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Abstract  

Introduction:  

With the emerging Cone Beam Computed Tomography (CBCT) enhancement 

technology, the image quality of CBCT can be improved to a level comparable to 

Computed Tomography (CT), making it a potential alternative to CT for assessing 

pulmonary lung function in functional lung avoidance radiotherapy (FLART). However, 

research on CBCT-based functional image translation is limited, with most studies 

focusing on translating 4D CBCT to ventilation images. This study aims to evaluate 

perfusion images generated by enhanced CBCT, quantify their correlation with CT-

based perfusion images, and analyze the factors that may affect their clinical application.  

Methods: 

In this project, thirty lung cancer patients with CBCT-CT pairs and Single-Photon 

Emission Computed Tomography (SPECT) perfusion images were studied. A 

previously developed Cycle GAN CBCT enhancement model and a 3D CNN CT-to-

perfusion model were utilized to generate perfusion images. Both CBCT images and 

SPECT perfusion images were registered to the corresponding CT images for further 

process. Registered CBCT images were input into the Cycle GAN model to produce 

enhanced CBCT (eCBCT) images. Subsequently, the lung mask generated from CBCT 

was applied to CBCT, eCBCT, CT, and SPECT images, generating CBCTsegCBCT, 

eCBCTsegCBCT, CTsegCBCT, and SPECTsegCBCT. Additionally, the CT lung mask was 

applied to CT and SPECT images for comparison, resulting in CTsegCT and SPECTsegCT. 
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Then all 4 sets of CT images (CBCTsegCBCT, eCBCTsegCBCT, CTsegCBCT, CTsegCT) were 

translated into perfusion images using the 3D CNN network. Evaluation metrics, 

including Spearman’s correlation coefficient R and structural similarity index measure 

(SSIM) for voxel-wise agreement and dice similarity coefficient (DSC) for function-

wise agreement, were calculated between the generated perfusion images and their 

corresponding ground truth SPECT images. 

Results: 

After enhancement, the SSIM between CBCT and CT has increased from 0.804±0.072 

to 0.824±0.068, while the PSNR increased from 24.16±2.82 to 25.04±2.88. 

Furthermore, the MAE decreased from 47.75±15.95 to 40.13±14.61, showing that the 

eCBCT has higher voxel-wise agreement with CBCT. For CT-to-perfusion translation, 

the average Spearman correlation R for CBCTsegCBCT, eCBCTsegCBCT, and CTsegCBCT, 

and CTsegCT were 0.64, 0.68, 0.73, 0.76, and the average SSIM were 0.62, 0.78, 0.76, 

0.79, respectively. Function-wise evaluation of generated perfusion images showed a 

moderate agreement with the ground truth and the 4 sets had similar results, with DSC 

(High function) around 0.62 and DSC (Low function) around 0.69. In general, the order 

of performance from best to worse is: CTsegCT, CTsegCBCT, eCBCTsegCBCT, and 

CBCTsegCBCT, as expected. 

Conclusion: 

In this study, pulmonary perfusion images were generated from CBCT images, 

demonstrated the potential application of CBCT-based functional images in FLART. 
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Although reducing noise and artifacts in CBCT images can enhance the accuracy of 

CT-to-perfusion translation and produce perfusion images with a roughly similar 

pattern, the incomplete lung regions in CBCT, due to limited fields of view, affect the 

performance of the CT-based translation model. 
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Chapter 1 Introduction 

Research about functional lung avoidance radiotherapy (FLART) was reviewed to 

provide essential background information in Section 1.1. In section 1.2, research 

about common imaging modalities for pulmonary perfusion imaging was carefully 

studied. Section 1.3 reviewed recent research on Cone Beam Computed 

Tomography (CBCT)-to-CT and CBCT-to-functional images translation to analyze 

the factors that may affect translation performance. 

 

1.1 Functional Lung Avoidance Radiotherapy 

Lung cancer is the most common cause of cancer-related death worldwide (1). One 

important treatment method for lung cancer is radiotherapy, which uses high-energy 

radiation beams to kill tumor cells or prevent tumor progression. However, radiation 

can also damage healthy cells surrounding tumor, leading to serious side effects 

such as radiation pneumonitis and pulmonary fibrosis (2). To reduce the risk of these 

radiation-induced lung injuries (RILI), a promising approach is FLART, which 

integrates functional lung information into the treatment planning process. By 

minimizing the dose delivered to high-functioning lung regions, FLART has 

demonstrated the ability to better preserve patients' lung function and reduce the 

risk of RILI (3). 

Several functional imaging techniques can be used in FLART, including single-
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photon emission computed tomography (SPECT) (4), positron emission 

tomography (PET) (5), and hyperpolarized gas magnetic resonance (MR) imaging 

(6). By integrating these functional imaging modalities, FLART can assess the 

functional status of the lungs in the presence of the tumor. By identifying regions 

of viable lung function, clinicians can strategically increase the radiation dose to 

poorly ventilated and perfused regions while reducing the dose to highly functional 

areas. This approach helps decrease the incidence of radiation pneumonitis and 

pulmonary fibrosis, thereby preserving the patient's lung function and minimizing 

dyspnea and quality of life deterioration after treatment (4,7,8). Additionally, by 

sparing high-functioning lung regions, a higher dose can be delivered to the tumor 

area, which enhances the effectiveness of cancer cell eradication and improves the 

patient's survival rate. 

Ventilation and perfusion imaging can be utilized in FLART to assess the functional 

status of the lung regions by reflecting the gas exchange and blood supply, 

respectively. The ventilation/perfusion (V/Q) ratio represents the effectiveness and 

adequacy of the ventilation-perfusion coupling (9). However, a V/Q mismatch can 

occur during the radiotherapy treatment process. For instance, airway obstruction 

due to tumor progression or atelectasis resulting from respiratory infection caused 

by pulmonary comorbidities can lead to a decrease in effective ventilation. And the 

decrease in perfusion may result from bleeding in pulmonary capillaries or 

pulmonary embolism (10). Because vascular endothelial cells are one of the most 
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radiation-sensitive cells in the lungs (11), perfusion is considered to be a more 

sensitive indicator in radiotherapy treatment for accessing lung function and the risk 

of RILI. 

