiation between the Conventional ML and Transfer Learning Approach to 

LD-bCT Denoising 

6.3 Patch Extraction and bCT Dataset 

 Patches are sub-sections of images that provide a reasonable representation of the input 

image to the CNN. Patches are used in CNNs for the filters to operate on smaller portions of the 

image and identify more sophisticated features that could be overlooked. Graphics Processing 

Units (GPUs), integral for CNN training and testing, also have computational limitations 

circumvented through patch-based training.  
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 For this study, 128×128 sized patches were extracted from the 1024×1024 reconstructed 

bCT images to account for computational efficiency and the maximum patch size that could be 

fed to the model. The input patch consisted of the LD-bCT image for the training and validation 

process, and the output consisted of the SD-bCT image. From each bCT slice, five 128×128 

patches were extracted, with four having purely glandular tissue and one including the air-recon 

boundary. Fig. 6.5 shows examples of patches with and without the air-recon boundary. The 

low-dose (LD) patches have higher amounts of noise and can obscure essential anatomy.  

 

Figure 6.5 1) (Left) Simulated LD-bCT Patient Patch with Air (Right) SD-bCT Patient Patch 

with Air 2) (Left) Simulated LD-bCT Patient Patch with Air (Right) SD-bCT Patient Patch 
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without Air 3) Another example of (Left) Simulated LD-bCT Patient Patch with Air (Right) SD-

bCT Patient Patch without Air 

A total of 32 patient datasets were used for this study (18 women with bilateral bCT 

scans) with a dose distribution similar to the verification phantom used in Chapter 5. 36 patient 

datasets with a breast density of 3-6 on a 6-point scale were utilized, with 1 being a small-sized 

breast and 6 being a larger-sized breast. The central 100 coronal slices were considered for patch 

extraction. Five patches of size 128×128 were extracted from each slice for the LD-bCT datasets 

at 50 and 75% SD and the corresponding patches from SD images as the GT patch. A total of 

18000 patches were fed as the input to the CNN, of which 14400 were pure breast tissue, and 

3600 contained the air-recon boundary. These patches were then randomly split into train, 

validation, and test sets containing 70%, 15%, and 15% of the original dataset, respectively. 

6.4 Loss and Evaluation Metrics 

 The loss function is the primary function that is minimized over the training process and 

is the function through which the model learns the task. If the predicted image varies 

significantly from its GT, the loss value will be high, and the model will learn how to minimize 

the error effectively. For this research, the loss function used was the mean-squared error 

(MSE)10.  

Evaluation metrics are used to assess the model performance on the holdout or validation 

set. Contrary to the loss function, they do not influence the model weights but provide user 

intuition on model learning throughout the training process. For this research, the root-mean-

squared error (RMSE), peak signal-to-noise ratio (PSNR), and structural similarity index (SSIM) 

were employed as evaluation metrics and were calculated using the validation set11. 
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6.4.1 Mean Squared Error (MSE) 

 The MSE is a simple but effective image quality metric for analyzing the similarities 

between two images. In cases where the error between two images is negative, the squared 

component of the MSE circumvents this issue. In this research, the MSE is calculated between 

the image predicted by the model and the GT. A lower MSE corresponds to a better agreement 

between the images. 

 

𝑀𝑆𝐸 =  
1

𝑋𝑌
∑ ∑[𝐺𝑇(𝑥, 𝑦) − 𝑃𝑟𝑒𝑑(𝑥, 𝑦)]2

𝑌−1

𝑗=0

𝑋−1

𝑖=0

 (1) 

Where X and Y correspond to the image dimensions in x and y, respectively 

6.4.2 Root Mean Squared Error (RMSE) 

 The RMSE or root mean squared deviation (RMSD) is the square root of the MSE 

calculated above. The contribution of each RMSE is directly proportional to the magnitude of the 

squared error. As a result, outliers are heavily penalized while using RMSE. The RMSE is 

calculated for the validation set between the predicted image and the GT in this study. A lower 

RMSE indicates a better performance of the model.  

