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Abstract 

Preclinical imaging plays an essential role in biomedical research. Among available 

modalities, micro-computed tomography (micro-CT) offers high spatial resolution with relatively 

high throughput making it valuable for structural and functional imaging in small animals.  

However, traditional micro-CT systems are limited by poor soft tissue contrast, lack of 

spectral specificity, and underutilization of modern computational methods. This dissertation 

addresses these limitations through the development of novel imaging systems, the application of 

spectral photon-counting CT (PCCT), and the integration of machine learning for quantitative 

image analysis. For this work, several hardware platforms were designed and validated, including 

a dual-detector system combining a photon-counting and energy-integrating detector, a high-

throughput turn-table perfusion scanner, and a dual detector configuration using both a cadmium 

telluride and gallium arsenide detector for spectral imaging. Imaging data acquired from these 

systems were used in combination with deep learning models for anatomical segmentation and 

with radiomics pipelines for feature extraction. Quantitative imaging metrics were applied to 

evaluate cardiac function, quantify perfusion, and classify tumors. Additionally, spectral 

decomposition techniques were used to distinguish and quantify multiple contrast agents within a 

single scan. 

The results demonstrate that combining advanced hardware configurations with spectral 

and computational techniques significantly enhances the information content of preclinical CT 

imaging. These integrated approaches improve soft tissue contrast, enable functional imaging, 

and support high-throughput, biologically relevant quantification. The dissertation concludes that 

the next generation of micro-CT systemsðwhen coupled with spectral detectors and machine 

learningðhas the potential to transform preclinical imaging into a more versatile and quantitative 

tool for translational research. 
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1. Introduction  

This work aims to advance micro-CT through innovations in hardware design, spectral 

imaging techniques, and computational analysis, with the goal of enhancing spatial and temporal 

resolution, spectral sensitivity, and the overall quantitative potential of micro-CT. By integrating 

novel imaging systems, including photon-counting CT (PCCT), and data-driven computational 

methods, this work addresses key challenges in preclinical imaging. This introduction provides a 

general overview of preclinical imaging, the physics of micro-CT, spectral CT technologies, and 

other background information needed to understand the computational strategies referenced and 

developed in this work. This introduction also provides a brief review of current applications of 

micro-CT in biomedical imaging. 

1.1 The Role of Preclinical Imaging in Biomedical Research 

Preclinical imaging is a cornerstone of translational biomedical research, enabling 

researchers to study disease processes and therapeutic interventions in living animal models prior 

to, in place of, or alongside human trials. Presently, genetically modified mice are widely used to 

model human diseases including cancer, cardiovascular disorders, and metabolic disorders (de 

Jong et al. 2014). Mice have a life expectancy of around 1-3 years enabling a longitudinal mouse 

study in a drastically shorter period of time than an analogous human study (Turturro et al. 1999). 

Furthermore, with modern animal models, the control over genetics, diet, and other lifestyle 

factors can reduce inter-subject variability thus enhancing the statistical power of experiments 

despite cohort sizes being smaller than many human studies (de Jong et al. 2014). 

Among the different preclinical imaging modalities, micro-computed tomography 

(micro-CT) has emerged as a particularly valuable tool for anatomical imaging in preclinical 

studies due to its ability to provide high-resolution, three-dimensional images of internal 

structures. With isotropic voxel resolutions as fine as 10 microns, micro-CT enables detailed 

visualization of tissue morphology, skeletal microarchitecture, and vascular networks, especially 
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when enhanced by contrast agents. Recent advances have further extended micro-CTôs 

capabilities into functional imaging domains, such as perfusion and cardiac imaging, making it 

increasingly suitable for studying complex physiological phenomena in disease models (Clark 

and Badea 2021; Ritman 2011). 

The shift toward precision medicine has further underscored the importance of preclinical 

imaging technologies like micro-CT. By providing quantitative metricsðsuch as tumor 

vascularity, bone mineral density, or cardiac ejection fractionðmicro-CT facilitates the 

development and validation of targeted therapies, imaging biomarkers, and diagnostic strategies 

(Ashton et al. 2015). Additionally, its integration with complementary modalities, such as 

positron emission tomography (PET), enables multimodal imaging that combines anatomical, 

functional, and molecular insights. This holistic approach enhances the translational potential of 

preclinical findings, paving the way for clinical applications in human medicine (Cherry 2006). 

1.2 Principles of Computed Tomography 

X-ray imaging modalities such as X-ray computed tomography (CT) are founded on the 

principle of differential X-ray attenuation. CT generates detailed 3D maps of the variable 

attenuation throughout internal structures. As summarized in Figure 1, this section provides an 

exploration of the key principles underlying CT with a focus on X-ray attenuation, X-ray 

generation, projection acquisition, and image reconstruction, tailored to the context of preclinical 

micro-CT.  
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Figure 1: Overview of key CT principles including X-ray generation, X-ray attenuation, 

projection acquisition, and image reconstruction. 

1.2.1 Fundamentals of X-ray Attenuation 

The core mechanism of CT imaging, attenuation of X-rays passing through matter, is 

governed by the Beer-Lambert law: 

Ὅ ὍὩ ρȢρ 

I0 represents the unattenuated X-ray intensity prior to material interactions. I represents 

the attenuated X-ray intensity. µ is the linear attenuation coefficient which quantifies the 

probability of photon interaction per unit length. The attenuation coefficient depends primarily on 

the materialôs density, atomic number (Z), and the energy of the incident photons. In the 

diagnostic energy range (~20ï150 keV), attenuation occurs primarily through two physical 

processes (summarized in Figure 2): the photoelectric effect and Compton scattering. The total 

linear attenuation coefficient is a composite of contributions from both the photoelectric effect 

and Compton scattering (Prince and Links 2015): 

ʈὉ ʈÐÅὉ ʈÃÓὉ ρȢς 
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Figure 2: Basic illustration of the two primary X -ray attenuation mechanisms in diagnostic 

CT: the Photoelectric effect and Compton scattering.  In a Photoelectric event an inner 

electron is ejected, and secondary characteristic radiation is produced as an outer shell fills 

the vacancy in the inner shell. With Compton scattering, the photon interacts with an outer 

electron depositing a portion of its initial energy but continuing. Further details are given in 

sections 1.2.1.1 and 1.2.1.2. 

1.2.1.1 The Photoelectric Effect 

In the photoelectric effect, an incident X-ray photon is completely absorbed by an atom, 

ejecting a tightly bound inner-shell electron (usually from the K-shell in diagnostic X-ray energy 

levels). The probability of this interaction is highly dependent on the atomic number and photon 

energy, scaling approximately as: 

ὖÐÅθ
ὤ

Ὁ
ρȢσ 

This strong dependence on Z makes the photoelectric effect dominant in high-Z 

materials, such as bone or iodine-based contrast agents, and lower photon energies; however, 

photons with energy less than the binding energy of a given electron shell cannot undergo a 

photoelectric interaction. In micro-CT, the photoelectric effect significantly contributes to image 

contrast, particularly when contrast agents are used to enhance soft-tissue visualization, enabling 

differentiation of structures like blood vessels or tumors (Chen et al. 2012). 

1.2.1.2 Compton Scattering 

Compton scattering occurs when an X-ray photon interacts with a loosely bound outer-

shell electron, transferring a portion of its energy and scattering at an angle. The scattered photon 

has reduced energy, potentially contributing to image noise or dose deposition elsewhere. The 
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probability of Compton scattering is approximately proportional to the materialôs electron density 

and is only weakly dependent on atomic number. Compton scattering dominates at higher photon 

energies (above ~50ï70 keV) and in materials with low-to-moderate Z, such as soft tissues and 

water. In CT imaging, it contributes to artifacts like beam hardening and scatter, particularly in 

dense or thick regions, which can degrade image quality if not corrected. 

1.2.1.3 Energy Dependence and Beam Hardening 

Because different tissues attenuate X-rays in energy-dependent ways, the X-ray beamôs 

spectrum becomes ñharderò (i.e., skewed toward higher energies) as it passes through tissue, a 

phenomenon known as beam hardening. This nonlinearity introduces artifacts in reconstructed 

images, such as cupping or streaking, unless corrected during image processing. Understanding 

these interactions is critical for optimizing image quality, selecting appropriate contrast agents, 

and designing advanced systems for spectral CT, which exploit energy-dependent attenuation to 

enhance material differentiation. 

1.2.2 X-ray Generation and Source Physics 

In both clinical and preclinical CT systems, X-rays are most commonly generated in an 

X-ray tube, which operates as a vacuum-sealed thermionic accelerator. A heated filament (the 

cathode) emits electrons that are accelerated across a high voltage potential toward an anodeð

commonly made of tungsten or other high-Z metals. The majority of energy in an X-ray tube is 

lost as heat through a collisional transfer interaction but two primary interactions generate 

diagnostic X-rays: Bremsstrahlung radiation and characteristic radiation (Prince and Links 2015) 

both summarized in Figure 3. 
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Figure 3: Illustration of  primary interactions which generate X-ray photons for 

radiographic imaging and how they manifest in a typical X-ray tube spectrum.  On the left, 

characteristic radiation is illustrated which involves the emission of radiation with energy 

based on the promotion of outer electrons to inner electrons. On the right, Bremsstrahlung 

or ñbrakingò radiation is illustrated which involves the emission of radiation based on a 

deceleration of incoming electrons as they interact with the field of a nucleus. On the 

bottom, we show an example filtered spectrum from a Tungsten-anode X-ray tube. 

1.2.2.1 Bremsstrahlung Radiation 

Most diagnostic X-rays are produced by Bremsstrahlung, or ñbraking radiation.ò This 

occurs when high-energy electrons are decelerated in the electric field of a nucleus, releasing 

photons with a continuous energy spectrum. The distribution of photon energies ranges from near 

zero to the maximum kinetic energy of the electrons, forming the basis of the polychromatic X-

ray beam. 

1.2.2.2 Characteristic Radiation 

Characteristic radiation is produced when an accelerated electron ejects an inner-shell 

electron (e.g., from the K-shell) in the anode, and an outer-shell electron fills the vacancy, 

emitting a photon with a discrete, material-specific energy. For tungsten, the KŬ and Kɓ 

transitions produce photons at approximately 59.3 keV and 67.2 keV, respectively. These 

characteristic peaks contribute to the X-ray spectrum and are particularly relevant in spectral CT, 
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where energy-specific imaging can potentially exploit these discrete energies for material 

characterization (Taguchi et al. 2020). 

1.2.2.3 Beam Hardening and Filtration 

The polychromatic X-ray spectrum generated from X-ray tubes contains many low-

energy photons that increase radiation dose without contributing significantly to image quality, as 

they are almost entirely absorbed by tissues and do not reach the detector. To mitigate this, metal 

filters (e.g., aluminum or copper) are used to selectively attenuate low-energy photons, hardening 

the beam and improving its quality. In micro-CT, specialized microfocus X-ray sources with 

small focal spots (<50 ɛm) are employed to achieve high spatial resolution, essential for imaging 

fine structures in small animals. These sources operate at lower currents to manage heat load but 

are optimized for detailed anatomical visualization (Boone et al. 2004). 

1.2.2 Projection Data and the Mathematics of CT 

The CT acquisition process can be mathematically represented as the Radon transform of 

a continuous distribution of attenuation coefficients across the scanned object of interest.  

ὣὶȟ— ὰὲ
Ὅὶȟ—

Ὅ
ʈὼȟώ‏ὼὧέίʃ ώίὭὲʃ ὶὨὼὨώ ρȢτ 

In this equation, Y represents the acquired projection data acquired along a collection of radial 

lines at different angles (ɗ). The Dirac delta (‏) term in Eq. 1.4 represents an impulse function 

isolating the path of a single ray. r represents the position along the detector. According to the 

Beer-Lambert law, attenuation is an exponential decay, therefore the acquired line integral at each 

detector location represents the natural log of the ratio of X-ray intensity with (I) and without (I0) 

the object. 

By rotating the X-ray source and detector around the object, CT systems collect these 

projections at many angles, producing a dataset known as a sinogram. Typically, a full sinogram 
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must contain 360 degrees of projection information which can be achieved with a 180-degree 

acquisition with an ideal parallel beam geometry due to symmetry. 

The mathematical cornerstone of CT reconstruction is the Fourier Slice Theorem, which 

states that the 1D Fourier transform of the projection at angle ɗ corresponds to a slice through the 

center of the 2D Fourier transform of ɛ(x,y) at the same angle. As such, the 2D image can be 

reconstructed by assembling the Fourier slices and performing an inverse 2D Fourier transform 

(Kak et al. 1988). 

1.2.3 Image Reconstruction Techniques 

In practical applications, image reconstruction is most often achieved using 

approximations such as filtered back projection (FBP), which implements the inverse Radon 

transform through a computationally efficient sequence of filtering and backprojecting the 

projection data. The FBP process applies a high-pass filter (e.g., Ram-Lak) to each projection to 

correct for the oversampling of low spatial frequencies. 

While FBP is fast and robust, it is sensitive to noise and incomplete data (Kak et al. 

1988). To overcome these limitations, iterative reconstruction algorithms are increasingly used, 

especially in low-dose or high-resolution imaging. These approaches seek to minimize an 

objective function while maintaining data fidelity. Iterative methods often incorporate noise 

models, physical system characteristics, or prior knowledge, resulting in superior image quality at 

the cost of increased computational complexity (Beister et al. 2012). 

1.2.4 Spatial Resolution in Preclinical Micro-CT 

Preclinical micro-CT systems adapt the principles of clinical CT for imaging small 

animals such as mice and rats. These systems typically operate with isotropic voxel resolutions 

ranging from below 10 microns to approximately 150 microns, enabling visualization of fine 

anatomical structures like alveoli, trabecular bone, or small blood vessels. 
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To achieve this resolution, micro-CT systems often employ high resolution flat panel 

detectors, high system magnification, and micro-focus X-ray sources acquiring data in cone-beam 

or helical trajectories. The reconstruction of cone-beam or helical data often employs 3D 

reconstruction algorithms like the FeldkampïDavisïKress (FDK) algorithm, which generalizes 

FBP  for divergent beams (Feldkamp et al. 1984). In preclinical micro-CT, achieving high spatial 

resolution requires careful optimization of geometry, source characteristics, detector performance, 

and reconstruction algorithms to balance resolution, noise, and radiation dose. 

1.2.5 Limitations of CT and the Role of Contrast Agents 

While CT provides excellent spatial resolution and is ideal for imaging bone and air-

filled spaces, it suffers from inherently poor soft-tissue contrast. This is due to the relatively small 

differences in X-ray attenuation between soft tissues, which have similar compositions and 

densities. 

To overcome this limitation, exogenous contrast agents are used to enhance visualization 

of blood vessels, organs, or pathological regions. The most common agents in CT imaging are 

iodine-based compounds, chosen for their relatively high atomic number, which increases 

photoelectric absorption at diagnostic X-ray energies. These agents allow for dynamic imaging of 

cardiovascular function, tumor perfusion, and organ enhancement (Chen et al. 2012). 

In preclinical research, contrast agents enable functional imaging of mice and rats, 

supporting applications in cancer, cardiovascular, and renal studies. However, conventional low 

molecular size iodine agents often have short circulation times and limited molecular specificity. 

Recent innovations in nanoparticle-based contrast agents offer prolonged vascular retention, 

targeted delivery, and compatibility with spectral and photon-counting CT techniquesð

enhancing both anatomical and molecular imaging capabilities (Ashton et al. 2015; Clark and 

Badea 2021; Cormode et al. 2014). 
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1.3 Principles of Spectral CT and Photon-Counting CT 

Spectral CT represents a transformative advancement in CT imaging by leveraging the 

energy dependence of X-ray attenuation to enhance material differentiation and reduce artifacts. 

This section explores the motivation, technologies, and applications of spectral CT, with a focus 

on dual-energy CT (DECT) and photon-counting CT (PCCT), which are particularly impactful in 

the preclinical and clinical domains. 

1.3.1 Motivation for Spectral Imaging 

Conventional CT integrates all detected X-ray photons into a single polychromatic signal, 

treating them as if they were monochromatic. This approach ignores the fact that different photon 

energies interact with tissues in different ways. Because of this simplification, conventional CT is 

limited in its ability to characterize material composition and is susceptible to artifacts such as 

beam hardening. Furthermore, CT number values are relative and will vary based on changes in 

the incident spectrum or detector response making them less useful for establishing absolute 

quantitative biomarkers which are repeatable and standardized. 

Spectral CT addresses some of these limitations by leveraging the energy dependence of 

X-ray attenuation, particularly the differing behaviors of the photoelectric effect and Compton 

scattering. As discussed in Section 1.2.1, the photoelectric effect is highly sensitive to both 

atomic number and photon energy, while Compton scattering is more uniform across energies. 

These differences can be exploited to distinguish between materials that have similar attenuation 

at a single energy but diverge across a spectrum. Two approaches to spectral CT are illustrated in 

Figure 4 and are discussed further in the following sections. 
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Figure 4: Illustration of two approaches to spectral CT.  The upper two plots show the 

linear attenuation coefficients of iodine, water, and calcium across the energy spectrum. 

The goal of spectral CT is to take advantage of the differing attenuation characteristics of 

materials across the X-ray spectrum. On the left, we illustrate a dual-energy approach to 

sampling different energy levels which is to use two different incident spectra as shown in 

the bottom left. The PCD sampling approach, illustrated on the right, is much more 

straightforward involving directly  counting the number of photons within different energy 

bands. 

1.3.2 Dual-Energy CT (DECT) 

Dual-energy CT (DECT) is the most widely adopted form of spectral imaging (Johnson 

2012), acquiring projection data at two distinct energy spectra, typically using: 

¶ Rapid kVp switching: Alternating between low (e.g., 80 kVp) and high (e.g., 120 

kVp) tube voltages within a single rotation. 

¶ Dual-source systems: Employing two X-ray tubes and detectors operating at 

different energies simultaneously. 

¶ Layered detectors: Separating high- and low-energy photons after they pass through 

the sample using stacked detector elements. 

By measuring attenuation at two energy levels, DECT can differentiate materials with 

different attenuation properties. This enables a range of applications, including: 
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¶ Material decomposition: Separating contributions from materials like iodine and soft 

tissue, allowing for quantitative mapping of contrast agent concentration. 

¶ Virtual non -contrast imaging: Removing the contribution of contrast agents to simulate 

unenhanced images, reducing the need for multiple scans. 

¶ Improved visualization: Enhancing the detection of calcified plaques, kidney stones, or 

gout crystals by exploiting energy-dependent attenuation differences. 