Currently, most FLART clinical trial protocols only scan functional images once for 

treatment planning (12). However, lung function can change throughout the 

treatment process due to disease progression and the delivered radiation dose, which 

can alter lung ventilation or perfusion. This single-scan approach overlooks the 

impact of lung function changes between different treatment fractions, potentially 

affecting the overall treatment outcome. Meng et al. analyzed SPECT ventilation 

and perfusion images of 15 Non-small cell lung cancer (NSCLC) patients during 

radiotherapy and observed significant improvements in local ventilation and 

perfusion function (13). Additionally, research using ventilation images generated 

by 4D-CT reported that 3 out of 6 patients showed improved ventilation after 

receiving a dose, while the others either experienced a decrease or no change (14). 

This patient-specific pattern was also noted in another study involving nine lung 

cancer patients (15). Similarly, Kipritidis et al. examined lung function changes in 

19 patients with locally advanced non-small cell lung cancer during 4-6 weeks of 

radiotherapy using ventilation images generated from 4D-CBCT (16). The research 

found that all patients experienced both positive and negative changes with varying 

patterns, and at least one subsequent change in median ipsilateral ventilation was 

≥10%. Changes in lung function during treatment can generally be categorized into 
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decreases due to regional radiation-induced lung injury and increases resulting from 

the restoration of airway patency and blood circulation following radiation-induced 

tumor shrinkage (17,18). To effectively manage these changes and optimize the 

performance of FLART, it is advantageous to implement adaptive strategies that 

allow treatment plans to be updated based on lung function changes between 

fractions. Yamamoto et al. demonstrated the benefits of plan adaptation, showing 

that by modifying the subsequent doses in the plan at 20 Gy and 34 Gy, the 

functionally weighted mean lung dose (fMLD) was decreased by 6.1% to 14.3%, 

respectively, compared to the plans without adaptation (19). This adaptive approach 

enables patients to receive more precise and personalized radiotherapy treatment. 

 

1.2 Perfusion Imaging Modalities 

Perfusion imaging can be directly obtained through SPECT, PET, and MR. Among 

these, technetium-99m labeled macroaggregated albumin (MAA) SPECT perfusion 

is the most thoroughly studied method for collecting the functional data essential 

for function-guided lung avoidance treatment planning (12). While SPECT is 

valuable, it does come with certain drawbacks, including patient exposure to 

ionizing radiation and lower spatial and temporal resolution compared to CT, MR, 

or PET (20). Additionally, challenges such as errors in attenuation and scatter 

correction (21), as well as difficulties in aligning functional data with CT images 

(22) and maintaining consistent patient positioning and breathing patterns, can arise. 



5 

 

In contrast, PET perfusion imaging using gallium-68 MAA offers a fully 

quantitative approach with the added benefit of respiratory correlation analysis (5). 

However, the significant cost associated with PET imaging limits its widespread 

adoption in clinical practice. 

Hyperpolarized gas MR imaging emerges as a promising, radiation-free alternative 

to traditional nuclear medicine imaging, offering a more detailed analysis of lung 

function. Research has analyzed the performance of FLART based on 

hyperpolarized gas MR and showed satisfactory results (4,6,23). Despite its 

potential, several obstacles impede its clinical use in radiotherapy, including the 

availability and cost of gases, the specialized expertise and equipment required, and 

the need for precise image co-registration with planning CT. Furthermore, 

innovative MR lung imaging techniques are being developed to eliminate the need 

for pre-polarized gases (24). New instruments for multi-core single-shot breath-

hold imaging are enhancing the co-registration of gas MR with CT images (25,26). 

Additionally, deriving functional lung imaging from CT has also attracted 

widespread interest due to its availability. CT is a fundamental tool in radiation 

therapy treatment planning due to its precise geometric accuracy and its ability to 

provide electron density information essential for dose calculations. Its widespread 

availability makes CT-derived functional images more accessible compared to those 

from SPECT, PET, or MR. Furthermore, since CT scanning is the predominant 

imaging modality for treatment planning, CT-based functional imaging eliminates 
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the need for additional scanning in FLART. Historically, plain film X-ray has been 

used in clinical settings to assess lung blood flow by examining variations in the 

size of the pulmonary vasculature and the differing levels of transparency in various 

lung regions. For multidetector computed tomography (MDCT), lung perfusion is 

still estimated by evaluating local variations in lung density, specifically through 

attenuation values measured in Hounsfield units (HU) (27).  

Various CT-based image processing techniques have been explored to provide 

functional data for treatment planning. Current research on the application of CT in 

FLART mainly focused on generating ventilation images from 4D-CT by assessing 

the volume changes of the lung between the inhale and exhale phases. Techniques 

such as breath-hold imaging or 4D-CT, often combined with deformable image 

registration, are used to generate ventilation maps based on Jacobi or Hounsfield 

units (28–31). However, implementing 4D-CT requires substantial investment in 

respiratory equipment and expertise, and it exposes the entire lung to higher 

radiation doses than standard 3D planning CT. Recently, deep learning-based 

algorithms for CT-to-ventilation translation were also developed and demonstrated 

comparable performance with the traditional DIR-based methods (32,33). Despite 

the advantages, these methods do not consistently provide robust voxel-level 

functional information, and different image registration algorithms can significantly 

impact the generated ventilation values (34). As for the CT-perfusion translation, 

Castillo et al. formulated the explicit voxel-wise relationship between HU and 
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perfusion parameters in non-contrast 4D-CT using their DIR-Jac algorithm 

incorporated with respiration-induced blood-mass volume changes (35). Ren et al. 

developed the first 3DCT-to-perfusion deep learning translation model and a 

transfer learning framework for this model to generate perfusion images for lung 

cancer patients, proving the feasibility of utilizing CT-based perfusion in FLART 

(36,37). Compared with CT-to-ventilation translation, further research is needed for 

CT-to-perfusion translation. 