 

𝑅𝑀𝑆𝐸 = √
1

𝑋𝑌
∑ ∑[𝐺𝑇(𝑥, 𝑦) − 𝑃𝑟𝑒𝑑(𝑥, 𝑦)]2

𝑌−1

𝑗=0

𝑋−1

𝑖=0

 (2) 

6.4.3 Peak Signal-to-Noise Ratio (PSNR) 

 The PSNR represents the ratio between the maximum amount of signal to the maximum 

amount of noisy signal. It is a straightforward method of measuring white noise distortion, but it 

is not aligned with the human visual system, i.e., it cannot be captured through a simple eye test. 
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In this research, the PSNR is used as an evaluation metric on the holdout set. A higher PSNR 

pertains to a better overall model efficiency. The denominator is identical to Equation 1.  

 
𝑃𝑆𝑁𝑅 = 10 𝑙𝑜𝑔10 (

𝑀𝐴𝑋2

𝑀𝑆𝐸
) (3) 

Where MAX refers to the dynamic range of the image. 

6.4.4 Structural Similarity Index (SSIM) 

 In contrast to the PSNR, the SSIM metric is in accordance with the human visual system. 

This metric evaluates image quality degradation caused by perceptible changes like data 

compression or data transmission loss. The values of SSIM range from 0 to 1, with 0 being no 

similarity and 1 being identical. In this study, SSIM is used as an evaluation metric on the 

validation set in between epochs. A higher SSIM indicates a higher model accuracy for 

denoising input bCT images12. 

 
𝑆𝑆𝐼𝑀(𝑥, 𝑦) =

(2𝜇𝑥𝜇𝑦 + 𝑐1)(2𝜎𝑥𝑦 + 𝑐2)

(𝜇𝑥
2 + 𝜇𝑦

2 + 𝑐1)(𝜎𝑥
2 + 𝜎𝑦

2 + 𝑐2)
 

(4) 

Where µ represents the mean of x and y, σxy represents the covariance of x and y, σ2 represents 

the variance of x and y, c1 and c2 represent two variables that prevent the divide by zero error 

6.5 Hyperparameter Tuning 

 Hyperparameters are parameters that are defined prior to the model training process. 

Some common hyperparameters examples are batch size, learning rate, and the number of layers. 

Hyperparameter tuning (HPT) is self-explanatory in that it is a machine learning optimization 

technique for choosing the optimal hyperparameters for the task. Classically used 

hyperparameter tuning methods are manual tuning, grid search, or random search13.  
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 The HPT technique used in this study was inspired by the Hyperband HPT, which 

depends on an early-stopping approach to accelerate tuning by up to thirty times the conventional 

Bayesian optimization procedure.14 Five primary hyperparameters were considered: filter size, 

learning rate, optimizers, batch size, and the number of trainable layers. These were varied and 

trained for 20 epochs. The results were obtained through Tensorboard and visualized via 

MATLAB. Four of the HP combinations were chosen for further training for 50 epochs. Some 

permutations of these hyperparameters were also trained for 50 epochs, i.e., changing multiple 

hyperparameters at once. From the results obtained, one set was chosen for extensive training of 

150 epochs. The hyperparameter training took into account the computational abilities of the 

GPU, which was the NVIDIA GeForce RTX 2060 Super. 

6.5.1 Hyperparameter Tuning – 20 Epochs 

 The first stage of hyperparameter tuning was done by varying select hyperparameters and 

observing the loss and evaluation metrics for 20 epochs. The results determined the best 

performing HPs used for the second stage of HPT with 50 epochs. Fig. 6.6 displays the results 

from the HPT with 20 epochs. The RMSE, PSNR, and SSIM labeled 'original' are calculated 

concerning the input and the GT image. The HPs were variable only based on the batch size 

since the input and GT images remained constant throughout the training process. The RMSE, 

PSNR, and SSIM labeled 'predicted' are calculated with respect to the predicted image and GT 

image and were variable based on the changing hyperparameters. The HPs used for the pre-

trained RED-CNN model are described in Table 6.1. A summary of the results from the first 

stage of hyperparameter tuning is documented in Table 6.2, and the HPs selected for the next 

phase are highlighted in green. The tabulated hyperparameters represent the modified parameter/ 

parameters from the original RED-CNN architecture, i.e., the first row in Table 6.2 implies that 
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all parameters except for the batch size were maintained as they were in the pre-trained RED-

CNN. 