1.3.3 Photon-Counting CT (PCCT) 

Photon-counting CT (PCCT) represents the next generation of spectral imaging (Taguchi 

et al. 2020), leveraging photon-counting detectors (PCDs) to count individual X-ray photons and 

sort them based on configured energy thresholds. Unlike energy-integrating detectors (EIDs), 

which sum the total energy deposited by all photons, PCDs provide direct spectral information, 

enabling multi-energy CT acquisition in a single scan. PCDs are typically based on 

semiconductor materials, such as cadmium telluride (CdTe), which convert incident photons into 

electrical pulses proportional to their energy (Taguchi and Iwanczyk 2013). The advantages of 

PCCT over conventional CT and DECT include: 

¶ Higher spatial resolution: Smaller detector pixels enable finer anatomical detail, critical 

for preclinical micro-CT. 

¶ Improved contrast-to-noise ratio: Counting individual photons enhances signal quality, 

particularly in low-dose scenarios. 

¶ Reduced electronic noise: PCDs measure discrete counts rather than intensity 

eliminating noise from integrating electronics, improving image clarity. 

¶ Spectral separation without kVp switching: Multi -energy binning allows simultaneous 

acquisition of spectral data, simplifying system design. 

¶ Enhanced material decomposition: Multiple energy bins enable the separation of more 

than two materials, supporting complex applications like multiplexed molecular imaging. 
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By counting and sorting each photon by energy, PCCT facilitates the reconstruction of 

energy-specific images, enabling quantitative imaging of contrast agents and tissue 

characterization without increasing radiation dose. 

1.3.4 Material Decomposition in Spectral CT 

One of the most powerful capabilities of spectral and photon-counting CT is material 

decompositionðthe process of separating the contributions of different physical basis materials 

to the total X-ray attenuation in each voxel. This is possible because each material exhibits a 

unique energy-dependent attenuation profile, particularly in the diagnostic range where both 

photoelectric and Compton effects are significant. 

1.3.4.1 Two-Material Decomposition 

In dual-energy CT, the most common approach is to decompose attenuation into two 

basis functions such as approximating photoelectric and Compton interactions or dividing into 

two specific materials like water and iodine. The measured attenuation coefficient at energy E, 

denoted ɛ(E), is modeled as a linear combination: 

ʈὉ ὅʈ Ὁ ὅʈ Ὁ ρȢυ 

 

where µ1 and µ1 are known reference attenuation values for the basis materials, and C1 

and C2 represent the concentration or contribution of each material to the total attenuation. 

Reference attenuation values can come from databases, theoretical modelling, or measured 

calibration phantoms. By acquiring projections at two distinct energy spectra, this system of 

equations can be solved voxel-wise to solve for the material concentration maps (Alvarez and 

Macovski 1976). These maps support applications such as virtual non-contrast imaging, 

quantitative iodine mapping, and effective atomic number mapping.  
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1.3.4.2 Multi -Material Decomposition with Photon-Counting CT 

PCDs extend this approach by enabling multi-bin energy discriminationðwith 2 or more 

thresholds. When using two thresholds, PCDs offer the same advantages as DECT but without the 

need for multiple X-ray spectra or multiple detectors. Using more than two thresholds provides 

additional constraints that allow for multi-material decomposition involving more than two 

components: This enables simultaneous quantification of three or more materials, such as water, 

calcium, and iodine or something more novel such as soft tissue, iodine, and an additional 

contrast agent such as gold nanoparticles. This capability is particularly valuable in preclinical 

research, enabling applications such as: 

¶ Therapy monitoring:  Quantifying the distribution of labeled therapeutic agents in 

tumors or vasculature. 

¶ Tissue differentiation: Identifying co-localization of materials in complex biological 

structures, such as tumors or atherosclerotic plaques. 

¶ Multiplexed molecular imaging: Tracking multiple contrast agents with different 

energy-dependent attenuation profiles. 

 

1.3.4.3 Limitations and Considerations 

Despite its promise, material decomposition in spectral CT faces several challenges. 

Noise amplification can occur in decomposition maps, particularly when basis materials have 

similar attenuation curves, degrading image quality. Spectral calibration errors, caused by 

variations in detector response or X-ray spectrum, can reduce accuracy, especially in low-dose or 

high-speed scans. Beam hardening and scattering artifacts may interfere with the linearity 

assumptions underlying decomposition models. In PCCT, detector-specific issues, such as charge 

sharing (where a photonôs energy is split across adjacent pixels) and pulse pile-up (where high 
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photon rates overwhelm the detector), further complicate accurate energy binning (Taguchi et al. 

2020; Taguchi and Iwanczyk 2013). 

To mitigate these effects, advanced techniques are employed, including regularized 

decomposition, which incorporates prior knowledge to stabilize solutions, and model-based 

iterative reconstruction (MBIR), which accounts for physical system characteristics and noise 

models. Many deep learning approaches are also being considered to denoise or generate material 

maps directly (Nadkarni et al. 2022). These methods may improve the robustness and accuracy of 

material decomposition, enhancing the utility of spectral CT in preclinical research. 

1.3.5 Technical and Practical Challenges 

Spectral CT technologies, particularly PCCT, introduce several technical and practical 

challenges that must be addressed for widespread adoption (Flohr et al. 2020). Spectral 

calibration and detector stability are complex, as PCDs are sensitive to environmental factors like 

temperature, as well as specific phenomena like charge sharing and pulse pile-up (Taguchi et al. 

2020). These issues can degrade energy resolution and introduce artifacts in multi-energy images. 

The high cost and limited availability of PCDs, which require advanced semiconductor materials 

and manufacturing processes, pose barriers to scalability, particularly for preclinical research labs 

with constrained budgets. 

The large volume of multi-energy data generated by spectral CT systems demands 

significant computational resources for reconstruction and analysis. Novel reconstruction 

algorithms, such as MBIR or deep learning-based methods, are required to handle these datasets 

efficiently while maintaining image quality. Motion artifacts, which are particularly pronounced 

in small animals due to rapid heart and respiratory rates, can corrupt spectral decomposition if not 

properly gated or corrected. Respiratory or cardiac gating protocols, combined with motion 

correction algorithms, are essential for high-quality imaging in these scenarios. 
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Despite these challenges, spectral CT and PCCT are rapidly evolving, driven by 

advancements in detector technology, reconstruction algorithms, and computational hardware. 

Within the next decade, these technologies are poised to become standard in both preclinical and 

clinical CT imaging, offering unprecedented capabilities for quantitative and molecular imaging. 

1.4 Primary Applications of Micro-CT in Biomedical Research 

Micro-CT has become a cornerstone of preclinical imaging, offering high-resolution, 

non-destructive, 3D visualization of small animal anatomy and function. Its ability to 

longitudinally image living subjects supports dynamic studies of disease progression, treatment 

efficacy, and biomarker identification. 

This section explores the primary applications of micro-CT in biomedical research, 

emphasizing its role in advancing scientific understanding and therapeutic development. 

1.4.1 Skeletal and Orthopedic Imaging 

One of the earliest and most established applications of micro-CT is in skeletal imaging, 

where its high spatial resolution enables detailed 3D assessment of bone microarchitecture. 

Micro-CT is widely used to quantify trabecular and cortical bone structure, bone mineral density 

(BMD), and mechanical properties in small animal models (Bouxsein et al. 2010; Schambach et 

al. 2010). These measurements are critical for studying bone biology in the context of aging, 

metabolic diseases (e.g., osteoporosis), cancer (e.g., bone metastases), and trauma (e.g., fracture 

healing). For example, micro-CT can track different genotypical or lifestyle effects on cortical 

thickness, trabecular density, and bone volume fraction (Nadkarni et al. 2024b). 

1.4.2 Cardiopulmonary Imaging 

Micro-CT has been adapted for functional imaging of the heart and lungs (Allphin et al. 

2023c; Badea et al. 2008; Holbrook et al. 2021), leveraging techniques such as retrospective or 

prospective gating and contrast enhancement to capture dynamic physiological processes. In 

cardiac imaging, micro-CT can quantify parameters like ejection fraction, stroke volume, and 
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myocardial wall thickness, providing insights into cardiac function in disease models such as 

heart failure or atherosclerosis (Allphin et al. 2023c). Contrast-enhanced imaging with iodine-

based agents enables visualization of coronary and pulmonary vasculature, supporting studies of 

vascular remodeling or perfusion deficits (Zagorchev et al. 2010). 

In pulmonary imaging, micro-CT excels at visualizing airway and parenchymal 

structures, enabling segmentation of lung nodules, airway branching, and alveolar morphology 

(Holbrook et al. 2021). Respiratory-gated protocols ensure high-quality images free from motion 

artifacts (Blocker et al. 2020), while contrast agents permit perfusion studies and vascular 

mapping (Allphin et al. 2024b). These capabilities are critical for modeling respiratory diseases, 

such as asthma, pulmonary fibrosis, and emphysema. The integration of functional and 

anatomical data makes micro-CT a powerful tool for cardiopulmonary research, with direct 

relevance to clinical conditions. 

1.4.3 Oncology and Tumor Microenvironment 

In oncology research, micro-CT plays a central role in tracking tumor development, 

vascularization, and response to therapy in vivo. Its high resolution enables precise measurement 

of tumor volume, growth kinetics, and intratumoral heterogeneity, which are critical for 

evaluating therapeutic efficacy. When combined with targeted or blood-pool contrast agents, 

micro-CT can assess tumor angiogenesis, vascular permeability, and necrosis, providing 

quantitative biomarkers of the tumor microenvironment (Badea et al. 2019; Ehling et al. 2014; 

Ghaghada et al. 2011). 

Micro-CTôs ability to longitudinally monitor tumors supports dynamic studies of 

therapeutic response, allowing researchers to evaluate the effects of chemotherapy, radiotherapy, 

or immunotherapy over time. Additionally, the integration of radiomics and machine learning 

with micro-CT data enables the extraction of high-dimensional features, such as texture and shape 

descriptors, which can be used to phenotype tumors or predict treatment outcomes (Allphin et al. 
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2022b). These advanced analytical approaches enhance the translational potential of micro-CT, 

bridging preclinical findings to clinical oncology. 

1.4.4 Liver and Renal Function Studies 

Micro-CTôs versatility extends to functional imaging of other organ systems, including 

the liver and kidneys, where contrast-enhanced and dynamic imaging protocols provide insights 

into organ-level physiology. In renal imaging, micro-CT enables perfusion studies, nephrotoxicity 

assessments, and quantification of renal masses, providing biomarkers for acute kidney injury or 

renal carcinoma (Schambach et al. 2010). 

In liver research, micro-CT is used to model vasculature, fibrosis, and tumor load, as well 

as to assess functional reserve in disease models. Dynamic imaging with contrast agents allows 

for the quantification of blood flow and tissue perfusion, which are critical for studying liver 

diseases such as cirrhosis or hepatocellular carcinoma (Schambach et al. 2010). The ability to 

derive quantitative biomarkers from these studies makes micro-CT a valuable tool for developing 

and validating therapies in preclinical models, with direct implications for clinical translation. 

1.4.5 Vascular Imaging 

Micro-CT excels in vascular imaging when paired with high-density contrast agents 

enabling detailed visualization of vessel density, branching patterns, and remodeling (Zagorchev 

et al. 2010). These capabilities are essential for studying vascular pathologies, such as 

atherosclerosis, aneurysms, or ischemia, as well as tumor-associated angiogenesis. Micro-CT can 

quantify vessel diameter, tortuosity, and connectivity, providing structural insights that 

complement functional data from other modalities. 

These applications collectively highlight micro-CTôs role as a structural foundation for 

molecular and functional investigations in preclinical research. 
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1.4.6 Integration with Other Modalities 

The integration of micro-CT with other imaging modalities, such as micro-PET, or 

single-photon emission computed tomography (SPECT), enables multimodal imaging that 

combines anatomical, functional, and molecular information (Cherry 2006). For example, micro-

PET/CT provides high-resolution anatomical context for molecular imaging data, enhancing the 

localization of radiotracers in tumors or inflamed tissues. Similarly, MRI/CT aligns micro-CTôs 

high-resolution structural images with MRIôs superior soft-tissue contrast and functional maps. 

Multimodal systems are particularly valuable in longitudinal studies, where combining 

structural, functional, and molecular signatures provides a comprehensive view of disease 

progression and therapeutic response. These integrated approaches maximize the information 

derived from preclinical models, improving the translational relevance of findings and supporting 

the development of precision medicine strategies. 

1.5 Principles of Machine Learning and Deep Learning in Medical 

Imaging 

Machine learning (ML) and deep learning (DL) have revolutionized medical imaging by 

enabling automated, data-driven analysis of complex datasets. In the context of micro-CT, these 

techniques offer powerful tools for extracting quantitative insights, enhancing image quality, and 

predicting biological outcomes. 

1.5.1 Overview and Motivation 

Medical imaging, including micro-CT, generates high-dimensional, information-rich data 

that is often underutilized by traditional analysis methods, such as manual segmentation or visual 

inspection. ML and DL address this challenge by automating, and potentially augmenting 

performance for, tasks like detection, classification, segmentation, and prediction, while 

uncovering subtle patterns that may not be perceptible to the human eye (Litjens et al. 2017). 

Preclinical micro-CT can provide rich opportunities for data-driven discovery. 
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The motivation for applying ML and DL to micro-CT includes improving the efficiency 

and reproducibility of image analysis, reducing operator bias, and enabling the discovery of novel 

biomarkers. For example, automated segmentation of organs or tumors can streamline analysis 

workflows, while radiomic feature extraction can identify quantitative signatures of disease 

biology (Holbrook et al. 2020b). These capabilities are critical for advancing preclinical research 

and translating findings to clinical applications. 

1.5.2 Traditional Machine Learning 

Traditional ML pipelines rely on engineered features extracted from labeled data, 

following a structured workflow (Erickson et al. 2017; van Timmeren et al. 2020). The process 

begins with various levels of preprocessing to standardize and normalize data for ML 

applications. Next, feature extraction involves computing quantitative descriptors, such as texture, 

shape, or intensity statistics. Feature selection reduces dimensionality to prevent overfitting, using 

techniques like principal component analysis (PCA) or mutual information to identify the most 

informative features. 

The selected features are then used to train classifiers or regressors, such as support 

vector machines (SVMs), random forests (RF), k-nearest neighbors (k-NN), logistic regression, 

or gradient boosting. These models learn to associate features with specific outcomes, such as 

disease classification or treatment response prediction. While effective, traditional ML relies 

heavily on the quality and representativeness of engineered features, which can limit performance 

if the features fail to capture the full complexity of the imaging data. 

1.5.3 Deep Learning 

Deep learning, particularly convolutional neural networks (CNNs), has transformed 

medical image analysis by learning complex hierarchical feature representations directly from 

raw pixel or voxel data, eliminating the need for handcrafted features (Hosny et al. 2018; Shen et 

al. 2017). CNNs consist of stacked layers that perform convolution, activation (e.g., ReLU), and 
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pooling operations to extract features at increasing levels of abstractionðfrom edges and textures 

to complex semantic patterns. 

In medical imaging, CNNs are used for a wide range of tasks, including image 

classification (e.g., tumor vs. non-tumor) (Allphin et al. 2022a), object detection (e.g., lung 

nodules) (Holbrook et al. 2021), and segmentation (e.g., organ delineation) (Allphin et al. 2025). 

The advantages of CNNs include end-to-end learning, high accuracy, and robustness to 

variations in noise, resolution, and scale. Transfer learning, where pre-trained models are fine-

tuned on smaller datasets, is particularly valuable in preclinical imaging, where annotated datasets 

are often limited. By leveraging models pre-trained on large datasets (e.g., ImageNet), researchers 

can achieve high performance with minimal labeled data. 

1.5.4 Training, Validation, and Performance Metrics 

Training an ML or DL model involves minimizing a loss function, such as cross-entropy 

for classification or Dice loss for segmentation, using optimization algorithms. The training 

process is typically iterative, with the model adjusting its parameters to reduce prediction errors. 

To prevent overfitting, techniques like data augmentation (e.g., rotation, flipping) and 

regularization (e.g., dropout) are employed, particularly in small datasets common to preclinical 

research. Model performance is evaluated using validation metrics tailored to the task. Cross-

validation, such as k-fold cross-validation, ensures robust performance estimation by training and 

testing the model on different subsets of the data. This is critical in preclinical studies, where 

datasets are often small and prone to overfitting. 

1.5.5 Applications in CT and Micro-CT 

ML and DL have a wide range of applications in micro-CT imaging, enhancing both 

research and analysis workflows. Specific use cases include: 
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¶ Organ and vessel segmentation: Automated delineation of structures like lungs, tumors, 

or vasculature, reducing manual effort and improving reproducibility (Allphin et al. 2025; 

Ronneberger et al. 2015). 

¶ Tumor detection and characterization: Identifying lung nodules or quantifying tumor 

heterogeneity using CNNs or radiomic features (Allphin et al. 2022b; Holbrook et al. 

2021). 

¶ Super-resolution and denoising: Enhancing image quality in low-dose micro-CT scans to 

maintain resolution while minimizing radiation exposure (Nadkarni et al. 2023). 

¶ Material classification: Using spectral CT data to classify tissues or contrast agents, 

leveraging multi-energy information for improved specificity (Allphin et al. 2023b). 

These applications demonstrate the transformative potential of ML and DL in micro-CT, 

enabling researchers to extract quantitative insights from complex datasets and accelerate 

scientific discovery. 

1.5.6 Challenges and Considerations 

Despite their promise, ML and DL in medical imaging face many challenges (Hosny et 

al. 2018; Reyes et al. 2020). Data scarcity is a significant barrier in preclinical research, as 

annotated datasets are labor-intensive to create and often limited in size. This can lead to 

overfitting, where models perform well on training data but poorly on new data. Generalizability 

is another concern, as models trained on one dataset (e.g., from a specific scanner or animal 

model) may not perform well on others due to variations in imaging protocols or biological 

conditions. 

Interpretability remains a challenge, particularly for deep learning models, which are 

often described as ñblack boxesò due to their complex internal representations. This lack of 

transparency can hinder trust and adoption in biomedical research, where understanding the 

biological basis of predictions is critical. Validation and reproducibility are also essential, as 
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preclinical studies must adhere to rigorous standards to ensure reliable translation to clinical 

settings. Finally, computational requirements pose a barrier, as training DL models requires high-

performance GPUs and significant memory, which may not be readily available in all research 

settings. 

Emerging strategies to address these challenges include semi-supervised learning, which 

leverages unlabeled data to augment training, explainable AI, which provides insights into model 

decisions, federated learning, which enables collaborative model training across institutions 

without sharing sensitive data, and synthetic data generation, which creates artificial datasets to 

supplement limited real data. These approaches are particularly relevant to preclinical micro-CT, 

where innovative solutions are needed to maximize the utility of small, high-value datasets. 

1.6 Radiomics 

1.6.1 Introduction to Radiomics 

Radiomics is an emerging field that focuses on extracting large numbers of quantitative 

features from medical images to characterize the phenotypic properties of tissues, lesions, or 

organs (Lambin et al. 2012). These features capture subtle patterns in image intensity, shape, 

texture, and spatial relationships that are often imperceptible to the human eye. The underlying 

hypothesis of radiomics is that medical images contain latent signatures of disease biology, which 

can be decoded using statistical or machine learning models to serve as non-invasive biomarkers 

for diagnosis, prognosis, or treatment response. 