 

1.3 CBCT 

Cone-beam CT is a commonly used image guidance tool in clinical practice because 

of its high spatial resolution in the axial plane and low radiation dose. It is an on-

board imaging technique and has a fast-imaging speed (38). In clinic, a routine 

CBCT is performed before each radiotherapy treatment fraction to verify the 

patient's position, ensuring the accuracy of treatment. In addition, the purchase and 

maintenance costs of CBCT equipment are relatively low, and it is easy to operate, 

making it suitable for widespread use in clinical settings. However, compared with 

spiral CT, CBCT has lower soft tissue contrast resolution, which may affect the 

identification and evaluation of certain lesions. CBCT images are also more 

susceptible to factors such as metal implants, motion, and scattering, which can 

produce artifacts and affect image quality (39). 

To enhance the image quality of CBCT slices, traditional methods for minimizing 
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scattered photons often rely on anti-scatter grid hardware and scatter deconvolution 

estimation (40). Although these techniques can reduce artifacts to some extent, they 

are typically computationally intensive and provide only moderate improvements. 

To address these limitations, innovative iterative projection reconstruction methods 

have been developed, significantly enhancing CBCT image quality. However, it is 

important to note that while these methods are highly effective, they may 

occasionally compromise the clarity of anatomical details and generally require 

access to the original projection data.  

Recently, advancements in artificial intelligence (AI) modeling have successfully 

elevated the quality and accuracy of CBCT images to a level comparable to CT 

image (41). This improvement indicates the possibility of utilizing algorithms 

similar to those employed in CT-to-functional image translation to generate CBCT-

based functional images. Since CT images are routinely acquired in radiotherapy 

for treatment planning, it is straightforward to collect CT-CBCT image pairs for 

deep learning model training. Common deep learning architectures include U-Net, 

generative adversarial network (GAN), and Cycle GAN. U-Net offers the simplest 

implementation and the fastest training speed. U-Net based models typically utilize 

a pixel-wise loss function to minimize the differences between CBCT and paired 

CT images. Therefore, accurate registration between CBCT and CT images is 

necessary to achieve satisfactory performance. Compared to U-Net, GAN can 

provide improved model tunability and image realism due to its competitive 
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generator-discriminator setting. And Cycle GAN, which consists of two GANs, 

incorporate a cycle-consistency loss to preserve the anatomical information in the 

original CBCT images and have become the most popular architecture in recent 

years (41). Research reported satisfactory CBCT enhancement using Cycle GAN 

models at different anatomical sites. This research paved the foundation of potential 

CBCT-to-functional image translation. By applying similar approaches in CT-to-

functional image translation to the enhanced CBCT images, pulmonary functional 

images can be derived from routine CBCT and employed in FLART. 

CBCT-based functional images enable the inter-fractional and intra-fractional lung 

function assessment in FLART. Plan adaptation can be made based on the lung 

function changes in routine CBCT-derived ventilation or perfusion images. 

Research reported that improving 4D-CBCT image quality by applying projection 

correction and reconstruction algorithms can subsequently improve the ventilation 

image quality derived from CBCT (42). Woodruff et al. showed reasonable to good 

voxel-level agreement between DIR based ventilation images derived from 4D-

CBCT and those derived from 4DCT (15). Deep learning based 4D-CBCT-to-

ventilation model was also developed and showed an improved performance 

compared to DIR-based methods (43). However, research on CBCT-based 

functional images remains limited and has primarily focused on translating 4D 

CBCT data into ventilation images. The reliance on 4D CBCT also reduces the 

accessibility of this technique in FLART. On the other hand, there is only one 
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research reported the feasibility of 3D CBCT-to-perfusion translation using 

cascaded deep learning framework (44). Further research is required to 

comprehensively evaluate the factors that influence the performance of CBCT-to-

perfusion translation. 

1.4 Significance of this study 

The studies discussed above demonstrate that a functional lung avoidance strategy 

can significantly improve treatment outcomes for lung cancer patients undergoing 

radiotherapy. By limiting the dose delivered to high-function lung regions, the risk 

of radiation-induced lung injury, including radiation pneumonitis and pulmonary 

fibrosis, can be reduced, thereby enhancing patients' quality of life. Common 

functional imaging techniques such as SPECT, PET, and MRI require specialized 

equipment and impose additional financial burdens on patients, limiting their 

accessibility. As an alternative, CT-based functional image acquisition has gained 

popularity due to its routine inclusion in standard care for patients during 

radiotherapy planning. Research indicates that both DIR-based and deep learning-

based CT-to-functional image translation models perform satisfactorily, suggesting 

that CT can be a suitable candidate for functional imaging in FLART. However, 

the current single-scan FLART protocol does not account for changes in lung 

function between fractions, which may impact treatment outcomes. Considering 

this, CBCT has the potential to monitor lung function changes during radiotherapy 

and trigger plan adaptations in FLART. By applying algorithms similar to CT-to-
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functional image translation to routine CBCT, inter-fraction and intra-fraction 

functional information can be obtained without additional imaging procedures. 

While the reproducibility of ventilation images between CBCT and CT has been 

verified, there is still a lack of research on the differences between perfusion images 

generated by CBCT and CT. Therefore, in this study, the differences between 

CBCT-based and CT-based pulmonary perfusion images were quantified and 

analyzed to provide insight into possible applications of CBCT-based perfusion in 

FLART.  

 

1.5 Objectives of this study 

This project aims to evaluate pulmonary perfusion images translated from deep 

learning-enhanced CBCT. The differences between CBCT-generated and CT-

generated perfusion images will be analyzed both qualitatively and quantitatively.  

 

1.6 Organization of this dissertation 

In this dissertation, Chapter 1 provides a comprehensive literature review of related 

studies on FLART and functional imaging and states the objectives of this study. 

Chapter 2 explains the data processing pipeline in this study. Chapter 3 

demonstrates and analyzes the results. Chapter 4 concludes the whole dissertation. 
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Chapter 2 Methodology  

2.1 Data Preprocessing 

A total of 30 lung cancer patients (27 male, 3 female) from Henan Tumor Hospital 

were studied, 28 of whom were older than 53 years old. Each patient has a planning 

CT, a series of fractional CBCTs, and a SPECT scanned within 7 days of the 

planning CT scanned. The CBCT before the first fraction was used for the following 

perfusion image generation.  