 From Table 6.2, the hyperparameters selected for stage 2 of hyperparameter tuning, 

taking into account the computation time, are batch size = 8, kernel size = 5, learning rate = 1e-4, 

and the originally used RED-CNN parameters are as described in Table 6.1. 
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Figure 6.6 (In order) Training Loss; Validation Loss; RMSE for Input and GT images (left); 

RMSE for Predicted and GT Images (right); PSNR for Input and GT images (left); PSNR for 

Predicted and GT Images (right); SSIM for Input and GT images (left); SSIM for Predicted and 

GT Images (right) 

Hyperparameter REDCNN Hyperparameter 

Number of Layers 5 Convolutional, 5 Deconvolutional 

Optimizer Adam 
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Learning Rate (LR) 1e-5 

Filter Size 3 

Batch Size 16 

 

Table 6.1 RED-CNN Pretrained Hyperparameters 

           Metrics           

HPs 

Train Loss Val Loss RMSE PSNR SSIM 

Batch Size = 8 6.947e-5 8.096e-5 0.008 42.8287 0.976 

Freeze Last 

Layer 

7.676e-5 8.56e-5 0.0082 42.7082 0.9756 

Freeze Last 2 

Layers 

8.224e-5 9.864e-5 0.0086 42.4001 0.9739 

Filter Size = 5 6.717e-5 8.11e-5 0.0079 43.1300 0.9765 

Filter Size = 7 7.123e-5 8.394e-5 0.0079 43.2468 0.9759 

LR = 1e-4 2.567e-4 7.911e-5 0.0078 43.0064 0.9761 

LR = 1e-6 3.015e-4 2.191e-4 0.0131 38.6120 0.9604 

RMSProp 2.533e-4 8.805e-5 0.0081 43.0531 0.9762 

SGD 9.62e-4 0.002 0.0415 28.1344 0.8341 

REDCNN 2.552e-4 8.292e-5 0.0081 42.7908 0.9759 

 

Table 6.2 Stage 1 Hyperparameter Tuning Results 
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6.5.2 Hyperparameter Tuning – 50 Epochs 

The second stage of hyperparameter tuning was done by varying the selected 

hyperparameters and observing the loss and evaluation metrics for 50 epochs. The results 

determined the best performing HPs used for the final stage of HPT with 150 epochs. Fig. 6.7 

displays the results from the HPT with 50 epochs. The RMSE, PSNR, and SSIM labeled 

'original' are calculated concerning the input and the GT image. The HPs were variable only 

based on the batch size since the inputs and GT images remained constant throughout the 

training process. The RMSE, PSNR, and SSIM labeled 'predicted' are calculated with respect to 

the predicted image and the GT image and were variable based on the changing 

hyperparameters. To ensure a holistic approach to HPT, combinations of the HPs were also 

evaluated. A summary of the results from the second stage of hyperparameter tuning is 

documented in Table 6.3, and the HP selected for the final step is highlighted in green.  

 From Table 6.3, the hyperparameter selected for stage 3 is changing the learning rate to 

1e-4. Although filter size 5 has marginally better performance, the computation time is nearly 

1.75x that of a kernel size of 3. Considering the computation time, changing the learning rate to 

1e-4 had the best overall performance and metric values.  
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Figure 6.7 (In order) Training Loss; Validation Loss; RMSE for Input and GT images (left); 

RMSE for Predicted and GT Images (right); PSNR for Input and GT images (left); PSNR for 

Predicted and GT Images (right); SSIM for Input and GT images (left); SSIM for Predicted and 

GT Images (right) 

              

Metrics            

HPs 

Train Loss Val Loss RMSE PSNR SSIM 

LR = 1e-4 5.803e-5 7.86-5 0.0077 43.3445 0.977 

Batch Size = 8 8.093e-5 9.225e-5 0.0084 42.8048 0.977 

Filter Size = 5 6.335e-5 7.01e-5 0.0073 43.8816 0.9781 

LR = 1e-4; 

Filter Size = 5 

5.96e-5 8.265e-5 0.0075 43.9069 0.9787 

LR = 1e-4; 

Batch Size = 8; 

