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Abstract 

Purpose: Four-dimensional cone-beam computed tomography (4D-CBCT) has 

been developed to provide respiratory phase-resolved volumetric images in aid of 

image-guided radiation therapy (IGRT), especially in SBRT, which requires highly 

accurate dose delivery. However, 4D-CBCT suffers from insufficient projection data in 

each phase bin, which leads to severe noise and artifact. To address this problem, deep 

learning methods have been introduced to help with augmenting image quality. 

However, when using traditional deep learning methods to augment CBCT images, 

the augmented images tend to lose small details such as lung textures. In this study, 

transfer learning method was proposed to further improve the image quality of the 

deep-learning augmented CBCT for one specific patient. 

Methods: The network architecture used in this project for transfer learning is a 

standard U-net. CBCT images were reconstructed using limited projections that are 

simulated from ground truth CT images or directly from the clinic. For transfer 

learning training process, the network was firstly fed with different patients’ data in 

order to learn a general restoration process to augment under-sampled CBCT images 

from any patients. Then, the restoration pattern was improved for one specific patient 

by re-feeding the network with this patient’s data from prior days. The performance 

of transfer learning was evaluated by comparing the augmented CBCT images to the 

traditional deep learning method’s images both qualitatively and quantitatively using 

structure similarity index matrix (SSIM) and peak signal-to-noise ratio (PSNR). 
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Regarding the study of effectiveness and time efficiency of transfer learning 

methods, two transfer learning methods, whole-network fine tuning and layer-

freezing methods, are compared to each other. Two training methods, whole-data 

tuning and sequential tuning were employed as well to further explore the possibility 

of improving transfer learning’s performance and reducing training time. 

Results: The comparison demonstrated that the images augmented from transfer 

learning method not only recovered more detailed information in lung area but also 

had more uniform pixel value than basic U-net images when comparing to the ground 

truth. In addition, two transfer learning methods, whole-network fine-tuning and 

layer-freezing method, and two training methods, sequential training and all data 

training, were compared to each other, and all data training with layer-freezing 

method was found to be time-efficient with training time as short as 10 minutes. In the 

study of projection number’s effect, transfer-learning augmented CBCT images 

reconstructed from as low as 90 projection out of 900 projections showed its 

improvement from U-net augmented images.  

Conclusion: Overall, transfer learning based image augmentation method is 

efficient and effective on improving image qualities of augmented under-sampled 

3D/4D-CBCT images from traditional deep-learning methods. Given its relatively fast 

computational speeds and great performance, it can be very valuable for 4D image-

guided radiation therapy. 
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1. Introduction 

1.1 Introduction of Computed Tomography 

1.1.1 Development of Computed Tomography 

 Since its discovery in 1895 by Roentgen, X-ray has been widely used as a non-

invasive imaging technology to view the interior of human bodies. In the 1970s, X-ray 

computed tomography (CT), a combination of X-ray and computer technology, was 

invented to reconstruct an object from a sufficient number of X-ray projections. The 

introduction of CT has become a milestone in radiographic imaging and inspired the 

birth of other tomographic modalities for biomedical applications, such as magnetic 

resonance imaging and ultrasound tomography. 

There are seven generations of CT scanners in the history. The first-generation 

scanner uses pencil beam as source. When scanning, the X-ray tube and detector first 

translate across one slice, then rotates on a very small angle and translate back, which 

is called the rotate/translate system. Though the pencil beam geometry allows the 

scanner to be accurate, the amount of time it takes for scanning is a major drawback. 

The second-generation scanner replaces the pencil beam in the first generation 

with a narrow fan X-ray beam, which is approximately 10 degrees. It significantly 

reduced the scanning time but introduces scatter effects into the scanning system. To 

further reduce the scanning time, wide fan beam with an angle of 40 to 60 degrees 

which can cover the whole patient at one time was introduced to the third-generation 
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scanners. With this wide fan beam, the X-ray tube and a longer linear detector array 

are allowed to rotate together through the whole acquisition angle without stopping 

to collect multiple slices in each projection angle. However, with the uses of 

uncalibrated detector arrays, ring artifacts often occur in the third-generation scanners. 

To address the ring artifact problem, the fourth-generation scanners use stationary 360 

degrees ring of detectors that surrounded the patient and only rotate the X-ray tube. 