In the context of micro-CT, radiomics leverages the high resolution and carefully curated 

nature of the data to quantify structural and functional changes in small animal models. For 

example, radiomic features extracted from tumor images can reveal heterogeneity, vascularity, or 

necrosis, providing insights into tumor biology and therapeutic response. By combining 

radiomics with ML or DL, researchers can develop predictive models that correlate imaging 
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features with clinical or biological outcomes, enhancing the translational potential of preclinical 

studies. 

1.6.2 Radiomics Workflow 

The radiomics workflow is a structured process that transforms raw imaging data into 

actionable insights. It consists of several key steps: 

¶ Image Acquisition and Reconstruction: Standardized imaging protocols are essential to 

ensure reproducibility across scanners and institutions. In micro-CT, this involves optimizing 

X-ray energy, reconstruction algorithms, and voxel size to achieve high-quality images. 

¶ Segmentation: The region of interest (ROI), such as a tumor or organ, is delineated using 

manual, semi-automated, or deep learning-based methods. Accurate segmentation is critical, 

as errors can significantly affect feature values. 

¶ Preprocessing: Images are generally normalized to standardize intensity ranges for network 

training and data consistency. 

¶ Feature Extraction: Hundreds to thousands of features are computed from the ROI, 

categorized into different standardized feature types such as shape, intensity, and texture. 

¶ Feature Selection: Dimensionality reduction techniques are used to select the most 

informative features and prevent overfitting. 

¶ Modeling and Validation: Machine learning classifiers are trained to associate selected 

features with clinical or biological outcomes, such as tumor subtype or treatment response. 

Robust validation, including cross-validation or external testing, ensures generalizability. 

This workflow transforms micro-CT images into quantitative datasets, enabling data-

driven discovery and hypothesis testing in preclinical research. 

1.6.3 Applications in CT and Micro-CT 

Radiomics has gained significant traction in both clinical and preclinical CT applications, 

leveraging the high resolution and quantitative nature of the data. In micro-CT, radiomics is 
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particularly valuable due to the ability to perform longitudinal studies in small animal models, 

where subtle changes can be tracked over time. Key applications include: 

¶ Tumor Phenotyping: Extracting features to distinguish between tumor subtypes (e.g., 

aggressive vs. benign) or to quantify intratumoral heterogeneity, which may correlate with 

genomic or proteomic markers (Larue et al. 2017). 

¶ Therapy Response Prediction: Modeling whether a subject will respond to treatments like 

chemotherapy, radiotherapy, or immunotherapy based on baseline or longitudinal radiomic 

features (Gardin et al. 2019). 

¶ Disease Progression Monitoring: Quantifying structural changes in tissues, such as fibrosis in 

the lungs or bone loss in osteoporosis, to track disease progression or therapeutic effects 

(Gardin et al. 2019). 

¶ Lung and Bone Disease Characterization: Using texture and shape descriptors to quantify 

pathological changes in lung parenchyma or bone microarchitecture (Gardin et al. 2019). 

In preclinical micro-CT, radiomics enables the analysis of spatial heterogeneity in tumors 

or other organs, providing insights into biological processes that may inform clinical strategies. 

For example, radiomic features derived from tumor vasculature can predict response to anti-

angiogenic therapies, guiding the development of personalized treatment plans. 

1.6.4 Challenges and Best Practices 

Despite its potential, radiomics faces several challenges that must be addressed to ensure 

robust and reproducible results. Reproducibility and standardization are major concerns, as 

variations in image acquisition, reconstruction, or segmentation can significantly alter feature 

values. For example, differences in X-ray energy or voxel size between micro-CT scanners can 

introduce variability, necessitating standardized protocols. The curse of dimensionality is another 

challenge, as the large number of extracted features relative to limited sample sizes can lead to 

overfitting, where models perform well on training data but fail to generalize. 
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Interpretability remains a hurdle, as linking radiomic features to specific biological 

mechanisms is often difficult. While features like texture or heterogeneity may correlate with 

outcomes, their mechanistic basis may not be immediately clear, limiting their adoption in 

mechanistic studies. Validation is also critical, as many radiomics studies lack external validation, 

particularly in preclinical settings where datasets are small and heterogeneous. 

To address these challenges, best practices include: 

¶ Using multi-site datasets: Incorporating data from multiple scanners or institutions improves 

generalizability and reduces bias. 

¶ Applying robust validation strategies: Techniques like k-fold cross-validation or external 

testing ensure reliable performance estimates. 

¶ Performing biological correlation: Validating radiomic features against histological, genomic, 

or clinical outcomes enhances their biological relevance and interpretability. 

By following these practices, radiomics can maximize its impact in micro-CT research, 

providing quantitative biomarkers that advance our understanding of disease and therapy. 

1.7 Structure and Scope of the Dissertation 

This dissertation presents a series of studies focused on advancing the design, 

performance, and application of micro-CT systems for preclinical biomedical imaging. The work 

integrates innovations in hardware configuration, spectral imaging techniques, and computational 

analysisðparticularly through photon-counting detectors, novel contrast strategies, and deep 

learning-based image interpretation. The overall goal is to improve the quantitative potential of 

micro-CT for in vivo imaging in small animal models. 

The dissertation is structured as follows: 

Chapter 1 (this chapter) provides an introductory overview of the foundational principles 

needed to understand this work including the role of preclinical imaging in biomedical research, 

the physical principles of computed tomography and spectral imaging, and an introduction to 



 

27 

modern computational tools including machine learning and radiomics.  It also provides some of 

the motivations and objectives that guided this work. 

Chapter 2 describes the development and quantitative assessment of multiple 

experimental micro-CT imaging systems. This includes a dual-detector configuration combining 

a photon-counting detector (PCD) and energy-integrating detector (EID), a turn-table-based 

perfusion scanner optimized for dynamic imaging, and a dual-PCD scanner configured to enable 

a comparative analysis of cadmium telluride (CdTe) and gallium arsenide (GaAs) detectors. This 

chapter integrates material from several published and submitted studies. 

Chapter 3 presents three different experimental studies within two major applications of 

photon-counting micro-CT in mouse disease models: cardiac imaging and tumor imaging. The 

first study explores tumor immunophenotyping using radiomics and machine learning applied to 

nanoparticle-enhanced PCCT scans. The next two studies examine cardiac function in APOE 

knockout mice using 5D (3D + cardiac + spectral) CT and deep learning-based segmentation to 

assess the impact of genotype, sex, exercise, and diet.  

Chapter 4 concludes the dissertation with a synthesis of key findings, a discussion of 

broader implications for the field of preclinical imaging, and recommendations for future work to 

further improve micro-CTôs role in translational science. 

Together, the studies presented in this dissertation aim to push the capabilities of micro-

CT imaging through technological innovation and computational interpretation. By combining 

hardware development with spectral and machine learning-based analysis, this work contributes 

to the growing versatility of micro-CT as a quantitative, non-invasive tool for studying disease 

mechanisms and evaluating therapeutic interventions in small animal models. 
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2. Development and Assessment of Novel Micro-CT Systems 

2.1 Hybrid Micro-CT System with Photon Counting Detector (PCD) and 

Energy Integrating Detector (EID)  

CT provides useful anatomic imaging at high spatial resolution but is limited in terms of 

contrast resolution by current use of energy-integrating detectors (EID). There is a clear need to 

improve CT and micro-CT imaging by adding spectral capabilities as given by photon counting 

detectors (PCD). Under active development, photon-counting detectors (PCD) can significantly 

improve CT contrast and enable quantitative material separation with a single CT scan (Taguchi 

and Iwanczyk 2013). Our group has advanced preclinical PCCT by building preclinical 

prototypes and demonstrating their value in cancer (Badea et al. 2019) and cardiac studies in mice 

(Clark et al. 2019). While the benefits of PCD CT are significant, the performance of current 

PCDs is limited by physical effects within the detector, such as K escape, charge sharing, and 

pulse pileup (Taguchi and Iwanczyk 2013). A possible strategy for alleviating some of the PCD 

spectral distortions is to supplement PCD data with data from an EID. Hybrid dual source CT 

data acquisitions have already been performed in a clinical prototype (Yu et al. 2016b). However, 

PCD and EID data are not routinely combined for hybrid CT reconstruction and material 

decomposition. We have previously showed that a superior spectral performance was achieved by 

a hybrid dual source micro-CT system for in vivo preclinical imaging (Holbrook et al. 2020c).  

However, such a concept has not been evaluated for ex vivo high-resolution imaging. Thus, this 

paper describes and assess the performance of a hybrid system for ex vivo high-resolution micro-

CT using both a PCDs and an EID. 

2.1.1 System Description 

We previously described a micro-CT system using a PCD with Anti-Coincidence 

Corrections (Holbrook et al. 2020a). We used model XC-Thor, a CdTe-based PCD from Direct 

Conversion (https://directconversion.com) with two energy thresholds. This detector offers the 
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potential for high-resolution imaging (1024 x 256 pixels, 100-ɛm pixel size) and is appropriate 

for small animal micro-CT. The detectorôs High Sensitivity with Anti Coincidence setting was 

used for all experiments. X-rays are generated by a L9181-02 39W micro-focus X-ray source 

(Hamamatsu; tungsten anode; filtration: 0.50 mm beryllium; 16-50 ɛm spot size).  For this work, 

we have expanded  the capabilities of this micro-CT system by mounting an additional detector, 

an EID, directly to the side of the PCD. We built a custom linear actuator to allow us to move 

between the EID and PCD to perform hybrid imaging using both types of detectors with the same 

X-ray source. We have previously reported on various benefits to this type of hybrid imaging 

system (Holbrook et al. 2020c). 

To achieve tomographic scans we have used a motorized rotator (Newport, model URS 

100BPP) to step the subject through all rotation angles. The subject (mouse/phantom) is mounted 

in a 3D printed cradle during acquisition. To increase the field of view and reduce the effects of 

ring artifacts via helical scanning, a vertical translator (Thorlabs, MLJ150 high load vertical 

stage) is positioned under the rotator and moves the subject during the acquisition. A photograph 

of our hybrid PCD micro-CT system is shown in Figure 5. The source-to-detector and source-to-

object distances were 32.9 cm and 6.0 cm yielding a magnification of about 5.5. For tomographic 

scans an in-house Python script was developed to control motion and image acquisition. 

Hardware triggering is managed using an Arduino (https://www.arduino.cc/) microcontroller. 
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Figure 5: Picture of the hybrid ex vivo micro-CT system.  The EID and PCD are both 

mounted opposite the same X-ray source. The active detector is positioned opposite the 

source using a custom linear actuator. 

  

2.1.2 Scanning and Geometric Calibration 

For the phantom and ex vivo mouse scans reported in this study, we used the following 

parameters. For the PCD imaging chain, we acquired 1500 projections with a 50 ms exposures 

with the 2 energy thresholds set at 15 keV and 34 keV. For the EID imaging chain, we acquired 

1200 projections with a 50 ms exposure time. Both scans had a helical trajectory with 1070° of 

rotation and 10 mm of vertical translation. For both sets of scans, we used a tube voltage of 60 

kVp and a tube current of 134 ɛA. The PCD scan took approximately 52 minutes. The EID scan 

took approximately 50 minutes.  

Due to mechanical imperfections in the custom linear actuator, a robust strategy of 

geometric calibration was required to ascertain the relevant geometric information for CT 

reconstruction. We fabricated a custom bead phantom using steel ball bearings with a 0.5 mm 

diameter spaced 1 mm apart. We then used the method presented by Yang et al (Yang et al. 2006) 

to determine the source to detector distances, source to object distances, central ray intersection 

locations, and the in-plane rotation angles for both imaging chains. These measurements were 

then refined and the affine registration between the two imaging chains was determined through 

an optimization approach similar to our previous work (Johnston et al. 2008). This geometric 

calibration approach can be quickly repeated to determine the geometric parameters after any 

mechanical changes to the micro-CT system. 

 2.1.3 Image Reconstruction 

The projection data were air normalized, and the gaps between the tiles of the PCD were 

filled via interpolation. The EID and PCD micro-CT data were then reconstructed separately and 

jointly using a multi-channel iterative algorithm(Clark and Badea 2017b). Specifically, we 
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applied the split Bregman method with the add-residual-back strategy  (Gao et al. 2011) and rank 

sparse kernel regression (RSKR) regularization (Clark and Badea 2017a) and solved the 

following optimization problem:  

8
ÁÒÇÍÉÎ
8

Вᴁ28 9ᴁ ‗ᴁ8ᴁ . This algebraic reconstruction problem solves for the 

vectorized, reconstructed data, the columns of X, for each sampled threshold (indexed by e). The 

reconstruction for each threshold minimizes the reprojection error (R system projection matrix for 

EID, PCD data) relative to the log-transformed projection data acquired at each threshold (the 

columns of Y). To reduce noise in the reconstructed results, the data fidelity term is minimized 

subject to the bilateral total variation (BTV) measured within and between thresholds. During 

iterative reconstruction, BTV is reduced by the application of joint bilateral filtering (BF). To 

maximize redundancy between the reconstructed thresholds and, therefore, minimize noise in the 

material decomposition results, we employ a specific extension of joint BF known as rank-sparse 

kernel regression. PCD, EID and hybrid phantom and mouse data were reconstructed with the 

same isotropic voxel size of 30 µm, facilitating comparison . 

2.1.4 Material decomposition  

For all spectral results, we used a post-reconstruction spectral decomposition method 

(Badea et al. 2019) with I and Ca as unknown materials. The 34 keV PCD threshold is positioned 

near the K-edge of Iodine (33.2 keV) to assist in this separation. The images were first converted 

to HU. Vials of known concentrations of I and Ca were used to construct a sensitivity matrix. 

Spectral decomposition was performed by solving the following linear system at each voxel: ὼ

ὃ  ὦ. In this formulation, ὼ is the least-squares solution for the concentration of I and Ca in 

HU/mg/mL in the voxel under consideration. ὃ is a sensitivity matrix measured for I and Ca at 

each energy. Finally, ὦ is the intensity of the voxel under consideration at Ὁ ×ÉÔÈ Ὥ

ρȟς ÆÏÒ ÔÈÅ 0#$ ÄÁÔÁȟÏÒ Ὥ ρȣσ ÆÏÒ ÔÈÅ ÈÙÂÒÉÄ ÄÁÔÁ. Non-negativity of the resultant material 

concentrations was enforced by orthogonal subspace projection. Post-decomposition, the material 
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maps were visualized in ImageJ.  We quantitatively compared the PCD and hybrid 

decompositions using the condition numbers of the sensitivity matrices and the measured 

concentration of the calibration vials. 

 

2.1.5 Phantoms 

To assess the imaging resolution, we scanned and reconstructed a QRM Micro-CT Bar 

Pattern phantom (https://www.qrm.de/en/products/micro-ct-bar-pattern-phantoms/ ). This 

phantom has various bar patterns ranging from 3.3 lp/mm down to 100 lp/mm. We created an 

MTF plot by calculating the contrast of 3 bar patterns within the phantom (3.3 lp/mm, 5 lp/mm, 

and 10 lp/mm). Contrast was calculated according to the equation: ὅ  
ȿ   ȿ

 
, where a 

is the array of pixel values along the length of the bar pattern. 

To illustrate the spectral decomposition performance we have also scanned a phantom 

with Ca and I vials. The concentrations were 10 mg/mL and 15 mg/mL for the I and Ca vials 

respectively. 

2.1.6 Ex vivo small animal imaging 

We also prepared an ex vivo biological sample of a mouse thorax. The ApoE(ī/ī) mouse 

(12 months old) was fed on an Western diet  for 4 months and developed atherosclerotic plaques. 

The mouse was injected with 0.3 mg/ml iodinated liposomes (Mukundan et al. 2006) .Three days 

later, the mouse was sacrificed and parts of the thorax containing the heart and aortic arch were 

removed and preserved in formalin. Our group has previously shown that we can image 

macrophage-rich atherosclerotic plaques using this liposomal-iodine nanoparticle contrast agent 

and dual-energy micro-CT (Bhavane et al. 2013). Similarly, we expected that our newly 

developed ex vivo spectral micro-CT imaging would be able to differentiate the calcified plaque 

from the accumulation of liposomes containing iodine due to macrophages around plaques. 
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2.1.7 Results 

Figure 6 presents the results of reconstructing the QRM spatial resolution phantom. The 

results show that the PCD based micro-CT has a higher resolution (16.5 lp/mm, 10% MTF) than 

the EID based micro-CT (13.7 lp/mm, 10% MTF). This is most likely due to the scintillator-based 

nature of EIDs. The hybrid reconstruction results show that the chains are properly registered, but 

there is a slight decrease in resolution when reconstructing the PCD data jointly with the EID data 

(15.6 lp/mm, 10% MTF).  

Figure 6: Summary of the spatial resolution analysis using the QRM Micro-CT Bar Pattern 

phantom.  The reconstructed images on the left show a single slice of the 3 reconstructed 

phantom volumes (PCD, EID, and hybrid). The plot on the right shows the modulation 

transfer functions (MTF) for the 3 reconstruction types using EID, PCD or hybrid. This 

plot was fit to 3 discrete bar pattern measurements in the slices shown on the left. This 

figure illustrates the difference in resolution between the EID and PCD as well as the effect 

the hybrid reconstruction has on the PCD data. 

Figure 7 presents the reconstruction and decomposition results from our vial phantom scan. The 

known phantom concentrations were 10 mg/mL and 15 mg/mL for the I and Ca vials 

respectively. The results show that the hybrid decompositions had a higher accuracy and lower 

noise level than the PCD decompositions when looking at the average vial measurements. The 

vial phantom reconstruction and decomposition results also show that hybrid reconstruction has 

reduced some of the high frequency PCD ring artifacts. The hybrid reconstruction also led to a 

sensitivity matrix with a lower condition number. A lower condition number means lower 

amplification of noise in decomposition. However, as indicated also by the MTF (Figure 6)  there 

appears to be some spatial blurring in the hybrid data as well as some beam hardening artifacts 

visible in the calcium vial of the hybrid decomposition. Finally, Figure 8 confirms the spectral 
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separation of calcified plaques from the iodine accumulation in our atherosclerosis mouse model. 

This is not possible in the EID-based CT imaging.  

 

Figure 7: Overview of the reconstruction and decomposition results for our calibration vial 

phantom.  The upper row shows the first energy ( 15 keV) from both the PCD 

reconstruction (left) and the hybrid reconstruction (right). These images have been HU 

normalized thus the units for the grayscale color bar are in HU. The bottom row shows the 

I -Ca decomposition for the two image sets. These images show the two material maps (I in 

red, Ca in green) overlayed in a single image. The units for the decomposed images are 

mg/mL. The lower left corner of each decomposition shows the quantitative metrics used to 

compare the two types of reconstruction (PCD and hybrid). The calcium vial and iodine vial 

average concentrations and standard deviations are reported in mg/mL followed by the 

condition number of the sensitivity matrix. The actual calcium concentration should be 15 

mg/mL. The actual iodine concentration should be 10 mg/mL. 
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Figure 8: 3D renderings of a dissected thorax from an atherosclerotic mouse.  The left 

column shows two different views of the EID channel from an iterative hybrid 

reconstruction. The right column shows the same views of the I (red) and Ca (green) 

decomposition which was derived from the multi-energy hybrid data. The decomposition 

helps differentiate the calcified plaque (indicated by the green arrow) from the surrounding 

iodinated contrast agent. 