The planning CTs were acquired on a Brilliance Big Bore scanner (Philips Medical 

Systems) while CBCT images were acquired on a VitalBeam LINAC (Varian 

Medical Systems). Each CT image was reconstructed into 512×512 slices with 

1.172×1.172 mm2 in-plane pixel spacing and 3 mm slice spacing, and each CBCT 

image was reconstructed into a 512×512 slices with 0.511×0.511 mm2 in-plane 

pixel spacing and 1.99 mm slice spacing. The SPECT perfusion images were 

acquired on a Discovery NM/CT 670 CZT scanner, and each SPECT image was 

reconstructed into a 128 × 128 × 128 matrix with a voxel size of 4.42 × 4.42 × 4.42 

mm3.  

Figure 1 shows the flowchart of image processing pipeline in this project. First, all 

data was resampled to 1×1×1 mm3 voxel size for further processing. Then both the 

CBCT and SPECT images were registered to the corresponding CT images using a 

B-spline transformation algorithm implemented in the Elastix module (45,46) in 3D 

Slicer software (47). Lung segmentation was performed using the open-source U-
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Net model (48). And the tumor regions were masked out using the planning target 

volume (PTV) contours derived from the corresponding planning CT. The lung 

masks generated from CBCT images were applied to CBCT, CT, and perfusion 

images for major evaluation. The results were denoted by CBCTsegCBCT, CTsegCBCT, 

and SPECTsegCBCT. Additionally, because most of the CBCT images don’t include 

the whole lung region, lung masks generated from CT images were also applied to 

CT and perfusion images to evaluate the impact of lung region integrity in CT-to-

perfusion translation. The results were denoted by CTsegCT, and SPECTsegCT. 

For CBCT enhancement, CBCTsegCBCT was input into the Cycle GAN CBCT 

enhancement model, generating eCBCTsegCBCT. CTsegCBCT was used as the ground 

truth of CBCT enhancement. For CT-to-perfusion translation, CBCTsegCBCT, 

eCBCTsegCBCT, CTsegCBCT, and CTsegCT were resampled to 128 × 64 × 64 matrices 

then input into the 3D CNN model. The output perfusion images were denoted by 

PI_CBCTsegCBCT, PI_eCBCTsegCBCT, PI_CTsegCBCT, and PI_CTsegCT, as illustrated in 

Figure 1. 

Figure 1. Flowchart of the image processing pipeline 
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2.2 CBCT Enhancement 

A previously developed 2D Cycle GAN model was used to reduce the artifacts in 

CBCT images and enhance the image quality of CBCT to CT level (44). The model 

was trained on 106 CBCT-CT pairs for lung cancer patients from Queen Mary 

Hospital in Hong Kong. Commonly used adversarial loss, cycle consistency loss 

and identity loss were employed in this model for stable optimization, additionally 

with a synthetic loss for training acceleration considering the limited training 

dataset size (49–52). This model achieved a MAE of 47.06±11.31HU and a PSNR 

of 24.08±1.76 on the testing dataset. CBCT images were inputted into this model 

to generate the enhanced CBCT images denoted by eCBCT. 

 

2.3 CT-to-Perfusion Translation 

The CT-to-Perfusion translation was performed using the 3D CNN model 

developed by Ren et al. (36). This model was first trained on a dataset of 73 patients 

with suspected lung diseases from Queen Mary Hospital and then a transfer learning 

framework was performed to adapt the model to the lung cancer patients specifically. 

The transfer learning framework utilized a dataset of 33 lung cancer patients and 

137 non-cancer patients from Hong Kong Queen Mary Hospital (14 lung cancer 

cases and 137 non-cancer cases) and Henan Cancer Hospital (19 lung cancer cases). 

The model used an attention residual neural network (ARNN) to extract texture 

features and reconstruct perfusion images. A binary cross-entropy loss was used to 
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improve the model sensitivity to small lung regions with low function. This model 

demonstrated well agreement between the SPECT and generated perfusion, with a 

high voxel value correlation (Spearman’s correlation coefficient R = 0.8142 ± 

0.0669) and high function-wise correlation (Dice Similarity Coefficient DSC = 

0.8112 ± 0.0484 for high-function lung regions and 0.8137 ± 0.0414 for low-

function lung regions).  

 

2.4 Evaluation 

To evaluate the performance of  CBCT enhancement, voxel-to-voxel comparisons 

on CBCT/CT pairs and eCBCT/CT pairs were conducted separately. MAE was 

calculated using Eq. (1) to assess absolute voxel-wise differences. Peak signal-to-

noise ratio (PSNR) was computed by Eq. (2) to evaluate the degree of noise 

reduction in the eCBCT image. Structural similarity index (SSIM) was calculated 

by Eq. (3) to quantify image quality perception and pattern matching based on the 

human visual system: luminance 𝐿(𝑋, 𝑌), contrast 𝐶(𝑋, 𝑌), and structure 𝑆(𝑋, 𝑌). 

𝑀𝐴𝐸(𝑋, 𝑌) =
1

𝑛
෍ห𝑋௜,௝,௞ − 𝑌௜,௝,௞ห

௜,௝,௞

(1) 

𝑃𝑆𝑁𝑅(𝑋, 𝑌) = 20logଵ଴ ൬
𝑀𝐴𝑋

𝑀𝑆𝐸
൰ (2) 

𝑆𝑆𝐼𝑀(𝑋, 𝑌) = 𝐿(𝑋, 𝑌) × 𝐶(𝑋, 𝑌) × 𝑆(𝑋, 𝑌) =
(2𝜇௑𝜇௒ + 𝑐ଵ)

(𝜇௑
ଶ + 𝜇௒

ଶ + 𝑐ଵ)
×

(2𝜎௑𝜎௒ + 𝑐ଶ)

(𝜎௑
ଶ + 𝜎௑

ଶ + 𝑐ଶ)
×

(2𝜎௑௒ + 𝑐ଶ)

(2𝜎௑𝜎௒ + 𝑐ଶ)
(3) 

where 𝑋௜,௝,௞ , 𝑌௜,௝,௞ represent the pixel values of images X and Y at coordinates 
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(𝑖, 𝑗, 𝑘). 𝑛 refers to the total voxel number of the image. 𝜇௑ , 𝜎௑ denote the mean 

and standard deviation of image 𝑋 . 𝜎௑௒  is the covariance of image 𝑋  and 𝑌 . 