Filter Size = 5 

0.0167e-5 0.0135 0.1145 18.9865 0.3018 

REDCNN 6.84e-5 0.0015 0.0199 40.2614 0.8966 

Table 6.3 Stage 2 Hyperparameter Tuning Results 

6.5.3 Hyperparameter Tuning – 150 Epochs 

The final stage of hyperparameter tuning was done by varying the selected 

hyperparameters and observing the loss and evaluation metrics for 150 epochs. Fig. 6.8 displays 

the results from training the model for 150 epochs. Table 6.4 summarizes the training loss, 

validation loss, RMSE, PSNR, and SSIM obtained by the validation set. 
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Figure 6.8 Training Loss; Validation Loss; RMSE for Predicted and GT Images; PSNR 

for Predicted and GT Images; SSIM for Predicted and GT Images 
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Evaluation Metric 

Evaluation Metric Value for 

Trained Model 

Train Loss 6.43e-5 

Validation Loss 5.11e-5 

RMSE 0.00681 

PSNR 43.86 

SSIM 0.9816 

 

Table 6.4 Stage 2 Hyperparameter Tuning Results 

6.6 RED-CNN Results 

 Based on the hyperparameter tuning procedure, the final HPs were chosen to minimize 

the loss function and provide the best model output. The final hyperparameters are as described 

in Table 6.5. A test set comprised data previously unseen by the model and was fed during the 

model testing process.  

The denoising ability of the model for data at 75 and 50% of the SD is as shown in Fig. 

6.9. The images also contain the metric values of the RMSE, PSNR, and SSIM. The 'original' 

refers to the metric value obtained between the input and reference GT image, while the 

'predicted' refers to the metric value obtained by the predicted and reference GT image.  Fig. 

6.9A) shows the denoising capabilities of the model. It can effectively denoise even an extremely 

noisy input which may even contain artifacts. Fig. 6.9B) also shows significant denoising, which 

can be affirmed by the reduced RMSE and increased PSNR and SSIM values. Fig. 6.9C) shows 

the model's ability to mitigate artifacts. The dark ring artifact in the input image is considerably 
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less evident in the predicted output image than in the input LD patch. Fig. 6.9D) highlights the 

model's efficiency in diminishing ring artifacts, prevalent at lower doses. Fig. 6.9E) depicts the 

model potential for denoising input patches that include the air-recon boundary. Fig 6.10 shows 

an example where the evaluation metrics do not significantly change between the original input 

and denoising output image. However, this could be because of the relatively low-noise input 

patch.  

 An adversarial input was fed to the model to test the limits of the network and better 

comprehend the model performance. This input was generated by adding a substantial magnitude 

of Gaussian noise to a test patch of bCT patient data. The GT was retained as the LD patch's 

corresponding SD image. Fig. 6.11 shows evident denoising of the adversarial data with notable 

improvement in the evaluation metrics, which is a particularly beneficial trait since the model 

was not trained on these inputs. Although the noise texture between the predicted and GT seems 

to be different, the difference can be potentially lessened by introducing very noisy data in the 

training phase of the CNN. The denoising of the noisy patch could be an initial step towards 

future research in the field of ultra-low-dose bCT (<25% of SD) denoising. In Fig. 6.11B), it is 

interesting to note that the Gaussian noise in the area outside the reconstruction FOV region of 

the patch does not undergo any noise removal. Generally, the noise in this region of the patch is 

zero since it contains no valuable information. Since the model has not learned how to denoise 

the air region, this could be a potential explanation for the lack of noise removal from the air in 

Fig. 6.11B.  

 The clinical application of this work would be to feed an entire LD-bCT dataset to the 

network. To test this capability of the network, a 1024×1024 LD-bCT image was provided as an 

input, and the denoised results are as shown in Fig. 6.12. The network can denoise the input 



87 

 

image without compromising integral anatomy, e.g., the glandular tissue, which is visualized as 

the lighter portions of the bCT images.  

 The final results table (Table 6.6) shows the evaluation metrics between the original and 

predicted data. Where original metric values are calculated between the input (LD-bCT) and GT 

(SD-bCT), and the predicted metric values are calculated for the predicted image for the GT 

(SD-bCT). 