2.1.8 Discussion and Conclusions 

Combining the EID and PCDs into a dual detector hybrid spectral micro-CT system 

provides superior performance and help in validation studies using contrast agents. To our 

knowledge, this is the first work to propose and evaluate a hybrid ex vivo high-resolution micro-

CT scanner. Our mouse imaging results illustrate that our spectral hybrid micro-CT can benefit 

both nanotechnology and imaging developments by providing an ex vivo imaging validation that 

can help test/optimize various nanoparticle for theranostics. The primary drawback of the system 

is the slight decrease in spatial resolution that occurs when performing hybrid reconstructions. 

Ongoing work will focus on improving the image quality by reducing some of tile gain 

differences on the PCD. 

DecompositionCTVolume
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2.2 GaAs and CdTe Photon Counting Detectors for Preclinical Spectral 

CT 

We are now at the cusp of a major CT advancement due to photon-counting detectors 

(PCDs) which will greatly improve spectral CT imaging using photon-counting CT (PCCT) 

systems (Taguchi and Iwanczyk 2013). A PCD counts the incident photons and bins them using 

energy thresholds. Each threshold image records only those photons with an energy greater than a 

user-defined threshold. The thresholds can be chosen to bracket the specific K-edges of contrast 

materials, enabling separation of one or more contrast agents from intrinsic tissues. Furthermore, 

relative to energy integrating detector (EID) CT, PCCT provides additional benefits related to 

dose and noise (Willemink et al. 2018). Several semiconductor-based X-ray PCD technologies 

have been developed using silicon (Si), cadmium telluride (CdTe), and gallium arsenide (GaAs) 

(Leng et al. 2019; Ren et al. 2018). While the benefits of PCDs are significant, their performance 

is limited by charge sharing, K-escape, and pulse pileup, distorting the spectral response (Taguchi 

and Iwanczyk 2013). These physical effects yield an inverse relationship between spectral and 

spatial resolution, making preclinical PCCT imaging particularly challenging.  

CdTe-based PCDs are already being used in clinical PCCT systems (Leng et al. 2016). 

But CdTe PCDs are limited due to the high photon energy of the K-shell fluorescence energies in 

CdTe (Cd, 26.7 keV; Te, 31.8 keV), which are close to the K-edge of iodine (I, 33.2 keV), the 

most commonly used element in CT contrast agents (Taguchi and Iwanczyk 2013). This 

limitation has consequences for clinical breast imaging and preclinical PCCT. As an alternative, 

GaAs PCDs are also emerging and appear to be promising for I-enhanced breast imaging 

(Gkoumas et al. 2019). For GaAs, the characteristic K-shell fluorescence energies (Ga, 10.4 keV; 

As, 11.9 keV) are farther away from the I K-edge, and therefore GaAs sensor material could be 

preferable. Ghammraoui et al. (Ghammraoui et al. 2021a; Ghammraoui et al. 2021b) have 

evaluated a GaAs PCD with 2 energy thresholds for contrast enhanced mammography and 

compared it to a commercial mammography system. The results showed that contrast-enhanced 
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spectral mammography using a GaAs PCD is both feasible and beneficial. Using a GaAs-based 

PCD prototype, they were able to match and, in some cases, exceed the micro-calcification 

detection performance of a commercial EID-based mammography system while also providing 

spectral information. In a separate study, Scholz et al. (Scholz et al. 2020) have also computed the 

detective quantum efficiency (DQE) and compared a GaAs-based PCD with 2 energy thresholds 

to a Si-based PCD and an EID. Their study found that GaAs provided the highest DQE values 

and increased spatial resolution while maintaining an equal signal-to-noise ratio in grating-based 

phase contrast computed tomography. Kozhevnikov and Smolyanskiy (Kozhevnikov and 

Smolyanskiy 2019) demonstrated the possibility of increasing the effective detection efficiency of 

a PCD by stacking both GaAs and CdTe within the same detector. 

With PCCT, multiple nanoparticles (NPs) based on signature high-Z materials can be 

administered and differentiated simultaneously to highlight targets of interest (Badea et al. 2019). 

Contrast agents based on NPs can ultimately extend the frontier of CT beyond conventional 

anatomical imaging and toward functional and molecular imaging (Ashton et al. 2015). To our 

knowledge, no studies have assessed and directly compared the performance of GaAs and CdTe 

PCDs for multi-contrast preclinical PCCT imaging. Thus, in this study we sought to compare 

high-resolution PC micro-CT using two PCDs based on GaAs and CdTe with 4 energy thresholds 

for imaging multiple high-Z elements. In addition, we investigated whether combining the two 

PCDs in a dual-source PC micro-CT system could provide higher sensitivity and specificity in 

separating multiple probes from intrinsic tissues. 

To assess the comparative and combined performance of the two PCD types (CdTe and 

GaAs) for preclinical PCCT imaging, we prepared various elemental solutions of iodine (I), 

gadolinium (Gd), hafnium (Hf), tantalum (Ta), and bismuth (Bi) with K-edges from 33.2 keV (I) 

to 90.5 keV (Bi). We scanned custom phantoms and a biological specimen containing known 
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concentrations of different selections of these solutions. Scan parameters and experimental details 

are described in following sections. 

2.2.1 Micro -CT System Design 

For the current study, we have used a SANTIS 1604 CdTe-based PCD developed by 

DECTRIS, Ltd. (www.DECTRIS.com). This PCD has 150-ɛm pixel size, and four energy 

thresholds. The active area is 16 × 4 cm.  The thickness of the CdTe sensor is 1 mm. The GaAs 

PCD was also made by DECTRIS, Ltd. and has the same number of thresholds and pixel size as 

the CdTe PCD. The GaAs sensor thickness is 500 µm. The spectral resolution of the GaAs 

detector was reported to be around 2-3 keV (Zambon et al. 2021).  The two PCDs have been 

mounted lateral to each other (see Figure 9) in our previously described hybrid micro-CT system 

and are arranged on a custom electro-mechanical linear actuation system which allows us to 

switch between the two detectors. For the X-ray source, we have used a G-297 X-ray tube 

(Varian Medical Systems, Palo Alto, CA) with a 0.3 mm focal spot size and powered by an 

Epsilon high-frequency X-ray generator (EMD Technologies, Quebec, Canada). To extend the 

field-of-view along the z-axis and to reduce ring artifacts in our reconstructions, the subject was 

placed on a translating stage, and scans are performed using a helical trajectory. 

 

 

Figure 9: Overview of the prototype dual-detector system.  The detectors are positioned 

lateral to one another across from the same X-ray source. A stepper motor actuates a lead 

screw to move the detectors laterally and change the active detector. The source and 

detector are stationary during scanning, and the subject (in this case a phantom) is placed 

on a rotating and translating stage. 

/Ř¢ŜDŀ!ǎ ·πǊŀȅ {ƻǳǊŎŜtƘŀƴǘƻƳ
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To illustrate the differences between the CdTe and GaAsïbased PCDs, we plot the linear 

attenuation for their material components (i.e., Ga, As, Cd, Te) and their quantum efficiency (QE) 

as provided by the manufacturer (Figure 10). The K-shell fluorescence in both PCDs corresponds 

to a decrease in QE. The GaAs K-edges are at 10.4 and 11.9 keV; at these energies, the QE 

experiences a strong decay due to K-escape losses. The same effect can be observed for CdTe at 

the corresponding K-edges of Cd and Te (26.7 and 31.8 keV). Consequently, we see lower QE 

values around the I K-edge (33.2 keV) for CdTe compared to GaAs. However, the QE is higher 

for CdTe at higher energies. 

Within our micro-CT system, we have used the two detectors in a near identical scenario 

to allow for direct comparison. The most relevant difference we consider is the composition of 

the active detection layer (GaAs vs. CdTe). As stated previously, there is also a difference in the 

detector material thickness. The thicknesses of the detectors were chosen by the manufacturer to 

suit each detectorôs individual applications. Optimal detector thickness depends on a variety of 

factors including spatial resolution, detection efficiency, and dynamic range. The optimal 

thickness of one detector is not necessarily the optimal thickness of the other detector. Therefore, 

the difference in thickness is not uniquely considered throughout the comparisons we present in 

this study. 
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Figure 10: Plots showing material attenuation and detector quantum efficiency as functions 

of photon energy.  The K-edges of Cd, Te, Ga, and As directly impact the quantum 

efficiencies of the detectors (CdTe and GaAs). The K-edge of I is also included as a 

reference to illustrate the potential for a GaAs-based detector to improve iodine spectral 

sensitivity. 

2.2.2 Image Reconstruction 

The PCCT data were jointly reconstructed using a multi-channel iterative algorithm and 

an isotropic voxel size of 125 microns. Specifically, we applied the split Bregman method with 

the add-residual-back strategy (Gao et al. 2011) and rank-sparse kernel regression regularization 

(RSKR) as previously reported (Clark and Badea 2017b). The iterative reconstruction was 

initialized with a filtered back projection reconstruction using a ramp filter. No apodization was 

applied to maximize spatial frequency content. Reconstruction iteratively solved the following 

equation: 
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ὢ  ὥὶὫ άὭὲ Вȿȿ ὙὢὩ  ὣὩ ȿȿ  ‗ȿȿ ὢ ȿȿ ςȢρ

The reconstructed data (X) at each energy, e, minimizes the reprojection error (R representing the 

system projection matrix) relative to log-transformed projection data (Y). To reduce noise in the 

reconstructed results, this data fidelity term is minimized subject to the bilateral total variation 

(BTV). BTV measured within and between energies is reduced via RSKR. We note that when 

imaging with two sequential scans with different energy thresholds, data from the two scans were 

reconstructed jointly in this multi-channel reconstruction framework. All reconstructions were 

performed using the same optimization parameters, settings, and number of iterations. 

 

2.2.3 Material Decomposition 

We performed image-based material decomposition on PCD iterative reconstructions 

using the method of Alvarez and Macovski extended to include K-edge materials (Alvarez and 

Macovski 1976). Thus, we performed a post-reconstruction spectral decomposition with H2O, Ca, 

and a number N of K-edge materials ὓ  of high-Z probes as bases: 

ὢὩ  ὅ ὓ Ὡ  ὅ ὓ Ὡ ὅὓ Ὡ ςȢς 

In this formulation, M is a matrix of material sensitivities at each energy. We computed 

these values by fitting the slope of attenuation measurements taken in material vials of known 

material concentrations. C is the concentration in mg/mL of each material. Finally, X is the 

attenuation coefficient of the voxel under consideration at energy e. Material decomposition was 

performed by matrix inversion, solving the following linear system at each voxel:  

ὅ ὢὓ ςȢσ 

Orthogonal subspace projection was used to prevent negative concentrations (Clark and 

Badea 2017b). Post-decomposition, color-coded material maps were combined and visualized in 

ImageJ. 
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2.2.4 Phantom Experiments 

2.2.4.1 Multi -Contrast Phantom 1: Separating a High Concentration of 7 Materials using 8 

PCD Thresholds 

The primary motivation for using this phantom was to investigate the performance of the 

two PCDs for separating contrast materials across a wide range of energies in a stress test. As 

illustrated in Figure 11, the phantoms consist of a 3D-printed PLA housing with openings for 

material vials. In Multi-Contrast Phantom 1, we included vials containing elemental solutions of 

I, Gd, Hf, Ta, Bi, Ca and H2O. Except Ca, all contrast vials contained solutions with elemental 

concentration of 10 mg/ml within a water-based solvent. The Ca vial had a concentration of 40 

mg/ml. For this experiment, we sought to decompose the 7 elemental solutions in the vial 

phantom using 8 PCD thresholds. Each PCD has 4 configurable energy thresholds; therefore, 

performing a 7-material decomposition required a combination of two scans acquired either with 

the same PCD or with the different PCDs.  

 

Figure 11: Overview of our phantom experiments.  The phantom designs are shown in the 

upper row. Each multi-contrast phantom consists of a 3D printed housing with material vial 

inserts. The vial materials are color-coded as indicated by text labels. The concentrations of 

the vials, given in mg/mL, are written in parentheses with each label. Phantom 1 has a 

single concentration for each material while phantom 2 has multiple. Within this phantom 2 

image, the color contrast increases with material concentration. For example, the brightest 

red vial in the center of phantom 2 has a concentration of 5 mg/mL. The lower plot shows 

the attenuation coefficients as functions of photon energy for all materials within the 
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phantom (except water and PLA). The 8 PCD thresholds chosen for this phantom study are 

shown within the attenuation plot. 

 

The attenuation plot within Figure 11 summarizes the selection of different energy 

thresholds for two sequential PCCT scans. We chose a grouping of 4 relatively low energy 

thresholds (25, 28, 34, 40 keV) for the first scan. These low thresholds were chosen to capture the 

K-edge of I (33.2 keV) and to test the advantage of the high quantum efficiency of GaAs within 

that range. For this lower energy scan, we used a tube voltage of 80 kVp with Cu filtration (0.1 

mm) of the X-ray beam and with a tube current of 4 mA. For the second scan, we chose 4 

relatively high energy thresholds (50, 65, 80, 90 keV). These thresholds were spread across the 

high-energy spectrum and positioned over various material K-edges (e.g., Gd (50.2 keV), Hf 

(65.3 keV) and Bi (90.5 keV)). For this scan, we imaged using a tube voltage of 125 kVp with Cu 

filtration (0.1 mm) and a tube current of 2.5 mA. We used 200 ms integration/exposure for both 

scans. Sampling for each scan required 3 min. A helical trajectory with 900 projections over 

1070° of rotation and vertical translation of 1.25 cm was used. The radiation dose was ~105 mGy 

for the first scan and ~66 mGy for the second scan, totaling ~171 mGy for the two scans.  

A total of 4 sequential scans were performedði.e., we took two scans with each PCD at 

two different kVps with the above-described thresholds. Before tomographic reconstruction, the 

projection data were air normalized, and the gaps between the tiles of the PCD were filled via 

interpolation. We chose to compare both the individual performance of the two PCDs and the 

performance when using combinations of the two PCDs and high and low energy thresholds. 

Therefore, we performed our PC micro-CT analysis 4 times, once for each combination of low 

and high energy scans. For example, for one analysis we took the low energy scan from the 

CdTe-based PCD and the high energy scan from the GaAs-based PCD to perform the hybrid 

iterative reconstruction and subsequent material decomposition.  
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We assessed the decomposition results qualitatively by observing the presence of artifacts 

and quantitatively by calculating the percent error of the measured average concentration in each 

of the vials of known concentration. We provide plots of contrast agent enhancement in HU per 

mg/mL over all energy thresholds to illustrate differences in spectral sensitivity between the two 

detectors. Finally, as an indicator of specificity, we assessed cross-contamination between 

material maps using a vial-material confusion matrix visualization for high concentration (10 

mg/ml) and lower concentration (0.625 mg/ml) vials. We have also computed the condition 

number for the sensitivity matrix used for the decompositions of Multi-Contrast Phantom 1. The 

condition number is the ratio of the largest and smallest singular values of a matrix, and higher 

values indicate greater potential for error amplification. 

 

2.2.4.2 Multi -Contrast Phantom 2: Separating Multiple Concentrations of 6 Materials using 

8 PCD Thresholds  

The primary motivation for this second phantom was to investigate how the two PCDs 

perform when separating lower concentrations of different materials across a wide range of 

energies.  As shown in Figure 11, the second phantom contains multiple concentrations for each 

of its materials. In this phantom, the materials are I, Ta, Bi, Gd, Ca and H2O. Since space was 

limited and Ta and Hf have very similar K-edges (65.3 for Hf vs. 67.4 keV for Ta), we have 

excluded Hf vials. This phantom experiment was performed using the same thresholds and 

acquisition settings as described in the first phantom experiment. As in the first experiment, we 

assessed the decomposition results by observing distortion levels and artifacts. We assessed 

cross-contamination between material maps using the same confusion matrix visualization 

mentioned in the previous experiment. We also computed the Contrast to Noise Ratio (CNR) for 

each contrast agent at the different concentrations using the following equation. In this equation, 
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C is the average concentration measured in a certain material (M) vial or in a water vial: 

ὅὔὙ  ςȢτ
 

These CNR values were assessed relative to the Rose criterion, which states that an 

object needs a CNR higher than 5 to be detected by the human eye (Rose 1948). 

2.2.4.3 Multi -Contrast Phantom 2: Separating Multiple Concentrations of a Selection of 3 

Materials using 4 PCD Thresholds 

The previous two experiments sought to push the boundaries of multi-material separation 

using 8 PCD thresholds. This next experiment sought to directly compare the performance of our 

two detectors within a more typical PCCT protocol with a single contrast agent, in this case I. We 

used a single acquisition of Multi-Contrast Phantom 2 with the 4 low-energy thresholds (i.e., 25, 

28, 34, and 40 keV). We analyzed the vials that contained I, Ca, and H2O to assess decomposition 

accuracy and material separability. As in the previous section, we computed the CNR for the I 

vials with concentrations of 5 mg/mL, 2.5 mg/mL, 1.25 mg/mL, and 0.625 mg/mL. These CNR 

values were assessed relative to the Rose criterion. 

2.2.4.4 Spatial Resolution Phantom 

A phantom with a 30 µm diameter tungsten wire (PureImaging, UK) was scanned and 

reconstructed to calculate the modulation transfer function (MTF) of the imaging system as 

previously described (Nadkarni et al. 2022). The MTF was calculated using the lowest energy 

volume for three different reconstruction combinations: CdTe only, GaAs only, and Hybrid 

CdTe-GaAs. For the hybrid reconstruction we used the lowest energy thresholds from both 

detectors. The same approach was used to calculate the MTF for each combination. These MTFs 

donôt fully characterize the spatially variant resolution of our reconstructions. Their primary 

purpose is to serve as a metric of quantitative comparison. Most importantly, MTF calculation 

was used to quantify potential reductions in spatial resolution associated with performing a hybrid 

reconstruction. 
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2.2.5 Mouse Demonstration  

To demonstrate the use of this PCCT system in a biological specimen we performed the 

following animal experiment. A C57BL/6 wild type mouse was retro-orbitally injected with 

liposomal I (Lip-I) nanoparticles (dose 1.32 mg I/kg body weight). Lip-I nanoparticles were 

fabricated similar to methods described previously (Johnson  et al.). The Lip-I is a blood pool 

contrast agent. Following the Lip-I injection, we used oral gavage to administer Pepto-Bismol 

within the digestive tract of the same mouse. Pepto-Bismol contains Bi and served as our contrast 

agent source. Ten minutes after oral administration, the mouse was euthanized. All animal 

procedures were approved by Duke University Institutional Care and Use Committee (IACUC) 

and adhered to the NIH Guide for the Care and Use of Laboratory Animals.  