𝑐ଵ, 𝑐ଶ  are two regularization constants. 𝑀𝐴𝑋  refers to the maximum intensity 

difference between compared images.  

Evaluation of CT-to-perfusion translation was conducted using evaluation metrics 

including Spearman’s correlation R, SSIM and DSC. The evaluation was calculated 

separately on PI_CBCTsegCBCT/SPECTsegCBCT, PI_eCBCTsegCBCT/SPECTsegCBCT, 

PI_CTsegCBCT/SPECTsegCBCT, and PI_CTsegCT/SPECTsegCT pairs to assess the 

differences between CBCT-to-perfusion translation and CT-to-perfusion translation. 

To compare the output performance between different patients, each SPECT 

perfusion was normalized to its 75th percentile value, which can be considered as 

the perfusion value of normal function lung (53). 

Spearman’s correlation R was used to assess the intensity correlation and is 

calculated by 

𝑅(𝑋, 𝑌) =
∑ ൣ൫𝑋௜,௝,௞ − 𝜇௑൯൫𝑌௜,௝,௞ − 𝜇௒൯൧௜,௝,௞

ට∑ ൫𝑋௜,௝,௞ − 𝜇௑൯
ଶ

௜,௝,௞ ට∑ ൫𝑌௜,௝,௞ − 𝜇௒൯
ଶ

௜,௝,௞

(4)
 

 

DSC was computed to evaluate the similarity of functional subgroups (low or high) 

classification between SPECT images and generated perfusion images. Although 

the selection of threshold dividing high and low function lung regions is 
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challenging, this study classified lung region with perfusion intensity above 0.66 

as high functional portions, according to previous research (29,36). And DSC is 

calculated by  

𝐷𝑆𝐶௜ =
2 ∗ |𝑋௜ ∩ 𝑌௜|

|𝑋௜| + |𝑌௜|
(5) 

where 𝑖  denotes the functional subgroups (low or high). |𝑋௜| , |𝑌௜|  are the 

functional sub-volumes in images X and Y respectively, while |𝑋௜ ∩ 𝑌௜|  is the 

mutual sub-volume classified in both images. 

To assess the impact of tumor volume on the model's performance, correlation 

analyses were conducted between the PTVs and two evaluation metrics 

(correlation R and SSIM). The evaluation metrics calculated between 

PI_CTsegCT/SPECTsegCT was used to exclude the impact of truncated lung region in 

CBCT lung masks. The PTVs was employed as a surrogate for tumor volume, 

consistent with its use in the pre-processing pipeline where the PTV contour was 

applied to mask out and exclude the primary tumor region from the CBCT images. 

For each ipsilateral lung, two distinct volumetric measures were derived: 1) the 

absolute PTV volume within the lung region (cm³), and 2) the relative intra-lung 

PTV volume proportion (%), defined as the intra-lung PTV volume divided by the 

corresponding lung volume. The relationships between each of these two 

volumetric measures and the corresponding performance metrics (correlation R and 

SSIM) were evaluated using linear regression. The strength and statistical 

significance of the associations were quantified by the Pearson correlation 
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coefficient (r) and its associated p-value, respectively. 

 

Chapter 3 Results 

3.1 CBCT Enhancement 

Compared with CBCT, the SSIM between eCBCT and CT has increased from 

0.804±0.072 to 0.824±0.068, while the PSNR increased from 24.16±2.82 to 

25.04±2.88. Furthermore, the MAE decreased from 47.75±15.95 to 40.13±14.61 

after enhancement, showing that the eCBCT has higher voxel-wise agreement with 

CBCT. Figure 2 and Figure 3 illustrate an example of enhanced CBCT with all 

metrics close to the average values (SSIMCBCT=0.809, SSIMeCBCT=0.841, 

PSNRCBCT=22.33, PSNReCBCT=23.95, MAECBCT=47.46, MAEeCBCT=37.86). 
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Figure 2. Illustration of the enhanced image quality of eCBCT compared to CT and CBCT 

with multi-planar views, and the absolute error maps CT-CBCT and CT-eCBCT. 

 

Figure 3. Histogram of the corresponding CT, eCBCT, and CBCT. 

Satisfactory reduction of noise and artifacts can be observed in eCBCT, and the 

absolute errors between eCBCT and CT are reduced compared to errors between 

CBCT and CT, according to the error maps. However, the reduction of absolute 

error is slight. One possible reason is that the image quality of the original CBCT 

image was relatively high so further improvement may be difficult. Moreover, as 

shown in Figure 2, while the noises were reduced in eCBCT, some anatomical 

structures in small regions and subtle details were also eliminated, causing a loss of 

the unique advantages of CBCT and affecting the performance of following image 

translation. On the other hand, the histogram shows that for HU range in [-800, -

500], the histogram of the generated eCBCT is almost the same as the CT image, 

proving the model’s performance. The decrease in voxel number in this range may 

be caused by the reduction of streaking artifacts. And the peak of CBCT histogram 
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was shifted from -800 HU to -900 HU after enhancement, improving the HU 

distribution agreement with CT image. 