 

 

 

 

 

 

 

 

 

 

Table 6.5 Final Hyperparameters Used 

Parameter Type Specific Parameter Utilized 

Batch Size 16 

Learning rate 1e-4 

Kernel Size 3 

Optimizer Adam 

Iterations 112000 

Epochs 150 
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Figure 6.9 Examples of Effective Denoising 

 

 

Figure 6.10 Example of Insignificant Denoising 

D) 

E) 
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Figure 6.11 Model Denoising with Adversarial Inputs 

               

Figure 6.12 Model Denoising with Full Image Inputs 

A) 

B) 
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Table 6.6 Final Model Performance Results 

 To appreciate all 36 bCT patient datasets used for this study, new patches were extracted 

from these datasets unseen by the model to make a secondary testing set. A total of three patches 

were extracted from 10 central coronal slices of each dataset for each dose level, i.e., 50% and 

75% of SD. Two of the three patches were purely breast tissue, and one of the three contained 

the air-recon boundary. 540 patches were extracted from the patient datasets at each dose level 

and subjected to testing on the trained denoising CNN. The evaluation metrics of RMSE, PSNR, 

and SSIM were used to assess the model performance. The evaluation metrics were calculated as 

50% original (between input at 50% of SD and SD-bCT), 50% predicted (between denoised LD-

bCT and SD-bCT, with the input of 50% of SD), 75% original (between input at 75% of SD and 

SD-bCT) and 75% predicted (between denoised LD-bCT and SD-bCT, with the input of 75% of 

SD). Fig. 6.13 represents the RMSE metrics for 50% original, 50% predicted, 75% original, and 

75% predicted. Fig. 6.14 illustrates the PSNR metrics for 50% original, 50% predicted, 75% 

original, and 75% predicted. Fig. 6.15 represents the SSIM metrics for 50% original, 50% 

predicted, 75% original, and 75% predicted. The plots convey a decrease in the RMSE and 

subsequent increases in the PSNR and SSIM metrics. 

Data Used 

Evaluation Metric 

Original Predicted 

RMSE 0.0193 0.0097 

PSNR 37.3237 41.0308 

SSIM 0.9284 0.9673 
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Figure 6.13 RMSE of 50% of SD original and predicted, and 75% of SD original and predicted 

 

Figure 6.14 PSNR of 50% of SD original and predicted, and 75% of SD original and predicted 
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Figure 6.15 SSIM of 50% of SD original and predicted, and 75% of SD original and predicted 
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Chapter 7: Conclusion and Future Work 

 

 This research aimed at simulating low-dose breast CT (LD-bCT) patient data using a 

thorough noise injection procedure and the subsequent denoising of the LD-bCT data using a 

CNN. 

The LD-bCT phantom data was simulated by accounting for the noise contributions of 

the flat-panel detector. The quantum and electronic noise was characterized through their 

magnitude and correlation kernels. The noise was injected at three dose levels: 90 mA, 60 mA, 

and 45 mA, which corresponded to ~ 75%, 50%, and 40% of the standard-dose (SD) at 115mA. 

The simulated LD-bCT was verified through an analysis of the NPS curve, where the simulated 

phantom data was compared with the acquired phantom data. Through a quantitative evaluation 

of the NPS curves, the noise variances and minimal MSE values were nearly indistinguishable. 

The calculated MSE values were 2.22e-14, 3.56e-14, and 4.82e-13 at 90, 60 and 45 mA 

respectively. Once the phantom verification procedure was validated, LD-bCT patient data was 

simulated at 45 and 60mA, which correlated with 50 and 75% of the SD (90-100 mA).  

 Patches of size 128×128 were extracted from the patient data as inputs to the CNN, and a 

pre-trained network called the Residual Encoder-Decoder CNN (RED-CNN) was employed as 

the starting point for the LD-bCT denoising task. After the weights of the pre-trained model were 

loaded, a form of Hyperband HPT was executed. After iteratively identifying the optimal 

hyperparameters, the model was trained for 150 epochs, and the loss and evaluation metrics were 

plotted. Subsequently, the model was evaluated on the test set that was not seen by the model in 

training, showed an RMSE of 0.0097, PSNR of 41.0308, and SSIM of 0.9673.  
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 Some clinical applications of this work include standard-dose bCT image enhancement 

and a reduced radiation dose to the patient at the time of acquisition. Future research applications 

would simulate LD-bCT images at lower mA levels and use this trained network as a starting 

point for the ultra-low-dose bCT denoising task. To further validate the noise injection 

procedure, patients could be scanned at lower doses at the time of acquisition. These low-dose 

images would act as references during the LD-bCT simulation task and could minimize the 

reliance on a phantom verification procedure for LD-bCT simulation.  

  

 