2.2.6 Phantom Results 

2.2.6.1 Multi -Contrast Phantom 1: Separating a High Concentration of 7 Materials using 8 

PCD Thresholds 

Joint iterative reconstructions of two combined scans using 8 thresholds of PCD 

projection data are shown in Figure 12 for Multi-Contrast Phantom 1. We have included one 

column with analytical reconstructions to illustrate, by comparison, the impact our iterative 

reconstruction algorithm has on reducing noise levels. The 90 keV analytically reconstructed 

PCCT images show the highest noise due to the reduced photon counts at high energies; the noise 

level is significantly higher for the GaAs detector compared to the CdTe detector. At this energy, 

primarily due to the difference in quantum efficiency, the average counts in an empty image for 

the GaAs detector were approximately one third that of the CdTe detector (~118 vs ~360). 

Without a robust iterative reconstruction approach, the material decomposition would be 

corrupted by noise. Iterative reconstruction reduced the standard deviation of water in the 90 keV 

GaAs volume from 850 HU to 18.6 HU.  
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Figure 12: Reconstructions of the two scans for each of the two detectors equating to a total 

of 8 reconstructed volumes per detector.  Iterative reconstructions for each of the scans are 

shown. Analytical reconstruction of the highest energy threshold from each scan has been 

included for reference in the far-right column. The mean and standard deviation of a water 

vial measurement (ROI circled in red) for the highest energy scans are included in red in 

the bottom right corners to illustrate the effectiveness of the iterative reconstruction. These 

images are HU-normalized and windowed according to the color bar in the upper right 

corner.  

Figure 13 contains plots of the sensitivity values (HU/mg/ml) for each material measured 

in the CdTe and GaAs-based PCCT reconstructions. These results demonstrate the improved 

sensitivity that comes from GaAs at low photon energies. This is particularly clear when 

observing the sensitivity value for I for the 34 keV threshold (~65 HU/mg/ml for GaAs vs ~55 for 

CdTe). 
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Figure 13: Vial measurements in HU per mg/mL for the CdTe and GaAs-based detectors.  

We have chosen to split the low keV and high keV lines for each of the materials since the 

two scans were taken at a different tube voltage. The magnitude of many of the 

measurements (especially I which is highlighted by the arrow), and thus the sensitivity, is 

significantly higher for the GaAs-based PCD within the low energy thresholds compared to 

the CdTe-based PCD. 

Color-combined material decompositions of the Multi-Contrast Phantom 1 are shown in 

Figure 14. The figure indicates that when the high-energy scan data of the GaAs-based PCCT was 

used, this led to severe spectral artifacts (see the GaAs-GaAs and CdTe-GaAs images). This is 

especially apparent around the outer boundaries of the 3D-printed phantom body. Qualitatively, 

the cleanest results come from the scan which used the low energy GaAs thresholds and the high 

energy CdTe thresholds (GaAs-CdTe). The condition number of the sensitivity matrix for the 

GaAs-CdTe is also the lowest, consistent with this finding. Quantitative results in Table 1 further 

prove that the GaAs-CdTe combination provides low relative errors in measured material 

concentrations. The vial concentration errors are color coded from highest (red) to lowest (green). 

The CdTe-GaAs combination yields the highest concentration errors for all materials.  

 

 

I(10 mg/mL)

H2O

Ca(40 mg/mL)

Hf(10 mg/mL)

Ta(10 mg/mL)

Bi(10 mg/mL)

Gd(10 mg/mL)

CdTe-CdTe GaAs-GaAs CdTe-GaAs GaAs-CdTe

1205.6Condition Number: 1028.4 2391.5 971.1
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Figure 14: Decompositions of Multi-Contrast Phantom 1 for each combination of detector 

thresholds.  The different materials are color-coded and combined into a composite image 

corresponding to the labels on the left. H2O is windowed from 0-5 g/mL. Ca is windowed 

from 0-60 mg/mL. All other materials are windowed from 0-15 mg/mL. Below each 

decomposed axial slice, the condition number of the sensitivity matrix used for that 

decomposition is shown. The combinations are described above each decomposition based 

on the detectors used for the low energy and high energy scans (LOW-HIGH).  

 

Table 1: Absolute percent error in average concentration for each of the material values 

compared to the expected concentration of the phantom vials.  The columns are individually 

color-coded by error magnitude across different detector combinations. Green values 

indicate low error while red indicates high error. The hybrid decomposition of the GaAs 

low thresholds and the CdTe high thresholds generally shows the best performance. 

Detector 

Combination 
Vial Concentration Error (Absolute % Error) 

 

(Low ï High keV) Iodine Calcium Water 
Gadolini-

um 
Hafnium Tantalum Bismuth 

 

LOW (GOOD) 

CdTe - CdTe 2.26 12.65 0.07 1.18 4.79 15.25 0.8 

 

 

GaAs - GaAs 1.23 7.93 0.08 0.68 2.66 10.24 1.15 

 

 

CdTe - GaAs 6.53 29.44 0.19 11.48 17.97 19.86 11.93 

 

 

GaAs - CdTe 1.05 7.74 0.06 0.66 3.1 10.87 1.15 

 

 

         

HIGH (POOR) 

 

Figure 15 represents the vial-material confusion matrix for Multi-Contrast Phantom 1 

showing the amount of cross-contamination between material maps for the decompositions. This 

visualization was generated by segmenting the vial region for each of the decomposed volumes 

and arranging them based on material map and vial label. In the ideal case, the only materials 

(rows) that should be seen in each vial (column) are water and the vialôs labelled material. For 

example, we can see that the CdTe-GaAs combination has a great deal of Ta contamination in the 

other material vials. We also see that the primary error of the CdTe-CdTe combination is falsely 
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identifying multiple materials in the Ca vial. The highest specificity appears to be for GaAs-CdTe 

image. As expected, based on their close K-edges (65.3 vs. 67.4 keV), Hf and Ta are difficult for 

all detector combinations to properly separate. 

 

Figure 15: Visualization of cross contamination in Multi-Contrast Phantom 1.  The four 

different plots are labelled based on the low and high threshold combinations as shown in 

other figures. H2O is windowed from 0-5 g/mL. Ca is windowed from 0-60 mg/mL. All other 

materials are windowed from 0-15 mg/mL.  

2.2.6.2 Multi -Contrast Phantom 2: Separating Multiple Concentrations of 6 Materials using 

8 PCD Thresholds  

The decompositions shown in Figure 16 reinforce many of the same findings but for 

Multi-Contrast Phantom 2 containing a range of concentrations for each material. Qualitatively, 

the cleanest results come when using GaAs low energy thresholds and CdTe high energy 

thresholds (i.e., the GaAs-CdTe image). The confusion matrices for the lowest concentration 

(0.625 mg/ml) vials are shown in Figure 17. These decompositions and confusion matrices also 

indicate that there is an improvement in low concentration detectability for the GaAs-CdTe 

combination. The lowest concentration I vial (0.625 mg/mL) becomes much more visible in the 
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GaAs-CdTe combination. This is quantitatively confirmed by the histograms and CNR values 

presented in Figure 18. There is a clear decrease in standard deviation and an increase in CNR for 

all iodine concentrations when using the GaAs-CdTe combination. Decompositions which used 

the high energy GaAs thresholds struggle greatly with accuracy as is confirmed by the skewed 

placement of many of the histograms in Figure 18. Table 2 shows the decomposition percent error 

relative to the expected concentration of each vial. The lowest average error for all contrast agents 

except for Ta came from the GaAs-CdTe combination. 

 

 

Figure 16: Decompositions of Multi-Contrast Phantom 2 for each combination of detector 

thresholds.  The different materials are color-coded and combined into a composite image 

corresponding to the labels on the left. The combinations are described above each 

decomposition based on the detectors used for the low energy and high energy scans (LOW-

HIGH). H 2O is windowed from 0-5 g/mL. Ca is windowed from 0-60 mg/mL. All other 

materials are windowed from 0-10 mg/mL. 

I(0.625-5)

H2O

Ta(0.625-5)

Bi(0.625-5)

Ca(10,15,40)

Gd(0.625-5)

CdTe-CdTe GaAs-GaAs CdTe-GaAs GaAs-CdTe
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Figure 17: Visualization of detector vial contamination for the lowest concentration vials for 

each elemental solution in Multi-Contrast Phantom 2.  H2O is windowed from 0-5 g/mL. Ca 

is windowed from 0-20 mg/mL. All other materials are windowed from 0-2 mg/mL. 
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Figure 18: Multi -Contrast Phantom 2 quantitative decomposition performance summary.  

(A) Histograms of voxel values for each of the contrast vials (I, Gd, Ta, Bi) for each detector 

combination. The green arrows point out examples of well-placed and well-shaped 

distributions. The red arrows point out some peaks which are significantly skewed. (B) 

CNR values for each of the contrast vials for each detector combination. Each CNR plot has 

a horizontal dashed line at 5 corresponding to the threshold of the Rose criterion ( CNR>5). 

The green arrows highlight the significant difference in CNR for the I vials between the 

CdTe-CdTe combination and the GaAs-CdTe combination. 

 

Table 2: Absolute percent error in average concentration for each concentration of each 

contrast agent in Multi-Contrast Phantom 2.  The bottom of each contrast agent grouping 

shows the average error for each of the 4 vial concentrations. The bold-faced values indicate 
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the detector combination with the highest accuracy (lowest error) for that row. The row of 

average errors is color-coded to emphasize relative values like Table 1. 

 Vial Concentration Error (% Error)  

 Vial (mg/mL) CdTe-CdTe GaAs-GaAs CdTe-GaAs GaAs-CdTe 
  
  
 I
 

5 16.40 14.20 20.80 11.20 

2.5 16.80 48.40 66.80 2.80 

1.25 49.60 100.00 100.00 15.20 

0.625 82.40 100.00 100.00 2.40 

 

(Average) 41.30 65.65 71.90 7.90 

 
 

    

  
  
  
 G

d 

5 7.23 4.90 9.27 7.88 

2.5 4.68 4.37 9.06 8.49 

1.25 7.86 87.30 90.86 0.83 

0.625 12.27 98.42 97.68 3.38 

 

(Average) 8.01 48.75 51.72 5.14 

 
     

  
  
  
 T

a 

5 16.30 7.54 4.63 18.16 

2.5 38.04 17.95 59.42 35.78 

1.25 17.43 30.10 144.54 26.33 

0.625 79.86 30.66 272.51 95.58 

 

(Average) 37.91 21.56 120.27 43.96 

 
     

  
  
  
 B

i 

5 10.41 10.26 6.91 6.86 

2.5 16.62 22.70 4.16 18.67 

1.25 23.51 67.13 29.64 19.75 

0.625 1.71 72.70 13.44 1.95 

 (Average) 13.06 43.20 13.54 11.81 

 

2.2.6.3 Multi -Contrast Phantom 2: Separating Multiple Concentrations of a Selection of 3 

Materials using 4 PCD Thresholds 

Figure 19 highlights the key results when separating only 3 materials (I, Ca, and H2O) 

using 4 low-energy thresholds. From a qualitative perspective, the GaAs-based decomposition 

shows significantly less cross contamination of iodine in the calcium vials as highlighted by the 

yellow arrows. Furthermore, the GaAs-based decomposition provides clearer and more 

homogenous vials with less material noise spread around the 3D-printed phantom body and the 



 

55 

surrounding vials. This reduction in noise is confirmed quantitatively by the reduction in the 

standard deviation of the vial measurements shown in the histograms. The placement of the 

histograms also confirms that GaAs is slightly more accurate in terms of predicted I 

concentration. Furthermore, the CNR values measured in the I maps show that the vial with the 

2.5 mg/mL concentration is detectable for the GaAs detector but not for the CdTe detector (Rose 

criterion, CNR > 5) (Rose 1948). These results confirm the superiority of the GaAs detector for I 

imaging. 

 

Figure 19: Results of 3-material decompositions of Multi-Contrast Phantom 2 using 4 PCD 

thresholds (25, 28, 34, 40 keV) for each of the two detectors.  The I (red) map is shown in 

isolation on the far left to highlight iodine cross-contamination. This contamination is 

especially apparent in the highest concentration Ca vial (yellow arrows). The second column 

contains a composite image with I, Ca, and H2O. In the composite image, we have visually 

highlighted the vials that contain I, Ca, or H2O. The upper corners of the upper row of 

images show the windowing for each material. Values for I and Ca are in mg/mL. Water 

values are in g/mL. In the far-right column we present histograms of the measurements 

within vials of different I concentration ranging from 5 mg/mL down to 0 mg/mL (water 

vial). These histograms were used to determine the contrast-to-noise ratio for the two 

decompositions. These CNR values are presented in the lower right plot. 
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2.2.6.5 Spatial Resolution Phantom 

Used separately, there was a minimal difference in spatial resolution between the two 

detectors (GaAs: 3.51 lp/mm, 0.1 MTF; CdTe: 3.47 lp/mm, 0.1 MTF). Hybrid reconstruction led 

to a small decrease in spatial resolution, likely due to imperfect registration (Hybrid: 3.29 lp/mm, 

0.1 MTF). Thus, combining data from the two PCDs in a single hybrid reconstruction had a 

limited impact on spatial resolution.  

2.2.7 Mouse Demonstration Results  

The decomposition results for our prepared biological specimen are shown in Figure 20. 

In all cases, the contrast agents (I and Bi) are clearly visible without excessive noise obscuring 

the circulatory or digestive systems. The calibration vials in the axial slices confirm the 

separation between the two contrast agents. Many of the patterns identified in the phantom 

experiments are reinforced here. For example, within the decompositions using the high keV 

GaAs thresholds, there are significant spectral artifacts and false Ta and Gd signal. Many of these 

defects are highlighted using the white arrows in the figure. Once again, the cleanest results come 

from the GaAs-CdTe combination.  

 

Figure 20: Mouse decomposition results for each of the detector combinations. As described 

in other figures, the description above each column (LOW-HIGH) indicates the low and 

CdTe-CdTe GaAs-GaAs CdTe-GaAs GaAs-CdTe

I

H2O

Ta

Bi

Ca

Gd
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high energy threshold combination used for that hybrid reconstruction and decomposition. 

The upper row in this figure shows a coronal maximum intensity projection (MIP) of the I-

Ca-Ta-Bi-Gd-H2O decompositions. The lower row shows a single axial slice. White arrows 

indicate key points of concern within the images relating to improper material 

identification. 

2.2.8 Discussion and Conclusions 

In this work, we compared the performance of PC micro-CT imaging when using two 

types of PCDs. We have confirmed the practical implications of the quantum efficiency 

differences between CdTe and GaAs-based PCDs. When using the same dose and scan 

parameters, GaAs shows increased low energy (<50 keV) spectral sensitivity and specificity 

compared to CdTe. However, GaAs performance at high energies suffers from spectral artifacts 

and has comparatively low photon counts indicating wasted radiation dose.  

We have shown that the GaAs-based PCD improves spectral sensitivity to I compared 

with the CdTe-based PCD (2 mg/ml for GaAs vs. ~4 mg/ml for CdTe corresponding to CNR>=5; 

(see Figure 19). We have also demonstrated the ability of PCDs to separate a wide range of K-

edge materials both within custom vial phantoms and a biological specimen. Moreover, our 

results confirm that a hybrid combination of CdTe and GaAs in the same system significantly 

improves spectral performance with minimal impact on spatial resolution. In fact, the GaAs-CdTe 

combination provided the best image quality and spectral performance. Thus, a dual-source, dual-

detector preclinical PCCT system, if built with both a CdTe and a GaAs-based detector, will 

provide high sensitivity in separating multi-element contrast agents ranging from lower Z (e.g., I) 

to higher Z (e.g., Bi or Au) materials from intrinsic tissues. With such a PCCT system, 

nanoparticles (NPs) based on different K-edge materials can be administered and differentiated 

simultaneously to highlight targets of interest. NPs will ultimately extend the frontier of CT 

beyond conventional anatomical imaging and towards functional and molecular imaging. We 

have previously performed a theranostics study using I and Au based NPs that should benefit 

from such a combination (Ashton et al. 2018). 
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In conclusion, our preclinical results reinforce the clinical promise of GaAs-based 

detectors for contrast-enhanced breast imaging due to superior sensitivity to the K-edge of I vs. 

CdTe. Furthermore, more accurate PC micro-CT using a GaAs PCD alone or in combination with 

a CdTe PCD could serve for developing nanoparticles that show promise in the developing field 

of theranostics (therapy and diagnostics). 

2.3 EID-based Turn-Table Micro-CT Scanner for High-Resolution 

Dynamic Perfusion Imaging 

Perfusion studies using computed tomography (CT) have revolutionized clinical 

diagnostics by adding functional information, particularly in assessing cerebral and myocardial 

perfusion. This underscores the evolution and significance of clinical CT in studying dynamic 

phenomena such as blood flow (Miles and Griffiths 2003).  CT perfusion can be translated into 

preclinical studies to understand genetic models and improve drug safety evaluation. Contrast-

enhanced micro-CT (CECT) using slow infusion and a slow scanning protocol has been used for 

diagnosing brain ischemia and stroke in rodent models and has provided valuable insights into the 

capabilities of micro-CT in detecting fine details of brain lesions and stroke areas, thus 

facilitating sequential monitoring of pathological changes over time (Hayasaka et al. 2012). 

However, there are still challenges associated with imaging blood flow or perfusion in 

small animals (Clark and Badea 2014).  Preclinical micro-CT systems often have slow rotation 

speeds (tens of seconds to minutes), which, combined with the high heart rate of rodents (up to 

600 beats per minute, approximately 10 times higher than in humans), complicates imaging. The 

high heart rate leads to rapid clearance of low molecular weight, clinically approved contrast 

agents via the kidneys, thereby shortening the time window for acquiring sufficient projection 

data. This makes it difficult to reconstruct, for example, the dynamics of cardiac motion or 

perfusion accurately. 
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 In response to these challenges, we have proposed using multiple contrast injections 

combined with dual-source micro-CT sampling and appropriate angular offsets (Badea et al. 

2010). Additionally, we have developed methods to address angular under-sampling artifacts in 

both cardiac micro-CT and perfusion imaging through retrospective gating. Our solutions include 

iterative reconstruction with total variation regularization (Song et al. 2007), point spread 

function deconvolution (Badea et al. 2011), and rank-sparsity constrained spectro-temporal 

reconstruction (Clark et al. 2015).   

Other groups have also demonstrated the potential of low-dose scan protocols using 

multiple injections and dynamic phase-correlated micro-CT in free-breathing small animals to 

image cardiac perfusion (Sawall et al. 2012).The acquisition was synchronized with the animal's 

respiratory and cardiac motion, enabling detailed in vivo imaging of cardiac perfusion and 

associated processes. 