In this way, the detectors will not change position during each treatment and are able 

to maintain calibrated. The fifth-generation scanners immobilized all the components 

to further shorter the acquisition time by using electron beam. The electron beam can 

be deflected to interact with tungsten target ring around the patient in order to 

generate X-ray from different directions. 

The CT we referred to in modern society is the sixth-generation scanners, helical 

CT. When scanning, the scanner rotates imaging gantry continuously while translating 

the patient table, which forms a helical system. The helical system makes data 

acquisition become a continuous process and significantly reduces the time for 

acquiring CT images. 

The seventh-generation CT is also known to us as cone-beam CT. It uses cone-

shaped X-ray beam with a flat panel detector or a multiple detector array. Though the 

cone-beam CT is able to acquire tremendous information within short periods, the 

reconstruction of cone-beam CT images through those data becomes very complexing 

and large efforts in the medical imaging research field are devoted to it. [1] 
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1.1.2 Cone Beam CT (CBCT) for Image Guided Radiation Therapy 

In recent years, radiation therapy has become a major method for cancer treatment. 

However, how to deliver accurate dose to the tumor while sparing organs at risk 

(OAR). Intensity-modulated radiation therapy using linear particle accelerators 

(LINACs) is the most used instruments for carrying out radiation therapy in today’s 

radiation oncology department. To guide the beam fluences, CBCT devices are 

mounted on LINAC’s head to acquire 3D-volumetric images for patients’ treatment 

regions. The volumetric images are typically acquired before a radiation therapy 

fraction through 180-360 degrees of gantry rotation. Then, the images will be 

compared to the reference planning CT images for dose calculation at the target 

position relative to the reference point. The positioning error will be adjusted in this 

process prior to the treatment via the LINAC control panel. [2] However, when 3D-

CBCT is applied to thorax or upper abdomen regions, the motion from lung, liver, and 

other organs due to breathing will introduce serious artifacts to the image, thus 

compromising the efficacy of 3D-CBCT in image-guided radiation therapy(IGRT). 

1.1.3 Four-Dimensional Cone Beam CT (4D-CBCT) 

To remove the dose inaccuracy caused by patients’ movement, four0dimensional (4D-) 

CBCT has been developed to provide respiratory phase-resolved volumetric images. 

The difference between 4D-CBCT and 3D-CBCT is that, all the projections are first 

sorted into different respiratory phase bins according to the breathing signal on every 

projection image, and then, CBCT images are reconstructed from each phase bin 
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separately. [3-5] Although 4D-CBCT is capable of reducing motion artifacts and 

visualizing tumor trajectory, the insufficient number of projections sampled in each 

bin leads to severe noises and streaks in the reconstructed images. These artifacts, in 

turn, affect the accuracy of localizing targets during treatment. Therefore, improving 

the quality of CBCT images reconstructed from under-sampled projections is essential 

for ensuring the precision of the radiation therapy delivery. 

1.2 CBCT Reconstruction algorithm 

1.2.1 Filtered Backprojection Algorithm for 2D-X-ray images 

 The most commonly used reconstruction algorithm for two-dimensional X-ray 

images is the filtered backprojection(FBP) algorithm. There are several different kinds 

of FBP algorithm according to the ray geometry. Fan-beam FBP algorithm will be 

introduced here as it is the most relevant algorithm to CBCT reconstruction algorithm.  

 Fig.1 shows a set of rays emitted from one X-ray source placed at 

(−𝑅𝑐𝑜𝑠𝛽, −𝑅𝑠𝑖𝑛𝛽). The rays form a fan angle and each ray is described by its angle to 

the center, the fan angle, 𝛾. A flat detector is placed at point (x,y) and is used to sample 

the rays equidistantly along the a-axis.   
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(Figure 1. Demonstration of a fan beam projection) 

The ramp filter can be written as: 

 𝑔∞(𝑎) =  
1

2
∫ |𝜌|𝑒𝑗2𝜋𝜌×𝑎𝑟𝑐𝑡𝑎𝑛

𝑎
𝑅𝑑𝜌

∞

−∞

 (1.2.1) 

Along with the projection value 𝑝(𝛽, 𝑎), we can get the filtered projection value: 

 �̃�(𝛽, 𝑎) = (𝑝(𝛽, 𝑎)
𝑅

√𝑅2 + 𝑎2
) ∗ 𝑔∞(𝑎) (1.2.2) 

Therefore, the backprojection will be:  