Overall, the model successfully enhanced the CBCT image to CT level, reducing 

noises and artifacts. However, the CBCT image quality enhancement extent in this 

dataset was not as good as that in the model’s training dataset (average MAE from 

68.99 to 47.06, and average SSIM from 0.84 to 0.89), which indicates potential 

overfitting of the enhancement model due to the small training dataset. Furthermore, 

the CBCT enhancement model utilized in this study was pre-trained on data from 

an external institution (Queen Mary Hospital) with potentially different imaging 

parameters, which is a limitation. However, as our native CBCT quality was high 

and the enhancement yielded only marginal gains, its impact was minimal. Crucially, 

our study focused on relative differences in perfusion, where any systematic bias 

would be consistent. Thus, we conclude this limitation does not alter our core 

findings, though future validation with larger datasets is warranted. 
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3.2 CT-to-Perfusion Translation 

 

 

Figure 4. Spearman correlation R (A) and SSIM (B) of the generated perfusion images. The 

lung mask generated from CBCT was applied to CBCTsegCBCT, eCBCTsegCBCT, and CTsegCBCT, 

and the metrics were calculated with ground truth SPECTsegCBCT. The lung mask generated 

from CT was applied to CTsegCT, with ground truth SPECTsegCT. 
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Figure 4 shows the voxel-wise agreement with corresponding ground truth for the 

four sets of generated perfusion images. The Spearman correlation R for 

CBCTsegCBCT, eCBCTsegCBCT, CTsegCBCT, and CTsegCT was 0.64±0.20, 0.68±0.11, 

0.73±0.19, 0.76±0.17, and the SSIM is 0.62±0.10, 0.78±0.08, 0.76±0.09, 0.79±0.09, 

respectively.  

In general, the perfusion images generated from CBCT images had the lowest 

voxel-wise correlation with the ground truth, as expected. And the perfusion images 

generated from CT images with CT lung masks, which include the whole lung 

region, had the highest correlation. A potential reason is that the CNN model was 

trained on CT and learned global lung features. Therefore, the incomplete lung 

region in CBCT image may reduce the model’s performance. In addition to the 

impact of mask choice, the primary findings are derived from a mask-matched 

comparison. As for the eCBCTsegCBCT and CTsegCBCT, the CTsegCBCT had a higher 

correlation R while the SSIM were almost the same, demonstrating the feasibility 

of generating reliable pulmonary perfusion images using CBCT images. Similar 

SSIM indicates that enhanced CBCT images are capable to generate perfusion 

images with similar levels of perceptual structure with CT images. And the lower 

correlation R may be due to the different HU distribution of eCBCT and CT, leading 

to incorrect perfusion values. 
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Figure 5. The correlations of model performance and PTV volume. The correlation R and 

SSIM were computed between PI_CTsegCT and SPECTsegCT. Their associations are plotted 

against (A) the PTV volume within the unilateral lung, and (B) the PTV volume percentage in 

the unilateral lung. (C) and (D) show the corresponding relationships for the SSIM metric.  

Figure 5 presents the relationship between tumor volume, quantified as both the 

absolute PTV volume within the unilateral lung and its relative volume percentage, 

and the model's evaluation metrics. The coefficient R and the SSIM were computed 

between PI_CTsegCT and SPECTsegCT, which was segmented using CT lung masks. 

This design ensures that the model's performance assessment is not confounded by 

the limited FOV of the CBCT scans, thereby isolating its capability in processing 

regions with varying tumor burdens. 
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A weak-to-moderate positive correlation was identified between the global intensity 

agreement (correlation R) and both the PTV volume (r = 0.322, p = 0.012) and the 

PTV volume percentage (r = 0.345, p = 0.007). In contrast, no statistically 

significant correlation was found between the structural fidelity metric (SSIM) and 

either volumetric measure (absolute volume: r = 0.125, p = 0.341; relative 

proportion: r = 0.207, p = 0.112). Furthermore, the dataset included 22 cases where 

the PTV volume was zero, representing the contralateral lung of patients whose 

tumors are located only in one lung. Notably, within this subset of tumor-free lungs, 

the model's performance exhibited considerable variance (correlation R range: 

~0.30 - 0.98; SSIM range: ~0.55 - 0.91). Some of the best and worst-performing 

cases, for both metrics, were found among these PTV-zero datapoints. 

This pattern suggests two primary inferences. First, the significant correlation of 

PTV volume with correlation R, but not with SSIM, implies that tumor burden 

systematically influences the global intensity scaling of the predicted perfusion map, 

possibly by altering hemodynamic baselines that the model learns. However, it does 

not degrade the model's core ability to reconstruct accurate local anatomical texture 

and structure, which remains robust. Second, the high variance in performance 

within tumor-free lungs indicates that factors other than tumor presence are major 

drivers of model accuracy. Key confounding factors may include registration 

accuracy and patient-specific physiological variations that are not accounted for by 

the PTV volume. Consequently, while PTV volume explains a small portion of the 
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variance in global intensity prediction, the model's performance is predominantly 

governed by these more pervasive technical and biological variables 

. 

 

 

Figure 6. DSC of the generated perfusion images (A: DSC high, B: DSC low). The lung mask 
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generated from CBCT was applied to CBCTsegCBCT, eCBCTsegCBCT, and CTsegCBCT, and the 

DSC were calculated with ground truth SPECTsegCBCT. The lung mask generated from CT was 

applied to CTsegCT, with ground truth SPECTsegCT. 

Figure 6 shows the function-wise correlation of the generated perfusion images. 

The DSC for high function lung for is CBCTsegCBCT, eCBCTsegCBCT, and CTsegCBCT, 

and CTsegCT was 0.60±0.11, 0.62±0.09, 0.63±0.10, 0.64±0.11, and for low function 

lung is 0.67±0.09, 0.68±0.08, 0.71±0.09, 0.70±0.08, respectively. Among the 60 

cases from 30 patients (left and right lung), 90% of cases achieved DSC higher than 

0.6 and 60% achieved 0.7 for low function lung region. For high function region, 

only 70% achieved 0.6 and 40% achieved 0.7. The generated perfusion images 

demonstrated a moderate level of function-wise agreement with the ground truth 

and showed higher agreement in low function lung region. The trend of DSC is 

consistent with the results of correlation R and SSIM: CTsegCT-based perfusion 

images performed best, followed by CTsegCBCT and eCBCTsegCBCT, and CBCTsegCBCT 

had poor performance. However, the function-wise correlation was lower than that 

in the published article (~0.8), especially for the CTsegCT-based perfusion images, 

which were supposed to demonstrate similar performance. A potential reason is 

different data preprocessing methods. Instead of masking out tumors and vessels by 

limiting the HU value to the range of [-1000, -300] (37), in this study the tumors 

were removed by using the PTVs contours. Considering the margins in PTVs, more 

regions may be masked out in this study, affecting the model performance. 
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Figure 7. An example of the generated perfusion images and their corresponding CT images 

and ground truth. The evaluation metrics for this case are listed below. 