Further compressed sensing algorithms, such as PICCS (Chen et al. 2008), PRISM (Gao 

et al. 2011), and SMART-RECON (Chen and Li 2015), have been proposed to address similar 

dynamic CT imaging challenges. Additionally, deep learning-based methods have shown the 

potential to significantly reduce the theoretical limit of angular samples required for 

reconstruction by utilizing prior information (Shen et al. 2019). 

Building on these foundations, this work introduces a novel, custom-built, in-house turn-

table micro-CT system, enhanced by advanced algorithms to overcome the unique challenges of 

dynamic micro-CT imaging. Our micro-CT system features fast rotation times (i.e. 3.125 seconds 

per rotation) and supports both circular and helical scanning, meeting the need for rapid data 

acquisition in dynamic physiological studies. The integration of a contrast injector for dynamic 

perfusion imaging further enhances its utility. By employing sophisticated iterative reconstruction 

techniques, this system effectively handles data typical of dynamic micro-CT imaging, resulting 

in more precise and detailed imaging of small animal anatomy and physiology at reduced 
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radiation doses. We validated the dynamic capabilities of our system using a custom 3D bio-

printed phantom with a tissue-mimetic vessel structure and demonstrated its performance in in 

vivo perfusion imaging experiments in mice. 

2.3.1 System Design Overview 

 The system is designed with the source and detector mounted on a large aluminum round 

table that rotates around a small platform for the scan subject. This platform can be translated up 

and down for helical scanning.  A small-bore slip ring facilitates data and power transmission to 

components on the rotating table, enabling unlimited continuous rotation. The table's rotation is 

driven by a large stepper motor equipped with a planetary gearbox, which moves a belt 

interfacing with a geared slew ring attached to the table. The combined gear reduction and torque 

increase, resulting from the planetary gearbox and belt, is 92.3:1. The torque requirements were 

calculated to allow the table to spin at a speed of 3.0 seconds per rotation, with a safety factor of 

2. The source and detector placement can be manually adjusted to achieve the desired 

magnification, and a counterweight balances the table whenever magnification adjustments are 

made. Based on hardware range of motion, the maximum and minimum geometric magnifications 

are 5.5 and 1.4 respectively. Table 3 provides the technical details of the various components of 

our micro-CT system. Figure 21 shows a view of the 3D CAD model and a photograph of the 

finalized machine. 

Table 3: System components.  We have included some relevant technical details of each 

system component. The row numbers correspond to the labels in Fig. 1.  

 Component Technical Details 

1 X-ray Detector Model: Teledyne DALSA Shad-o-Box 3K HS 

Scintillator: Gd2O2S 

Pixel Size: 49.5 µm (99 µm with 2x2 binning) 

Active Area: 11.4 x 6.4 cm 

Max frame rate: 30 fps (Up to 60 fps when limiting the field of 

view) 

2 X-ray Source Model: Thermo Scientific PXS10-WB 

Operating Voltage: 45-130 kV 

Anode Material: Tungsten 

Focal Spot Size: 7 µm 
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3 Rotational 

Hardware 

Estimated Max Speed:  130 deg/s 

Angular Range of Motion: Unlimited 

4 Translational 

Hardware 

Estimated Max Speed: 50 mm/s 

Vertical Range of Motion: 22 cm 

5 Slip Ring Through wires: 24 

Contact type: Gold brushes 

6 Filter Wheel Filters: 0.1 mm Cu, 0.1 mm Al, and 1 mm Pb (used as shutter) 

7 Contrast Injector Model: Chemyx Nexus 3000 Syringe Pump 

Min. Flow Rate: 1.6 pL/min 

Max. Flow Rate: 150 mL/min 

Max. Volume: 140 mL 

 

 

 

Figure 21: CAD model (left) and photograph (right) of the micro-CT system.  The bubble 

labels correspond to the rows of Table 3. We note that the object-to-be-scanned is placed on 

the platform above the slip ring (bubble 5). We also note that the CAD model is shown with 

the translating platform in the highest possible position. The platform can translate down 

approximately 22 cm from the position shown. The black and silver box in the photograph 

to the rear of the detector (bubble 1) is a counterweight for balance. 

2.3.2 Image Acquisition Settings 

For the scans acquired in this work, the source and detector were positioned 307.5 mm 

apart, achieving a geometric magnification of 1.95 at the systemôs isocenter. We acquired 2500 

projections over 20 rotations (7200 degrees) at a speed of 3.1 seconds per rotation. To achieve 

this sampling rate (40 fps), the detector was used in a binning mode in which the resolution is 

digitally reduced by a factor of 2, resulting in a detector pixel size of 99 µm and a corresponding 
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voxel size at isocenter of 51 µm in the reconstructed volumes. We chose to reconstruct65 µm 

isotropic voxels to balance spatial resolution against high levels of image noise. The system 

geometry for CT reconstruction was determined using a phantom with multiple steel beads as 

described in other work (Allphin et al. 2023a; Johnston et al. 2008; Yang et al. 2006). 

The X-ray tube was set to a tube voltage of 80 kVp and a tube current of 350 µA. The 

beam was filtered with a 0.1 mm Cu filter. The radiation dose, as measured by a radiation 

dosimeter, for a single acquisition was 77 mGy. Although the system supports helical scans, all 

dynamic scans in this study were performed using a circular trajectory to ensure the same 

coverage of the field of view (FOV) at each perfusion timepoint.  

For all perfusion scans with a contrast injection, we injected a single 0.15 mL bolus of 

iodinated contrast (ISOVUE-370, Bracco Diagnostic Inc.) at a rate of 4 mL/min. The injection 

was started after a delay of 3 seconds measured from the start of the scan. 

2.3.3 Image Reconstruction 

Building on our own previous work (Clark et al. 2022; Clark and Badea 2023),  we 

reconstructed 20 volumes corresponding to the same number of timepoints for each scan. The 

iterative reconstruction process aims to minimize reconstruction error relative to log-transformed 

projection data under an L2 norm penalty, as summarized in Eq. 2.5.  
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In this equation, ὢ represents the reconstructed data generalized to include any number of 

timepoints t. Ὑ is the full system projection matrix and ὗ represents the weight-selection matrix 

that isolates the projections corresponding to each timepoint. For this work, these weights were 

defined as 20 non-overlapping rectangular windows selecting 125 projections, each 

corresponding to a single rotation. The Reg() function in Eq. 2.5 generically represents any 

number of multi-dimensional regularizers that may be included within the iterative reconstruction 
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to improve performance. In this study, we employed single volume bilateral filtering and 

temporal regularization using patch-based singular value thresholding (pSVT) (Kim et al. 2015) 

which penalizes redundancy across the time dimension within local image patches.  

2.3.4 Static Performance Evaluation 

Baseline studies were performed to quantify conventional image quality measures such as 

spatial uniformity, spatial resolution, CT number linearity, noise, and cone-beam artifacts. This 

assessment was performed on the first timepoint from a 20-timepoint reconstruction. The 

phantoms are part of a commercially available Micro-CT Phantom Kit 

(www.pureimagingphantoms.com). The kitôs water phantom was used for HU calibration and for 

the assessment of uniformity and noise including the calculation of the noise power spectrum 

(NPS). The calcium hydroxyapatite (HA) phantom for bone density calibration was used to verify 

CT number linearity. The bone-density inserts range in density from 0 to 800 mg HA/cm3. The 

highest density HA insert was also used to estimate the modulation transfer function (MTF). This 

was done by averaging multiple radial lines along the circumference of the cylindrical insert to 

estimate the edge spread function (ESF); this was then used to calculate the line spread function 

(LSF) and the subsequent MTF (Barca et al. 2018). Finally, the multi-layer ñDefriseò phantom 

was used to assess the severity of cone-beam artifacts. 

2.3.5 Dynamic Performance Evaluation 

To evaluate and calibrate the dynamic capabilities of our system, we performed a 

controlled flow experiment with a 3D bio-printed phantom allowing intraluminal flow. The 

phantom consisted of a 3D biological, gelatin methacrylate (GelMA) hydrogel-based construct 

with embedded Gd2O3 nanoparticles surrounding a central vascular channel. The methods and 

workflow used for the synthesis of GelMA bioink and biofabrication of the phantom are 

described in previous work  (Gil et al. 2023; Tomov et al. 2019; Tomov et al. 2021). The design 

illustration, a photograph, and a micro-CT image of this phantom are presented in Figure 22. The 



 

64 

phantom was connected to a peristaltic pump running with a constant flow of water simulating 

baseline blood flow. We used the acquisition and injection settings previously described. We 

scanned the phantom multiple times varying the water flow rate controlled by the peristaltic 

pump. This was done to simulate a range of biologically relevant flow rates for perfusion 

analysis. We varied this flow rate in 6 equal increments ranging from 1.5 mL/min to 9 mL/min. In 

each case, the injection volume and injection rate of the contrast agent (Isovue-370) were held 

constant at 0.15 mL and 4 mL/min respectively.  

Post reconstruction, we modeled the fluid flow using the gamma variate function as 

described by Eq. 2.6 and 2.7 (Madsen 1992): 
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For each voxel across the 20 timepoints, we fit a gamma variate curve. Prior to curve 

fitting, we filter the image by assigning each pixel value the mean value of its 3-by-3 

neighborhood of pixels to reduce noise. This was deemed satisfactory to improve our spatial 

perfusion maps without significantly compromising spatial resolution.  We began the curve fitting 

process by assuming that the intensity value at t = 0 was entirely unenhanced. This assumption 

may not always hold, especially in regions where multiple body areas are scanned sequentially 

and multiple contrast injections are administered without waiting for complete clearance, such as 

within the renal medullas. However, it is generally valid for our purposes. We subtracted the first 

timepoint from all timepoints to shift the starting intensity for all gamma variate curves to zero. 

The intensity-shifted values were then normalized from 0 to 1 to help standardize the fitting 

process. A gamma variate curve was then fitted using a least-squares penalty. After fitting, the 

intensity range of the curve was returned to that of the intensity-shifted values.  

 We calculated the time-to-peak (TTP) by subtracting the initial time (t0) from the peak 

time (tmax). The mean transit time (MTT) was calculated as the full width at half maximum 
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(FWHM) of the gamma variate curve. The blood flow index (BFI) was calculated by using an 

approximation of the maximum slope method (Konstas et al. 2009) as summarized by Eq. 2.8 and 

Eq. 2.9.  
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In this formulation, we first approximated the maximum slope by dividing the peak value 

of the gamma variate curve by the TTP. The BFI was then calculated by dividing this slope by the 

peak value nearest the injection site (approximating the maximum contrast input value (ὅ )). 

We chose this method of perfusion calculation primarily due to its interpretability in terms of 

evaluating the goodness of fit of the gamma variate curves and in terms of visualizing the degree 

of temporal smoothing. Many other methods would likely reduce the effects of temporal 

smoothing caused by our limited temporal resolution. These methods include temporal 

interpolation techniques (Montes and Lauritsch 2007), dedicated time curve recovery techniques 

(Tang et al. 2013), dynamic reconstruction approaches (Bannasch et al. 2018; Manhart et al. 

2013), and deconvolution-based perfusion quantification (Fieselmann et al. 2011). 

We used the known pump speeds from our six different flow scenarios to evaluate the 

relative accuracy and linearity of our measurements. This approach allowed us to assess the 

effectiveness of our methodology in quantifying dynamic perfusion processes. 
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Figure 22: Perfusion phantom design.  A) The digital CAD model with diameter 

specifications. B) A photograph of the phantom filled with red-dyed phosphate-buffered 

saline (PBS) solution. C) A micro-CT scan of the phantom filled with iodinated contrast. 

The color bar shows the image windowing in Hounsfield units (HU). 

2.3.6 In Vivo Application  

Following the phantom experiments, we performed in vivo imaging experiments using 

two mice with different Apolipoprotein E (APOE) genotypes. APOE is a key protein involved in 

the metabolism of lipids in the body. The roles of the three major human APOE alleles, 

specifically APOE2, APOE3, APOE4 are of particular interest due to their distinct association 

with cardiovascular disease (CVD) and Alzheimerôs disease (AD) (Mahley 2016).  All animal 

imaging procedures were approved by the Duke Institutional Animal Care and Use Committee 

(IACUC). The first mouse was homozygous for the APOE3 allele while the second mouse was 

homozygous for the APOE4 allele. APOE4 is known to be a genetic risk factor for both AD and 

CVD. We have previously used photon counting CT to image and analyze the cardiac anatomical 

and functional differences between different APOE genotypes (Allphin et al. 2023c).  

We performed serial imaging of the brain, chest, and kidneys using the same acquisition 

settings as previously described. In this work, mouse motion was minimized by anesthetizing the 

mice during scanning using 2ï3% isoflurane delivered by nosecone in a custom animal cradle. A 

tail-vein catheter was used to administer contrast injections. The catheter was securely attached to 

the mouse and support cradle using medical adhesive tape. We used the same injection settings as 
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the phantom scan (i.e., 0.15 mL at a rate of 4 mL/min). The gamma variate-based analysis, 

previously applied to the phantoms, was used to quantify blood flow in these anatomic regions. 

This approach was intended to showcase the system's ability to potentially identify and quantify 

perfusion differences between the two genotypes. 

2.3.7. Results 

2.3.7.1 Static System Performance 

The results of our image quality assessment are presented in Figure 23. The CT number 

linearity (R2 = 0.9985), water uniformity, and noise properties were within acceptable ranges. 

Using the 10% MTF value (3.84 cycles/mm) as a measure of spatial resolution, the approximate 

spatial resolution was 130 microns. The discrepancy between the geometric resolution and 

calculated resolution can likely be attributed to a combination of motion blur and small 

imperfections in hardware motion (e.g., vibration). As expected, the circular scanning geometry 

yielded cone-beam artifacts along the vertical axis (part E of Figure 23). While we report the 

MTF and NPS as image quality metrics for completeness, we acknowledge their limitations in 

describing non-linear iterative reconstruction results (Greffier et al. 2020). They serve as helpful 

indicators of image quality but are not fully descriptive. 

Figure 24 highlights the impact of iterative reconstruction compared to standard 

weighted, filtered (ramp filter) backprojection (Karl et al. 2004) on noise performance. We show 

both temporal averages and single timepoint reconstructions. Iterative reconstruction significantly 

reduced the noise in the ROI, lowering the standard deviation from 716 HU to 136 HU in the 

temporal reconstructions. Thus, iterative reconstruction techniques or other robust denoising 

strategies are crucial for this application.  We note that high noise levels are expected even after 

iterative reconstruction given the high pitch of angular sampling (125 projections / rotation) and 

efforts to maintain low radiation levels (77 mGy) for serial scanning.  
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Figure 23: Standard quality assessment using commercial QA phantoms.  A) Axial view of 

the water phantom alongside a line profile illustrating uniformity. B) Axial view of the high 

contrast HA phantom alongside a plot of measurements illustrating CT number linearity. 
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C) Plot of the radial lines used to construct the ESF alongside the MTF estimation. We have 

included in the ESF plot a small image showing how these profiles were sampled. D)NPS 

derived from the water phantom. The left image shows a 2D slice of the NPS while the right 

plot shows the average of 8 radial lines extending from the center of the NPS. E) Sagittal 

view of the Defrise phantom illustrating the presence of cone-beam artifacts. All CT images 

are displayed in grayscale with associated color bars in HU. 

 

Figure 24: Effect of iterative reconstruction on image noise levels.  The left column contains 

weighted filtered back projection (FBP) reconstructions, and the right column contains 

iterative reconstructions. We have included the time-average images as a reference to 

illustrate the increase in noise that comes with temporal under sampling. These images are 

windowed according to the color bar in HU. 

2.3.7.2 Dynamic System Performance 

Figure 25 displays the results of temporal reconstruction for the perfusion phantom (the 

bioprinted vascular hydrogel construct). Noise levels and temporal resolution are adequate for 

accurately fitting gamma variate curves presented at the bottom of Figure 25. Most importantly, 

we can see a decrease in the FWHM of these curves as a function of increasing flow rate just as 

expected. 
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 In Figure 26, we present the results of quantitative perfusion analysis, including spatial 

maps of time-to-peak (TTP), mean transit time (MTT), and blood flow index (BFI). As 

anticipated, TTP and MTT decrease while BFI increases as the flow rate rises. We fitted a line to 

the BFI measurements to evaluate the linearity of the BFI calculations. The R2 value for this fitted 

line was 0.906 indicating a good fit for the range of flows observed in this phantom. We note the 

small irregularity within the left phantom branch at the lowest flow speed (1.5 mL/min). This is 

simply because the contrast did not pass through the parallel branches equally due to small 

changes in pressure between the branches and perhaps due to some minor clogging of the viscous 

contrast agent. 

 

Figure 25: Temporal phantom reconstruction results for each of the 6 flow rates at each of 

20 timepoints.  We show cropped views of the phantoms in the upper portion of this figure 

organized as rows with different colors. These colors match the gamma variate curves in the 

lower plot. These curves were generated by fitting a gamma variate function to mean 

measurements at the phantom inlet. Each curve represents a different circulating flow 

speed. We note the appropriate relative decrease in curve width associated with increasing 

fluid flow. Itôs also worth noting that due to the lower apparent pressure at 1.5 mL/min, 

contrast flowed through one branch of the phantom for the first few timepoints due to a 

slight difference in resistance between the two branches. The color bar in the upper right 

indicates the windowing for the CT images in HU. 
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Figure 26: Quantitative perfusion phantom results.  The upper images show a 2D view of 

three perfusion metric maps: (from top to bottom) time-to-peak, mean transit time, and 

blood flow index. The lower plots show a mean ROI measurement for each image. We have 

also included a line fitted to the blood flow index measurements. This line, with its 

associated R2 value (0.906), serves as a quantitative assessment of the linearity and relative 

accuracy of our blood flow measurements. 

2.3.7.3 In Vivo Perfusion Application 

We show the 20 reconstructed timepoints of the APOE 4 homozygous (APOE44) mouse 

in Figure 27. We have chosen to present these images as maximum intensity projections over 

approximately 30 coronal slices to capture several key anatomical structures. We display the 3 
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body regions (head, chest, and kidneys) joined together in columns, but these images were each 

captured as separate, serial scans. 

 

Figure 27: Temporal reconstruction results for the APOE44 mouse.  The left images are 

maximum intensity projections intended to capture some key vessels and structures in the 

brain, lungs, and kidneys (from top to bottom). The upper left image within each montage is 

the first reconstructed CT timepoint. All subsequent images show the other timepoints 
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minus the first timepoint (e.g., 20 ï 1 for the last image). The injection occurred just before 

the second timepoint at t=3s. The 3 body regions were acquired as 3 separate, serial scans. 

Each timepoint represents a period of 3.125 seconds. The color bar in the upper right of 

each image group indicates the windowing of the images in HU. To the right of the image 

montages, we show gamma variate curves fit to ROI mean values for the 20 timepoints. We 

include the R2 value for each fit. 