 𝑓𝐹𝐵𝑃(𝑥, 𝑦) = ∫
𝑅2

𝐿(𝑥, 𝑦, 𝛽)2

2𝜋

0

�̃�(𝛽, 𝑎(𝑥, 𝑦, 𝛽))𝑑𝛽 (1.2.3) 

Where  𝐿(𝑥, 𝑦, 𝛽)−2 = (𝑅 + 𝑥𝑐𝑜𝑠𝛽 + 𝑦𝑠𝑖𝑛𝛽)−2  is a space dependent factor and 

𝑎(𝑥, 𝑦, 𝛽) = 𝑅
−𝑥𝑠𝑖𝑛𝛽+𝑦𝑐𝑜𝑠𝛽

𝑅+𝑥𝑐𝑜𝑠𝛽+𝑦𝑠𝑖𝑛𝛽
 is the detector position. [6] 

1.2.2 Feldkamp-Davis-Kress (FDK) reconstruction algorithm for CBCT 

Feldkamp, Davis, and Kress (FDK) [7] introduced an approximate algorithm for 

circular CBCT images reconstruction. The approximation lies in that, no matter how 

better the resolution of the measurement is, the reconstruction result always has a 

small amount of deviation. However, if the cone angle is moderate, the deviation can 

be neglectable. 

FDK algorithm can be seen as an extension of the fan-beam FBP algorithm in three-

dimension. Adding a new plane, (a,b), which is perpendicular to plane (x,y), the 

filtered projection value can be written as  

�̃�(𝛽, 𝑎, 𝑏) = (𝑝(𝛽, 𝑎, 𝑏)
𝑅

√𝑅2 + 𝑎2 + 𝑏2
) ∗ 𝑔∞(𝑎) (1.2.4) 

Then, backprojection can be acquired: 

 𝑓𝐹𝐵𝑃(𝑥, 𝑦, 𝑧) = ∫
𝑅2

𝐿(𝑥, 𝑦, 𝛽)2

2𝜋

0

�̃�(𝛽, 𝑎(𝑥, 𝑦, 𝛽), 𝑏(𝑥, 𝑦, 𝑧, 𝛽))𝑑𝛽 (1.2.5) 
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a and L is identical to their counterpart in equation (1.2.3), and 𝑏(𝑥, 𝑦, 𝑧, 𝛽) =

𝑧
𝑅

𝑅+𝑥𝑐𝑜𝑠𝛽+𝑦𝑠𝑖𝑛𝛽
 . 

1.3 Deep Learning for Medical Imaging 

1.3.1 Machine Learning 

 Traditionally, machines needed to be well-programmed to carry out a specific 

command. However, in recent years, the emerging machine learning technique 

changed this situation by accepting data, but not responding to commands, to generate 

outputs. In machine learning, computers can learn from current experiences, which 

will be represented in the form of data, and produce useful results in the future. This 

is realized by creating a mathematical model that can be trained to solve a specific 

problem. The model created is capable of converting data into parameters that can be 

stored in the model and will be used in future operations. 

Machine learning can be categorized into several different kinds according to how 

the input data were used. The most basic machine learning method is reinforcement 

learning. It optimizes an objective function by using data for trials and learning from 

the errors occurred in trials. The mostly wide-used machine learning technique is 

supervised learning. The data input to the machine are previously labeled and sorted 

into different groups. The machines are trained to produce correct labels on new data. 

The third type of machine learning is unsupervised learning, where the machines are 

fed with massive unlabeled data and are expected to find common patterns in the data. 
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[8] 

1.3.2 Deep Learning 

Deep learning is one of the machine learning methods where the mathematical 

models are often constituted of large numbers of operations. The “deep” models often 

imitate the function of human brains that enables machines to teach itself by learning 

from data. The data that are fed to the deep learning model are typically unlabeled 

raw data and the model can accurately extract common features from data 

automatically. The machine can then use the trained model to categorize future data.  

Deep learning theory was first introduced to the world in the 1980s. [9] However, 

deep learning training process needs huge amounts of data and substantial computing 

power that can process the data, which can neither be achieved at that time. Nowadays, 

with the development of data sciences, big data are much easier to be acquired. Along 

with the emerging powerful GPU calculation capability, deep learning becomes very 

useful in current science researches.  

1.3.3 Convolutional Neural Network 

Convolutional neural network (CNN) is one of the famous models in deep 

learning. It belongs to the family of artificial neural networks, where artificial neurons, 

groups of connected computational units are employed. CNNs are designed to 

processing data that are in the form of matrixs, such as gray and colored images.  