Table 1. The evaluation metrics for a selected case 

 CBCTsegCBCT eCBCTsegCBCT CTsegCBCT CTsegCT 

R 0.66 0.68 0.69 0.83 

SSIM 0.64 0.70 0.70 0.77 

DSC(Low) 0.77 0.79 0.80 0.90 

DSC(High) 0.63 0.69 0.69 0.83 
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Figure 7 illustrates an example of generated perfusion images, with the 

corresponding quantitative metrics provided in Table 1. Overall, PI_CTsegCT 

demonstrates the highest similarity with its corresponding perfusion SPECTsegCT, 

while PI_CBCTsegCBCT has the lowest similarity with SPECTsegCBCT. As indicated 

by the red square, there is a small low lung function region in the registered SPECT 

image. PI_CTsegCT shows a similar pattern with a higher function region above the 

red square, while the high function lung region is expanded in the perfusion images 

generated by CBCT-masked images. On the other hand, in the upper lobe of the 

lung, a local minimum function region was generated in the CBCT-masked images, 

which may be due to the smaller field of view of CBCT. Unlike planning CT, which 

captures the entire lung volume, CBCT’s limited FOV can lead to the truncation of 

peripheral lung anatomy. This truncation causes two key issues: the artificial 

reduction in image intensity at the FOV boundary and the actual exclusion of lung 

tissue from the scan. Consequently, the image translation model interprets these 

truncated areas as having little to no functional signal. Comparing PI_CBCTsegCBCT 

and PI_eCBCTsegCBCT, the major difference is the left boundary in the upper lobe, in 

which PI_eCBCTsegCBCT has higher intensity than PI_CBCTsegCBCT. Whether 

reducing noise and artifacts can improve the translation performance in boundary 

area still needs further study. 
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Chapter 4 Discussion and Conclusion 

In this study, pulmonary perfusion images were generated from CBCT and CT 

scans of 30 lung cancer patients using a cascading deep learning model. The results 

were quantitively analyzed both voxel-wise and function-wise. The CBCT-

generated perfusion images achieved comparable accuracy with the CT-generated 

perfusion images, demonstrating that CBCT enhancement techniques can be used 

to improve the accuracy of CBCT-to-perfusion translation. 

However, this study was limited to a dataset of only 30 cases, which may not fully 

represent the diverse spectrum of pathological conditions encountered in clinical 

practice and constrained the generalizability of the model. Pulmonary perfusion 

imaging inherently exhibits complex physiological variations, including 

heterogeneity in blood flow distribution—influenced by gravitational gradients and 

vascular branching patterns—as well as diverse pathological alterations such as 

hypoperfusion in emphysematous regions or localized perfusion abnormalities due 

to tumors (27,54). Consequently, the present findings may overlook certain 

complex scenarios that could arise when applying CBCT-based pulmonary 

perfusion generation in real clinical contexts. Furthermore, the performance of the 

pipeline could be sensitive to substantial variability in lung mask contours across 

different clinical CBCT datasets. Inaccuracies or inconsistencies in the lung masks 

may propagate through the subsequent steps of image enhancement and functional 

translation, potentially affecting the robustness of the final perfusion maps. Future 
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studies should prioritize the inclusion of larger, multi-institutional cohorts and 

develop more robust segmentation methods to handle the broad spectrum of 

clinical image quality and anatomical variation. On the other hand, the adoption of 

multi-institutional datasets inevitably introduces significant domain shifts. This 

shift arises from systematic variations in imaging protocols across different centers, 

such as differences in scan parameters, the use of disparate CBCT scanner models, 

and variations in post-processing algorithms. Such heterogeneity poses a 

substantial challenge, as a model trained predominantly on data from a single 

source may experience degraded performance when applied to data from a new site, 

thereby limiting its real-world clinical utility. Therefore, future research efforts 

must not only focus on expanding the sheer volume of training data but also 

proactively address the domain adaptation challenge. Promising directions include: 

(a) implementing data-level augmentation strategies, such as complex style transfer, 

to synthetically expand the domain space of the source data and simulate potential 

distribution shifts; (b) employing feature-level alignment methods to learn domain-

invariant representations, thereby enhancing model stability against covariate shifts 

caused by differences in imaging protocols or equipment ; and (c) exploring 

lightweight model adaptation modules that allow for efficient, site-specific tuning 

with minimal local data, addressing both covariate and concept shifts encountered 

in new clinical deployments (55–57). These approaches are critical for 

transitioning the framework from a proof-of-concept demonstration to a reliable 

tool for real-world, multi-center clinical applications. 



31 

 

Secondly, a recognized limitation of this study is the lack of in-depth analysis 

regarding how inherent CBCT physical artifacts, such as scatter radiation and beam 

hardening, quantitatively impact the performance of the perfusion prediction model. 

These artifacts can degrade model performance through distinct mechanisms. 

Scatter radiation contributes to a global increase in noise and cupping artifacts, 

leading to inaccuracies and non-uniformity in CT numbers across the image. This 

is particularly detrimental in lung tissue, where low density amplifies these effects, 

potentially causing the model to misinterpret anatomical or functional information. 

Research specifically investigating multi-source CBCT systems confirms that 

scatter is a primary cause of CT number inaccuracy and reduced contrast, which 

would directly challenge any intensity-based prediction task (58). On the other 

hand, beam hardening introduces streaking artifacts and causes shifts in CT values, 

especially at tissue boundaries and around high-density objects. This can alter the 

perceived contrast between different tissues, potentially misleading the model's 

feature extraction process in critical regions. Therefore, future work can integrate 

advanced physics-based correction algorithms (e.g., Monte Carlo-based scatter 

correction) into the data preprocessing process to isolate and quantify the 

individual and combined impact of these artifacts on the model’s output. However, 

it is crucial to consider that while correction algorithms restore physical accuracy, 

they may also inadvertently suppress unique but legitimate local image textures. 