Figure 28 shows the quantitative results of the perfusion analysis. We used our pixelwise, 

gamma variate-fitting approach to generate spatial maps of perfusion metrics for TTP, MTT and 

BFI. The spatial resolution was adequate for the visualization of most relevant anatomical 

features including several vessels within the brain.  Notably, the Circle of Willis is prominently 

visible in the perfusion maps, as well as the inferior vena cava and renal cortex. While there are 

clear differences in the blood flow characteristics of the two mice scanned, this experiment is too 

limited to draw definitive conclusions or make comparative claims. It is also important to note 

that the perfusion metrics provided are relative rather than absolute, based on the assumptions 

underlying our calculations (Konstas et al. 2009). 
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Figure 28: Quantitative in vivo perfusion results.  The upper images show spatial perfusion 

mapsðTTP, MTT, and BFIðfor 3 body regions. The left and right images within each pair 

correspond to the 2 mice in our study. The left mouse (ñMouse 1ò) is homozygous for 

APOE3 while the right mouse (ñMouse 2ò) is homozygous for APOE4. These spatial maps 

are overlaid on the 11th-timepoint CT images to provide anatomical context. The plots in the 

bottom portion of the figure show measurements of the 3 spatial perfusion maps in various 

anatomical regions. 

2.3.8 Discussion 

The results presented in this study highlight the efficacy of our custom-built turn-table 

micro-CT system   for both static and dynamic imaging with high temporal resolution of ~ 3 

seconds per timepoint.  Indeed, a recent review lists the fastest rotation for commercially 

available micro-CT systems to be 3.9 sec (Clark and Badea 2021). However, we are not aware of 

perfusion studies using those systems. The static performance assessments shown in Figure 23 

confirm that our system meets standard quality assurance metrics, demonstrating acceptable CT 

number linearity, water uniformity, and relatively high spatial resolution. The spatial resolution, 

evaluated using the modulation transfer function (MTF), was approximately 130 microns, which 

is adequate for visualizing small anatomical features such as cerebral vasculature, as shown in 

Figure 27 and Figure 28. Despite some cone-beam artifacts observed due to the non-helical 

scanning protocol, the system's overall performance in terms of CT number linearity and 

uniformity were within acceptable ranges. The noise was greatly reduced using our regularized 

iterative reconstruction, but even lower levels of noise may be needed. The dose levels of 77 mGy 

are low and represent between 64 and 90 times lower than LD50/30 in mice (Williams et al. 

2010). Thus, repeated imaging for longitudinal studies is possible. These findings validate the 

system's capacity for producing high-quality static images, which are critical for detailed 

anatomical studies. 

The dynamic capabilities of our system were validated through controlled experiments 

using a custom 3D bioprinted vascular hydrogel phantom. Using various flow rates, we 

demonstrated that the system can accurately model and quantify perfusion metrics, such as time-
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to-peak (TTP), mean transit time (MTT), and blood flow index (BFI) within the 3D vascular 

channels. The linearity observed in BFI measurements shown in Figure 26, with an R2 value of 

0.906, confirms the system's reliability in quantitative perfusion analysis. These findings are 

significant as they lay the groundwork for applying this technology to in vivo studies, potentially 

leading to advancements in understanding physiological and pathological processes. 

 Our preliminary in vivo experiments provided valuable insights into the system's 

capabilities for perfusion imaging in small animal models. The differences observed in the 

perfusion characteristics between the two mouse genotypes suggest that our system can detect 

and quantify physiological variations related to genetic factors, such as those associated with the 

APOE alleles. The ability to generate detailed perfusion maps in vivo is a crucial step toward non-

invasive longitudinal studies that can track disease progression and response to treatments over 

time. 

Despite the promising results, several challenges and limitations must be addressed. The 

high heart rate of rodents and the rapid clearance of contrast agents may require even higher 

temporal resolution and precise synchronization with cardiac and respiratory cycles in future 

myocardial perfusion studies.  The temporal resolution is still relatively limited, making it 

difficult to capture perfusion rates above 7.5ï9 mL/min without aliasing.  Quantitative errors may 

arise from a combination of limited temporal resolution, noise, and inconsistencies in contrast 

agent viscosity, which can fluctuate, especially with temperature changes. We suspect in our 

work that there may have been highly viscous contrast stuck below the diaphragm contributing to 

some curves not fully resembling gamma variate functions. In the future, this issue may be 

minimized by using alternate injection techniques such as injecting into the retroorbital sinus 

(Socher et al. 2014). A possible solution to increase our temporal resolution with the current 

hardware is to reconstruct each timepoint with subsets of projections corresponding to 180 

degrees + fan angle.  However, this will increase the number of timepoints and the noise 
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requiring even better algorithms for reconstruction or denoising. As mentioned previously, we 

could also use other approaches to calculate perfusion metrics that inherently reduce the impact of 

temporal smoothing (Bannasch et al. 2018; Fieselmann et al. 2011; Manhart et al. 2013; Montes 

and Lauritsch 2007; Tang et al. 2013). Another limitation of this work is that the small sample 

size in our in vivo experiments limits the statistical power and generalizability of our findings. 

Larger studies are needed to validate the observed trends and to explore the system's full potential 

in various experimental conditions. 

The results of this study open several avenues for future research and applications. Our 

system's ability to perform detailed perfusion analysis in small animals suggests its potential for 

preclinical studies in CVD, cancer, and neurological diseases. Future work could focus on 

optimizing imaging protocols and incorporating deep learning-based noise reduction techniques 

(Nadkarni et al. 2023) to enhance image quality, reduce noise, and lower radiation dose. 

Additionally, expanding the scope of in vivo studies to include a broader range of genetic models 

and disease conditions could offer deeper insights into the pathophysiology of various disorders 

and improve the evaluation of therapeutic interventions. 

2.3.9 Conclusion 

In conclusion, our turn-table micro-CT system represents a significant advancement in 

preclinical imaging technology, offering both high-resolution static imaging and sophisticated 

dynamic perfusion analysis capabilities. With further development and validation, this system has 

the potential to become a powerful tool for detailed, non-invasive studies of small animal models, 

contributing to the advancement of biomedical research and the development of novel therapies 

for human diseases. 



 

77 

2.4 PCD-Based Turn-Table Micro-CT Scanner for High-Resolution 

Dynamic Perfusion Imaging 

In the clinical domain, computed tomography (CT) perfusion imaging has been 

extensively used to evaluate cerebral and myocardial perfusion, enabling quantitative assessments 

of blood flow dynamics (Miles and Griffiths 2003). Translating these techniques to preclinical 

research could facilitate investigations into disease models, drug pharmacokinetics, and genetic 

contributions to vascular health. Although micro-CT has long been a powerful modality for high-

resolution anatomical imaging in small animals, adapting perfusion imaging to these models 

remains challenging due to their rapid physiological dynamics, high heart rates, limited blood 

volume, and constraints in temporal resolution, contrast agent kinetics, and radiation dose (Badea 

et al. 2011; Clark and Badea 2014). Traditional energy-integrating detector (EID)-based micro-

CT systems have been utilized for perfusion imaging using approaches such as multiple injection 

protocols (Badea et al. 2010; Sawall et al. 2012), but these methods often face limitations in 

temporal resolution, contrast-to-noise ratio (CNR), and radiation dose efficiency. 

Our recent work introduced a turn-table EID-based micro-CT system for dynamic 

perfusion imaging in mice, demonstrating its potential to provide quantitative perfusion metrics 

(Allphin et al. 2024b). This system featured fast rotation times (3.125 seconds per rotation) and 

supported both circular and helical scanning, meeting the need for rapid data acquisition in 

dynamic physiological studies in rodents. The integration of a contrast injector for dynamic 

perfusion imaging further enhanced its utility. By using sophisticated iterative reconstruction 

techniques (Clark and Badea 2023) the system effectively handled data typical of dynamic micro-

CT imaging, resulting in more precise and detailed imaging of small animal anatomy and 

physiology at reduced radiation doses. The dynamic capabilities of this system were validated 

using a custom 3D bioprinted phantom with a tissue-mimetic vessel structure, and its 

performance was demonstrated in in vivo perfusion imaging experiments in mice. 
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Building upon this foundation, the present study introduces a novel enhancement to our 

previous system by incorporating a photon-counting detector (PCD). This new implementation 

retains the advantages of our custom-built turn-table micro-CT system while leveraging the 

spectral imaging capabilities of PCD technology. PCDs, which count and register individual 

photon events within user-defined energy thresholds, enable multi-energy acquisitions at 

acceptable dose, providing material decomposition and enhancing contrast-to-noise ratios in 

perfusion imaging. Amato et al. (Amato et al. 2023) recently described a rotating-gantry PC 

micro-CT system designed for dual-contrast functional imaging using iodine and novel 

nanoparticle-based agents; however, their work did not focus on dynamic perfusion imaging. Our 

upgrade aims to specifically advance the quantification of contrast kinetics and perfusion 

dynamics, further improving small animal imaging capabilities. 

One of the key challenges in dynamic PC micro-CT imaging is multi-channel 

reconstruction, where temporal and energy dimensions must be accurately reconstructed 

preferably in a joint way. We have previously developed methods to address challenges 

associated with low dose  EID-based micro-CT imaging including iterative reconstruction with 

total variation regularization (Song et al. 2007), point spread function deconvolution (Badea et al. 

2011), and low rank and sparsity constrained spectro-temporal reconstruction (Clark et al. 2015).  

The introduction of PC technology allows for simultaneous acquisition of multiple energy 

channels, but this also increases the complexity of the reconstruction problem. Furthermore, noise 

levels can be very high in high energy thresholds due to low photon counts requiring robust 

denoising. Traditional reconstruction methods often struggle with balancing noise suppression 

and maintaining spectral fidelity across multiple timepoints. Deep learning-based approaches 

have emerged as a viable solution, enabling improved noise suppression and artifact reduction in 

multi-channel reconstructions (Nadkarni et al. 2024a). However, challenges remain in training 

robust models that generalize well across different imaging conditions and contrast injection 
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protocols. Addressing these issues is critical to fully exploiting the benefits of multi-energy PC 

micro-CT for dynamic perfusion imaging in mice. 

This study describes and validates a PC micro-CT system tailored for high-resolution, 

dynamic perfusion imaging in small animals. In addition, we utilize convolutional neural network 

(CNN) methods to enhance image quality and generate perfusion maps. We further assess the 

systemôs performance using both synthetic and physical phantoms and finally demonstrate the 

feasibility of in vivo perfusion PC micro-CT imaging in small animals through single contrast 

injections.  

2.4.1 System Overview 

The prototype PC micro-CT scanner developed for this work was designed and fabricated 

by the Quantitative Imaging and Analysis Lab at Duke University. The system, which 

incorporates the same basic frame and gantry as described recently (Allphin et al. 2024b), now 

includes a CdTe-based PCD from Dectris Inc., (Baden, Switzerland). The scanner employs a slip-

ring design with a rotating turn-table that supports both the X-ray source and the detector. As the 

table rotates, the object translates vertically to facilitate helical scans. With a maximum rotation 

speed of 120 degrees per second (equivalent to one full rotation every 3 seconds), the system 

achieves rapid data acquisition for dynamic imaging.  

The system is equipped with a micro-focus X-ray tube (Thermo Scientific PXS10-WB) 

with a focal spot of ~7 µm. The source-to-detector and source-to-object distances are 18.5 cm and 

7.8 cm respectively creating a geometric magnification of 2.37. The PCD has a 150-µm pixel size 

with an active area of 155.25 mm (width) × 38.55 mm (height). The PCD can be configured with 

up to four energy thresholds. Per the manufacturer specifications, the detector requires both active 

cooling and humidity control. A compact, Peltier thermoelectric chiller (SMC Pneumatics, Part 

No. HEF-002-A6N-P) was mounted on the turn-table to the rear of the detector to maintain a 

constant coolant temperature of 25 °C. A relatively small 48-in3 pressurized nitrogen tank was 
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mounted on the gantry to maintain a constant flow of clean air intended to keep humidity levels 

below approximately 40%. This tank requires recharging after 2-3 hours of scanning. The 

detector interfaces with a custom server for data transfer. A wired 10-Gigabit ethernet connection 

is required between the detector and server. Our slip ring had insufficient shielding to maintain 

such a connection; therefore, the entire server was mounted on the rotating table to maintain the 

connection without data corruption.  

The PCD consists of multiple semiconductor tiles. As such, there are dead pixel gaps 

between tiles that require interpolation. To minimize ring artifacts caused by imperfect 

interpolation, we implemented an approach similar to (Allphin et al. 2024a) in which the detector 

is laterally shifted throughout the scan. The dead pixel columns therefore shift relative to the 

object and line integrals blocked by the gaps at one point in the scan will be exposed at another 

point once the detector shifts. Therefore, by shifting the detector laterally, the impact of 

imperfectly interpolated gaps is reduced. 

For dynamic perfusion scans with contrast injections, we used a syringe pump injector 

(Chemyx Nexus 3000). Figure 29 shows the design of the system along with the final 

arrangement of system components. Extra aluminum extrusions, which can be seen in some areas 

of the gantry, were used to balance the system. We emphasize the necessity for weight balancing 

to achieve stable, high-speed rotation. 
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Figure 29: Overview of the PCCT turn -table system design.  The left portion of the figure 

shows a labelled CAD model of the structural components of the system. The right image 

shows the fully assembled prototype with source, detector, and peripherals. The specimen 

or mouse is placed in a 3D printed cradle on the translating platform in the center. The 

isoflurane anesthesia is provided by a flexible gas line supported vertically by a horizontal 

arm above the turntable. 

2.4.2 Image Acquisition  

In this work, all scans were acquired using a circular trajectory with a rotation speed of 

3.125 seconds/rotation. 6250 projections were acquired over 20 rotations at a sampling rate of 10 

ms for a total scan time of 62.5 seconds. The tube voltage was set to 80 kVp with a tube current 

of 300 µA. The PCD thresholds were set to 25, 34, 50, and 60 keV. A copper sheet with a 

thickness of 0.1 mm was used for beam filtration. The radiation dose was estimated using a 

radiation dosimeter (Radcal Corporation, Model 9010). The total estimated radiation dose for one 

of our 62.5 second perfusion scans with 20 timepoints was 370 mGy which represents 17 to 24 

times less than 6.5ï9 Gy known as LD50/30 for mice (Williams et al. 2010) and 20%-75% of the 

dose of other systems that have attempted similar types of dynamic micro-CT imaging (Sawall et 

al. 2020). 

2.4.3 Image Reconstruction 

We used the MCR toolkit (Clark and Badea 2023) for all multidimensional CT 

reconstructions. For each scan, we reconstructed 20 timepoints at the 4 PCD energy thresholds. 

These 3D images were reconstructed with 65-µm isotropic voxels. Images were first 

reconstructed using weighted filtered back-projection (WFBP) with a ramp filter. These WFBP 

images were then denoised using our pretrained UNetU CNN for denoising (Nadkarni et al. 

2023). The UNetU network was trained to approximate iterative reconstruction of multi-energy 

PCD micro-CT data from multi-energy WFBP images. We note that the network only considers 

the energy dimension thus treating each timepoint separately. The network takes U-vectors as 

input, which are preprocessed normalized and high-pass filtered left singular vectors from a noise 

variance weighted singular value decomposition of the WFBP reconstruction along the energy 
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dimension. Although iterative reconstruction is theoretically feasible, it is impractical for our 

dataset. Joint iterative reconstruction of 80 volumes (20 timepoints × 4 energies with 

720×720×200 voxels) exceeds the memory capacity of our computing hardware (four NVIDIA 

Quadro RTX 8000 GPUs) and would require up to 18 hours per scan even with parallel 

processing on all four GPUs. This estimate comes from our previous experience reconstructing 

cardiac PC micro-CT data with 10 timepoints and 4 energies which took approximately 5-9 hours 

depending on the volume size (Allphin et al. 2023c). In this work, WFBP reconstruction and 

CNN denoising took approximately 30 minutes for each scan. 

2.4.4 Material Decomposition 

Following image reconstruction and CNN denoising, we performed an image-domain 

material decomposition based on the approach from Alvarez and Macovski (Alvarez and 

Macovski 1976) using iodine (I), calcium (Ca), and water (H2O) as basis materials: 
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X represents the reconstructed attenuation images at each energy (e); C represents the 

material concentrations; and M is a matrix of material sensitivities that relates the expected 

attenuation for a given material concentration at each energy. M was found empirically by 

scanning vials of known concentrations. C can be solved by matrix inversion: 

ὅ  ὢὓ ςȢρρ 

Within this inversion problem, we enforce a non-negativity constraint on material 

concentrations using orthogonal subspace projection (Clark and Badea 2017b; Lawson and 

Hanson 1995).  

2.4.5 Overall Imaging Performance Evaluation 

To evaluate overall image quality, we used a series of phantoms. First, we used the 

commercial Micro-CT Phantom Kit (www.pureimagingphantoms.com). Within this kit, the water 
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phantom was used to evaluate spatial uniformity and to calculate the noise power spectrum 

(NPS). Spatial uniformity was quantified using percent image uniformity (PIU): 

ὖὍὟ ρππzρ
Ὓ Ὓ
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In this equation, Smax and Smin represent maximum and minimum attenuation values 

within a homogenous region of the image. We used an averaged (across 20 neighboring pixels) 

line profile along the center of the phantom for PIU calculation. 

The high contrast hydroxyapatite (HA) phantom was used to evaluate CT number 

linearity and spatial resolution. To evaluate spatial resolution, we used radial lines around the 

circumference of the highest density cylindrical insert to estimate the edge spread function (ESF). 

We then calculated the line spread function (LSF) and finally the modulation transfer function 

(MTF) (Barca et al. 2018). The Defrise phantom within the kit was used to qualitatively assess 

the severity of cone beam artifacts. 

We also prepared a custom 3D-printed cylindrical phantom containing various vials with 

different concentrations of I and Ca as has been done previously (Allphin et al. 2023b). We used 

this phantom to determine the sensitivity matrix (M) used for material decomposition. In addition, 

we used the highest concentration (10 mg/mL) I vial and a vial of H2O in the phantom to 

calculate the contrast-to-noise ratio (CNR). The CNR was calculated according to the following 

equation: 
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In this formula, ɛ1 and ů1 are the mean and standard deviation measured in the I vial 

while ɛ2 and ů2 are the mean and standard deviation measured in the water vial. To allow for 

comparison, we computed the CNR for each of the CT energy levels and for the decomposed I 

map. 
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2.4.6 Dynamic Performance Evaluation 

Quantitative validation of perfusion imaging is inherently challenging due to biological 

variability, dynamic contrast distribution, and the complexity of vascular structures, making it 

difficult to establish reference values for perfusion parameters in vivo. To evaluate our perfusion 

imaging approach, we developed a custom-built dynamic perfusion phantom that provides a 

controlled and reproducible environment for testing the systemôs performance under known 

conditions.  