The unique part that differs CNN from other neural networks is the convolutional 

layers, which are good at extracting features from a whole image according to the local 
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correlations of data. This is because the data values inside the features are independent 

of the surrounding data values and by applying convolutional operations, the local 

correlations will be detected by the network. 

Although convolutional operations are capable of extracting local features, there 

is another operation needed for building a CNN, pooling operations. In convolutional 

layers, features are extracted and stored in a feature map. The feature maps are then 

pooled together into the pooling layers and the similar features that are stored in 

different feature maps will be merged into one feature, thus reducing the number of 

feature maps and giving CNN translational invariance. At the end of a CNN, a fully- 

connection layer will be applied to add all feature maps together and produce the 

desired data. [9] 

1.3.4 Deep Learning Applications on Medical Imaging 

In recent years, deep learning based methods have been introduced into the 

medical imaging field to complete tasks ranging from segmentation [10] and 

classification [11] to image augmentation [12] and restoration [13]. There have been 

several works concentrating on using deep learning methods to augment 4D-CBCT 

images by improving the image quality itself [14] or improving the reconstruction 

algorithm [15]. Recently, we developed a deep learning method to augment the quality 

of 4D-CBCT reconstructed by the iterative method. [16] However, deep learning 

method optimizes the network model on general 4D-CBCT characteristics, which 

make it still deficient in recovering small detailed information such as lung texture in 
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CBCT images. [17] 

1.4 Patient-Specific Modeling 

Patient-specific modeling (PSM) is a process of developing computational model 

for individual persons. PSM is a heated discussed research topic around the world, 

especially in the field of radiation therapy because of its potential to improve diagnosis, 

optimize clinical treatment by predicting outcomes of therapies and surgical 

interventions. For most of the cases in clinics nowadays, general treatment procedures 

are applied to treat similar symptoms. However, these procedures are based on 

average and may vary a lot in some cases, resulting in unsatisfactory treatments. In 

this circumstance, PSM can be very helpful in optimizing certain treatment procedures, 

leading to higher accuracy treatment delivery. 

However, to perform PSM, large scales of manual procedures are required, and 

the time consumption is frustrated. Therefore, automatically conduct PSM has become 

the major challenge in applying PSM to clinics. Fortunately, the developing deep 

learning methods are good at processing raw data and building relevant models. [18] 

1.5 Transfer Learning for building Patient-Specific Model 

Transfer learning is a machine learning technique where a model trained on one 

task is re-purposed on a second related task [19]. In the classic deep learning scenario, 

if we intend to train a model for a specific task, we need to feed the network with 

labeled data in the domain that the task requires [20]. On another occasion, when 
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applying the model to some other tasks that use data from a different domain, the 

network needs to be retrained by the newly labeled data in that domain [21-22]. 

However, if the new data domain is related to the original data domain, transfer 

learning method grants us the convenience of using much fewer data from the new 

data domain to retrain the model. This is because the knowledges acquired from the 

old model that are related to the new tasks are transferred to the new model, thus 

reducing the amounts of data needed to gain new knowledge from the new data 

domain. [23-25] 

To apply transfer learning to PSM, patient’s prior data and a pre-trained network 

on similar data are required. Using radiation therapy treatment as an example, each 

patient will take CBCT images before every fraction of treatment in order to guide the 

treatment. Transfer learning can utilize the first several days’ data of a specific patient 

to transfer the pre-trained model that are used to augment CBCT images for all people 

into a model that can be used to better augment this patient’s CBCT images in the 

following treatments. 

1.6 Research Aim 

Therefore, in this study, we proposed to build up a patient-specific network model, 

which optimizes the network model with specific patient’s information, through 

transfer learning method to enhance deep learning’s abilities on recovering small 

textures’ information. 
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Considering the advantages of transfer learning, we aim to explore the feasibility 

of transferring a trained CNN network with several patients’ data to a new patient in 

order to build a new CNN model that is specified for that patient. The CNN proposed 

in our study is a standard U-net, which has been proved to be capable of producing 

satisfactory results in the medical imaging field. [26] The proposed method was 

evaluated using both digitally reconstructed radiography (DRR) [27] data and real 

patient data. Results were compared to the original deep learning results both 

qualitatively and quantitatively to demonstrate the improvement in the augmented 

under-sampled CBCT image quality by transfer learning.
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2. Methods and Materials  