This loss of detail or alteration of the native data distribution could increase the 

discrepancy between the generated perfusion images and the ground truth. A 
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balanced approach would involve comparative studies using corrected and 

uncorrected data to evaluate whether artifact removal leads to a net improvement 

in model performance. 

Thirdly, registration errors between CBCT and SPECT perfusion images represent 

a critical factor compromising the quality of generated outputs. Respiratory motion 

induces dynamic deformation in the lung region across separate scanning sessions. 

Even with respiratory gating techniques, diaphragmatic displacement can exceed 2 

cm, leading to misalignment in the basal lung regions (59). This challenge is 

exacerbated by the substantial difference in temporal resolution between CBCT 

(typically acquired within 1 minute) and SPECT (requiring 15 – 20 min for 

acquisition), which results in the capture of inconsistent respiratory phases and 

introduces non-rigid deformation discrepancies. Furthermore, in pathological 

conditions such as pulmonary fibrosis or pleural adhesions, lung tissue exhibits 

altered biomechanical properties, amplifying registration inaccuracies particularly 

within diseased areas. These errors may obscure subtle perfusion defects, such as 

subsegmental pulmonary emboli, and thereby reduce the diagnostic accuracy of the 

results. While the current study employed registration algorithms available in 3D 

Slicer, future work should focus on developing advanced non-rigid registration 

methods capable of adapting to patient-specific pathological features. 

Fourthly, the comparison between PI_CTsegCBCT and PI_CTsegCT illustrates the 

influence of the limited FOV of CBCT. To address this limitation, one compelling 
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strategy is to leverage high-quality planning CT to inform the CBCT segmentation. 

This could be achieved through advanced DIR techniques to propagate the 

meticulously defined CT lung mask onto the CBCT dataset, thereby effectively 

estimating the complete lung volume even in the presence of CBCT's limited field 

of view. This approach is clinically justified because although the planning CT 

cannot capture anatomical changes during radiotherapy treatment, the most 

significant changes—such as radiation-induced tumor shrinkage—typically occur 

within the tumor vicinity, which is already encompassed by the CBCT's FOV. It is 

therefore reasonable to assume that the peripheral lung anatomy, which the CT 

helps to delineate, remains relatively stable, thereby validating the feasibility of 

this propagation strategy. However, to translate this strategy into a robust clinical 

tool, future work should systematically analyze how the extent of lung coverage 

within the CBCT’s FOV correlates with the accuracy of the perfusion generation. 

A criterion for minimum lung coverage is necessary to provide clear operational 

standards for model application in diverse clinical settings. Alternatively, deep 

learning models could be trained to directly synthesize a complete lung mask from 

a truncated CBCT scan, using paired CT-CBCT data as training ground truth (60). 

Moreover, the recent development of next-generation CBCT systems (e.g., Varian 

HyperSight (61)), which provide substantially improved image quality with lower 

noise and larger FOV, present a potential solution to these challenges. This 

technological leap may reduce the reliance on complex processing pipelines by 

providing inherently superior input data. Future work should validate our approach 
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utilizing these advanced platforms to fully leverage their potential. 

Furthermore, a key observation from this study is that the generated perfusion 

images exhibited only a moderate voxel-level agreement with the ground truth, 

with performance being superior in low-functional regions compared to high-

functional ones. This discrepancy may result from the complex and heterogeneous 

nature of vascular networks and blood flow in healthy, high-functional lung regions, 

which is more challenging for the deep learning model to capture accurately from 

the underlying CBCT anatomy. In contrast, low-functional areas, which often 

include pathologies or atelectasis, may present more simplified and homogeneous 

patterns that are easier to learn. This current limitation underscores that our model, 

in its present form, is not yet suitable for clinical applications requiring precise 

voxel-level quantification, such as dose escalation in high-functioning zones. 

However, the model's demonstrated ability to reliably identify broader patterns of 

functional impairment remains valuable. Future work will focus on improving 

model fidelity in high-functional areas through techniques such as employing loss 

functions that penalize errors in critical regions more heavily, and training on larger, 

more diverse datasets. 

Finally, the evaluation of the generated images in this study may have over-relied 

on voxel-wise metrics, such as PSNR and SSIM, whose correlation with clinical 

significance is often limited. Furthermore, due to the size of dataset, function-wise 

metrics could not be thoroughly analyzed to identify potential patterns from the 



35 

 

limited data. However, radiologists place greater emphasis on the discernibility of 

diagnostically critical regions, such as the filling status of segmental-level 

pulmonary arteries and the morphological features of perfusion defect areas (27). 

While the generated images might perform adequately in terms of voxel-wise 

metrics, they could exhibit distortions in local diagnostic features. A critical step 

for clinical translation is to define what constitutes a clinically acceptable 

agreement for these functional images, which will require future validation with 

clinical outcome data. Towards this goal, subsequent research should adopt task-

oriented evaluation strategies. For example, generated images could be fed into a 

pulmonary embolism classification model, using the changes in AUC as a criterion 

for generation quality. Additionally, dosimetric impact represents a core evaluation 

dimension in radiotherapy. A practical clinical workflow could leverage such 

CBCT-derived functional images for adaptive therapy: during treatment, 

automatically generated ventilation and perfusion maps would be fused to provide 

a comprehensive functional profile. This would allow clinicians to visually assess 

and quantitatively evaluate functional lung changes, and if significant, trigger plan 

adaptation to dynamically spare high-functioning regions. The ultimate test for 

clinical utility will be whether these images can lead to meaningful improvements 

in dosimetric parameters (e.g., fMLD, V20) and, ultimately, a reduction in 

radiation-induced lung toxicity. 

In summary, although this study did not achieve ideal outcomes due to data 
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limitations and model adaptation issues, it helped to illuminate the key challenges 

associated with CBCT-based pulmonary perfusion image generation. These 

findings provide valuable guidance for future research and suggest the potential 

application of CBCT-based perfusion images generation in FLART. 
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