The phantom, inspired by clinical CT perfusion phantoms (Driscoll et al. 2011), was 

designed using CAD software (Autodesk Fusion) and fabricated using FDM 3D printing 

technology. It consists of a cylindrical housing with a size comparable to a large mouse (3 cm in 

diameter and 65 cm in length) and an internal perforated coil through which contrast-enhanced 

fluid circulates, simulating the dynamics of blood flow within a vascular network. The design 

allows for adjustable contrast injection rates and flow modulation via external control valves, 

enabling the generation of diverse time-attenuation curves (TACs) that mimic physiological 

conditions. The phantom system integrates several key components to facilitate controlled 

perfusion imaging experiments. The input reservoir supplies contrast medium, which is driven 

through the system using a peristaltic pump to ensure steady, controlled flow. A dedicated 

contrast injection port allows for precise administration of contrast agents, enabling the 

generation of dynamic perfusion curves that simulate physiological conditions. Inside the 

cylindrical housing, a coiled silicone tube with perforations facilitates the exchange of contrast 

medium between the tubing and the surrounding chamber, mimicking diffusion processes 

observed in capillary networks. The main cylindrical housing serves as a secondary compartment 

where contrast diffuses from the perforated coil into the surrounding medium, simulating tissue 

perfusion dynamics. Two adjustable output valves allow fine-tuned regulation of flow rates, 

enabling controlled variation in TAC profiles, while the output reservoir collects the exiting 
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contrast medium for analysis. Finally, the phantom was designed to fit within standard micro-CT 

imaging setups, ensuring compatibility with our high-resolution, multi-energy PC imaging 

protocols. 

The functional schematic (Figure 30) illustrates the flow path from the input reservoir 

through the phantom and into the output reservoir. The CAD section view highlights the internal 

coiled tubing and perforation structure, while the assembly photograph shows the constructed 

phantom. This integrated flow control system allows for the generation of tunable perfusion 

dynamics, making it an ideal tool for validating the quantitative accuracy of PC micro-CT 

perfusion imaging. 

 

Figure 30: Custom perfusion phantom design.  As shown in the functional schematic on the 

left, the phantom takes in a single input and splits that flow between two outputs. Fluid is 

interchanged via an internal coil of perforated silicone tubing. Valves control the relative 

flow between the two outputs. The section view on the right shows the internal geometry. 

The far-right photograph shows the final 3D-printed and assembled phantom complete with 

fittings and an o-ring. 

2.4.7 Deep Learning Perfusion Quantification 

Perfusion quantification relies on modeling the time-dependent contrast agent dynamics 

within tissues. Traditional approaches use gamma variate functions to describe contrast 

enhancement over time, providing key hemodynamic parameters such as mean transit time 

(MTT), blood volume index (BVI), and blood flow index (BFI) (Madsen 1992). The gamma 

variate function provides a parametric representation of the TAC for contrast passage. It can be 

modeled according to the following equation: 
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In this formulation, y represents the TAC; ymax represents the maximum enhancement; t0 

represents the time of contrast arrival at the tissue; tmax represents the time where maximum 

enhancement occurs; and ɻ is a shape parameter that affects the upward and downward slopes of 

the gamma variate curve. These four parameters (ymax, t0, tmax, ɻ) can therefore be used to model 

each sampled TAC. To overcome the limitations of conventional voxel wise curve fitting 

methods, we used a deep learning-based approach for perfusion estimation. The CNN takes 2D 

time-sequence micro-CT images as input and learns to extract perfusion parameters directly from 

dynamic attenuation curves. A simulated dataset was generated to train the CNN model, using 

synthetic gamma variate functions to mimic a wide range of perfusion scenarios. These include 

variations in contrast injection rates, vascular permeability, and flow heterogeneity that were in 

the range of experimental values. By generating synthetic TACs with known ground truth, the 

model learns to map temporal micro-CT imaging data to perfusion parameters robustly. 

The simulated dataset consisted of 2100 (1500 for training, 500 for validation, and 100 

for testing) randomly generated temporal images with 20 timepoints modeled using randomly 

generated values for ymax, t0, tmax, and ɻ. These different TAC were arranged in 2D regions 

defined by randomly generated Voronoi polygons. As illustrated in Figure 31, we added noise 

and artifacts to the images. We first added 1D Gaussian noise to the TACs. After arrangement in 

2D Voronoi polygons, we added additional 2D Gaussian noise. Finally, we added some basic CT 

reconstruction artifacts by performing parallel beam reconstruction with random angular 

sampling. The difference image in the lower left portion of Figure 31, illustrates the extent of 

noise and reconstruction artifacts in the simulated dataset. 



 

87 

 

Figure 31: Overview of simulated dataset generated for perfusion network training.  The 

network input, as shown in the large image montage on the right, is a time series of 20 

images where the image intensity of each Voronoi polygon is modelled by a time-attenuation 

curve (TAC). Example TACs from the training distribution are shown in the upper plot. 

Noise and artifacts were simulated by first adding noise to the TACs (upper plot), then 

adding spatial noise, and then reconstructing the 2D Voronoi polygons. 

The model is based on a  UNet (Falk et al. 2019) as implemented in the MONAI Python 

package (Cardoso et al. 2022). Our network takes in the 2D TAC images with the 20 timepoints 

arranged along the channel dimension. The input images had dimensions of 256x256 pixels. The 

network features in each down sampling level were 32, 32, 64, 128, and 256, respectively. We 

used batch normalization, max pooling, and Leaky ReLU activation with a negative slope of 0.1. 

Up sampling was performed by transpose convolution. The number of output channels from the 

network was 3, corresponding to t0, tmax, and ɻ. Rather than having the network learn to extract 

the peak concentration (ymax), we found that we could obtain higher accuracy by calculating ymax 

analytically outside of the network. Because of this, each input TAC was normalized to have a 

ymax of 1 for network evaluation. This normalization was done by simply dividing the sampled 20 
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timepoints by their maximum value. We used the Adam optimizer with an adaptively decaying 

learning rate starting at 0.001. The learning rate would decrease by 10% if validation loss did not 

improve for 5 consecutive epochs. Training ended if validation loss did not improve for 10 

consecutive epochs. The following custom loss function was used: 
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This loss function represents the weighted sum of mean-squared error (MSE) calculated 

for the gamma variate parameters (G) and MSE calculated for the TAC images (X). The predicted 

TAC images were derived from the modelôs predicted gamma variate parameters. The second 

term was included to penalize large deviations in the image domain preserving not only the 

mathematical gamma parameters but also the full shape of the curve. The terms were chosen such 

that the magnitude of the two loss terms was similar. 

From the predicted curves, we approximated MTT, BVI, and BFI. MTT is conventionally 

defined as the centroid of the TAC but can be approximated as the full width at half maximum of 

the TAC (THOMPSON et al. 1964). With calibration, BVI can be found by taking the area under 

the TAC (Axel 1980). The BVI values we report in this work were not normalized or calibrated 

based on a known arterial input function and therefore represent relative approximations of BVI. 

Using the central volume principle, BFI can be calculated as follows: 
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2.4.8 In Vivo Experiments 

A key biological motivation for this study is the investigation of perfusion differences 

across genetic models of disease, specifically focusing on the Apolipoprotein E (APOE) 

genotype, which is a critical factor in both Alzheimerôs disease (AD) and cardiovascular 

pathology (Chen et al. 2018; Fortea et al. 2024; Soto et al. 2015). The APOE gene has three 

primary isoformsðAPOE2, APOE3, and APOE4ðeach influencing lipid metabolism, vascular 
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function, and susceptibility to disease differently. Notably, the APOE4 genotype is strongly 

linked to an increased risk of AD and cardiovascular dysfunction, making it a crucial model for 

studying perfusion abnormalities. This preliminary study includes perfusion imaging in 3 

APOE33 (i.e., APOE3 homozygous) and 3 APOE44 mice to explore perfusion characteristics 

linked to genotype-specific vascular phenotypes. Such perfusion data helps us understand organ 

aging in APOE genotypes. 

For in vivo imaging, we performed our PC micro-CT perfusion scans on the APOE mice 

with intravenous contrast agent injections via tail vein. Just as with the phantom scans, 0.2 mL of 

Isovue (diluted with 33% water) was delivered as a bolus after the first rotation at an injection 

rate of 5 mL/min. Each mouse underwent dynamic scanning to assess pulmonary perfusion, 

enabling visualization of blood flow in the lung microvasculature. Lung imaging is essential for 

evaluating conditions such as pulmonary hypertension, fibrosis, and vascular remodeling. In one 

mouse, additional scans were conducted prior to lung imaging, capturing kidney and liver 

perfusion. These scans provide critical information about renal filtration and hepatic 

vascularization, essential for assessing systemic circulation and multi-organ interactions in 

disease models. All acquisition settings (e.g., tube voltage, rotation, and number of projections) 

used for these in vivo scans were identical to the phantom scans described previously. 

All animal imaging procedures were approved by the Duke Institutional Animal Care and 

Use Committee (IACUC). 

2.4.9 Imaging Results 

   The single-timepoint, static imaging performance of our PC micro-CT system was 

evaluated using a custom 3D-printed phantom containing vials with varying concentrations of 

iodine and calcium. These phantom images were reconstructed temporally, but the 11th timepoint 

was used for these static image analyses. Figure 32 gives a summary of imaging performance. We 

show axial slices of the phantom with vials containing varying concentrations of I, Ca, and water. 
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We present axial slices from before and after CNN denoising. The CNN drastically reduced 

noise, especially in the high energy thresholds which are noisiest due to lower photon counts. In 

the highest PCD energy threshold, CNN-denoising reduced the noise standard deviation in water 

from ±1206.3 HU to ±86.1 HU. These findings underscore the effectiveness of deep learning in 

reducing noise while maintaining spectral integrity, a crucial factor for quantitative perfusion 

imaging. We also present axial slices from the I-Ca-H2O spectral decomposition which were 

derived from the CNN-denoised images. 

 

Figure 32: Overview of imaging performance.  The top two image rows show the 4 PCD 

energy threshold images (from left to right) from the WFBP reconstructed and CNN-

denoised images. We have included the standard deviation of HU values as measured in the 

central water vial. The bottom row of images shows the decomposed I, Ca, and water maps. 

Table 4 shows the CNR values which were calculated using the 10 mg/mL iodine vial 

and the H2O vial. The highest CNR value of 29.4 came from the decomposed iodine map 

demonstrating the benefits of spectral imaging in enhancing contrast agent visualization. 
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Table 4: Noise standard devations (ů) and contrast-to-noise ratios (CNR) for the WFBP and 

CNN-denoised images as well as for the decomposed I map.  ůI represents the standard 

deviation measured in a 10 mg/mL vial of I. ůH2O represents the standard deviation 

measured in a water vial. 

Image Type ůI ůH2O CNR 

WFBP CT E1 249.3 HU 248.4 HU 2.8 

WFBP CT E2 344.6 HU 353.7 HU 2.0 

WFBP CT E3 644.0 HU 656.9 HU 0.4 

WFBP CT E4 1194.3 HU 1206.3 HU 0.0 

CNN CT E1 39.8 HU 49.4 HU 16.4 

CNN CT E2 41.5 HU 51.3 HU 15.9 

CNN CT E3 39.5 HU 64.4 HU 6.9 

CNN CT E4 39.1 HU 86.1 HU 1.9 

Iodine Map 0.8 mg/mL 0.003 mg/mL 29.4 

 

Figure 33 summarizes the results from the commercial micro-CT evaluation phantoms, 

assessing static system performance metrics including uniformity, noise, spatial resolution, and 

CT number linearity. Figure 33A presents a uniformity phantom scan and the corresponding CT 

number profile along a central line. The water uniformity (88.6% PIU) and noise were within 

acceptable ranges, confirming stable system performance. Figure 33B evaluates CT number 

linearity, showing a strong correlation between material attenuation and contrast concentration 

(RĮ = 0.995), demonstrating the scannerôs accurate attenuation characterization. In Figure 33C we 

show the edge spread function (ESF) and modulation transfer function (MTF) measurements used 

to quantify spatial resolution. Based on the 10% MTF value (3.37 lp/mm), the practical spatial 

resolution at the systemôs isocenter was determined to be approximately 148 microns. This 

resolution aligns with expectations for a high-resolution, high-speed micro-CT system. Figure 

33D presents the systemôs noise power spectrum (NPS), illustrating the spatial frequency 

distribution of noise. The measured noise properties emphasize the impact of limited photon 

counts and high pitch angular sampling (312 projections per rotation), contributing to increased 

noise levels, especially in high-energy threshold images. Finally, in Figure 33E we present cone-

beam artifacts observed in vertically oriented structures, a known limitation of circular scanning 
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geometries. These artifacts arise due to the lack of data coverage from a circular trajectory, 

reinforcing the value of helical scanning to achieve more uniform spatial resolution. Overall, 

these results establish the scannerôs spatial resolution, CT number accuracy, and noise 

characteristics, providing a strong basis for understanding the systemôs perfusion imaging 

performance. 
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Figure 33: Commercial QA phantom kit evaluation.  Panel A shows an axial slice of the 

water phantom (left) with a plotted line profile (right). Panel B shows an axial slice of the 

high contrast HA phantom (left) with a plot describing CT number linearity based on 

known phantom densities. Panel C shows the mean radial profiles used to generate the ESF 
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(left) and the subsequently calculated MTF (right). Panel D shows the 2D NPS (left) along 

with a single NPS line profile (right). Panel E shows the extent of cone beam artifacts. 

2.4.10 Deep Learning Perfusion Network Performance 

Table 5 summarizes the test set performance of the deep learning-based perfusion 

quantification network. We compare the mean absolute error (MAE) for the full time-attenuation 

curve (TAC), each of the three gamma variate parameters (t0, tmax, ɻ), and for the 3 derived 

perfusion maps (MTT, BVI, BFI). For reference, we also report the corresponding errors when 

using a conventional pixelwise least squares fitting approach. The CNN model consistently 

outperforms pixelwise fitting, with lower error across all parameters. The MAE for the full TAC 

is 0.03 ± 0.01 for the CNN compared to 0.15 ± 0.23 for pixelwise fitting, demonstrating 

significantly improved fidelity in TAC reconstruction. The CNN also shows marked 

improvements in estimating gamma variate parameters, particularly for arrival time (t0) and time-

to-peak (tmax) where errors are reduced by approximately 70% and 69%, respectively. Similarly, 

the MTT error is reduced from 27.62 s to 8.98 s, while BFI estimation benefits from a 33% 

reduction in error (0.04 ± 0.04 vs. 0.06 ± 0.08). These results indicate that the CNN provides a 

more robust and accurate estimation of perfusion parameters compared to conventional fitting 

methods, due to its ability to leverage spatial and temporal information across multiple pixels 

rather than relying on independent voxelwise fits. The significant reduction in variance suggests 

that the network is also more stable across different test cases. This improvement is particularly 

important for small animal perfusion imaging, where high noise levels and limited temporal 

resolution can otherwise degrade quantitative accuracy. 

Table 5: Test set performance for perfusion quantification.  Each row corresponds to a 

different spatial map used for absolute error calculation. We show the absolute error for 

the maps generated from the CNN-derived gamma variate parameters and from gamma 

variate parameters obtained from conventional pixelwise curve fitting. 

tŀǊŀƳŜǘŜǊ aŀǇ !ōǎƻƭǳǘŜ 9ǊǊƻǊ όaŜŀƴ ҕ {ǘŘΦ 5ŜǾƛŀǝƻƴύ 

/bb tƛȄŜƭǿƛǎŜ CƛǩƴƎ 

¢!/ лΦло ҕ лΦлм лΦмр ҕ лΦно 
ǘл όǎύ оΦто ҕ рΦлр мнΦфл ҕ мрΦро 
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2.4.11 Dynamic Phantom Results  

Figure 34 shows temporal iodine decomposition results from our custom perfusion 

phantom. We present the two extremes of the phantomôs performance (i.e., when one output is 

fully closed while the other remains open). The images on the left side of the figure show the 20 

timepoints arranged as a montage. The upper montage (outlined in green) shows the phantom 

when the cylinder output valve is entirely closed thus no leakage is seen in the phantom inner 

chamber. As expected, the output flow is entirely isolated to the ñtube outputò as labelled in the 

upper right corner of the figure. The lower montage (outlined in purple) shows the phantom when 

the tube output is entirely closed with the cylinder output valve open. As expected, we see the 

contrast leaking fully into the cylindrical chamber of the phantom. The behavior of the phantom 

is further illustrated in the two plots on the right side of Figure 34. The two plots, which are 

outlined to match the montages, show ROI measurements within the phantom. The three lines 

correspond to an input ROI, tube output ROI, and cylinder output ROI. Because the injection and 

pump settings were not changed, the input is similar between the two scans. The tube and 

cylinder outputs clearly change in an expected way based on the positioning of the valves. This 

gives a sense of the types of TACs the phantom can generate. 

ǘƳŀȄ όǎύ сΦлу ҕ ммΦмн мфΦтп ҕ онΦон 
 h лΦтр ҕ лΦру нΦлт ҕ мΦоф 
a¢¢ όǎύ уΦфу ҕ моΦон нтΦсн ҕ рнΦсо 
.±L мΦрр ҕ мΦрп оΦур ҕ срΦоо 
.CL лΦлп ҕ лΦлп лΦлс ҕ лΦлу 
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Figure 34: Phantom temporal decomposition results.  We present the results from the two 

extremes of the phantomôs functionality. The temporal image montage (left) and the ROI 

measurements plot (right) both outlined in green represent the phantomôs performance 

when there is no leakage into the phantom body (i.e., the cylinder output is closed). The 

temporal image montage (left) and the ROI measurements plot (right) both outlined in 

purple represent the phantomôs performance when all input contrast leaks into the 

phantom body (i.e., the tube output is closed). 

Figure 35 shows the deep learning perfusion quantification of the phantom data. For the 

three primary phantom regions (input, cylinder output, and tube output), we show the calculated 

metrics for three different flow configurations. In one configuration, 100% of the flow was routed 

through the tube output. In another configuration, approximately 50% of the flow was routed 

through each output. In the final configuration, 100% of the flow leaked fully into the cylinder 

output. The clearest assessment of perfusion quantification comes in observing the BVI and BFI 

across the three different configurations. BFI and BVI followed expected trends properly 

increasing or decreasing based on the ROI. For example, as flow through the tube output 

decreased, BVI and BFI both decreased accordingly with a linear R2 value of 0.98. The 

coefficients of determination (R2) calculated for these metrics are very high (>0.9) indicating 

proper relative perfusion quantification. We note that the flow metrics measured in the input ROI 



 

97 

remain constant across the different phantom configurations, as expected, with very low R2 

values indicating no relationship between the internal phantom settings and the calculated input 

flow. 
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Figure 35: Perfusion analysis of phantom data.  We present three groups of gamma variate 

and perfusion parameters with each group corresponding to a different phantom ROI: 


































































































































































