2.1  Theoretical Basis 

Let 𝑟 ∈ 𝑅𝑚×𝑛  denote a group of patients’ CBCT images composed of 𝑚 × 𝑛 

pixels that are reconstructed from limited projections, and 𝑟∗ ∈ 𝑅𝑚×𝑛  denote the 

corresponding fully-sampled CBCT or planning CT images that can be used as the 

ground truth. The main goal of the deep learning method is to find an image 

restoration deep learning network g that satisfies the condition: 

 𝑚𝑖𝑛
𝑔

∑‖𝑔(𝑟) − 𝑟∗‖

𝑖

 (2.1) 

The network g is trained using the paired data {(𝑟, 𝑟∗)} . However, the neural 

network trained on a group of patients’ data {(𝑟, 𝑟∗)} is not optimized for augmenting 

individual patient’s data. To transfer the group-trained network g into a patient-

specific network �̃�, the specific patient’s CBCT data are used for the transfer learning. 

Specifically, let dataset 𝑠 ∈ 𝑅𝑚×𝑛  denote a specific patient’s under-sampled CBCT 

images with the corresponding ground truth 𝑠∗ ∈ 𝑅𝑚×𝑛 .  

The main goal of transfer learning is to retrain the original network g into a 

patient-specific network �̃� that satisfies the condition: 

 𝑚𝑖𝑛
�̃�

∑‖�̃�(𝑠) − 𝑠∗‖

𝑗

 (2.2) 

This means the network parameters’ optimization process will have the starting 

point 𝑔  and reach the end point �̃� . This new process, �̃� , will have a better 

performance than the original process 𝑔 on augmenting data from the specific patient. 
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2.2  Network Architecture 

U-net architectures (Fig. 1) starts with a contracting path and followed by an 

expansive path. The contracting path repeatedly calls the application of two 3 × 3 

convolutions, each followed by a rectified linear unit (ReLU) and a 2 × 2 max pooling 

operation for down-sampling. Each down-sampling operation also doubles the feature 

channels. Similarly, every step in the expansive path consists of two 3 × 3 

convolutions and a ReLU. The difference is that the down-sampling operations in the 

contracting path are replaced by up-sampling operations, which reduce the feature 

channels by half. The number on the top of each layer denotes the number of feature 

channels in each layer. In addition, concatenation layers are added after each up-

sampling operation to make up for the loss of border pixels within every convolution. 

In the end, a 1 × 1 convolution is added to the network to reduce the feature channels 

to a desired number.  
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(Figure 2. Demonstration of U-net architecture and layer-freezing method, the 

red square indicates the layers that are retrained.) 

2.3  Transfer Learning based on U-Net 

To perform transfer learning, we need first acquire a model by training U-net to 

find the relationship between under-sampled CBCT and fully-sampled CBCT or 

planning CT images. Then, starting from the trained U-net model, we feed the network 

with the new patient’s data, which also contains under-sampled CBCT and fully-

sampled CBCT or planning CT images, in order to extract and store patient-specific 

details into the model. In model evaluation procedures, both basic U-net model and 

transfer learning model are tested using the same data to compare the augmentation 

results. The reference for results comparison in the fully sampled CBCT or planning 

CT images. 

 The U-net is first trained using a group of patients’ data, and then it will be 

retained into a patient-specific model using the specific patient’s CT or prior days’ 

CBCT data with transfer learning. The network can be adaptively updated by adding 

the latest day’s CBCT images in the training data.     

In addition, two transfer learning methods, including the whole-network fine-

tuning method and the layer-freezing method, are investigated in our study to 

enhance the image quality augmentation by the deep learning network. The whole-

network fine-tuning method uses the new patient data to retrain all the layers in the 
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network but lower the learning rate to make the parameter change slowly from the 

starting point. This method changes the original knowledge stored in the network 

model by adjusting the parameters in the network based on the new patient data. Only 

a limited amount of new data is needed since the network only needs to be fine-tuned 

during transfer learning. 

The layer-freezing method starts with the trained model as well but retrains only 

the middle and final layers of the network. As the contracting path goes deeper toward 

the middle of the network, the feature channels’ number increases, which means the 

extracted features’ size decreases. In lung imaging, bronchus and nodules are all small 

textures which are of main clinical interest. Therefore, we chose to retrain the six 

convolution layers in the middle of the network and the 1 × 1 convolution layer at 

the end of the network, together with one down-sampling, one up-sampling, and one 

concatenating layer that is attached to the six convolution layers, as indicated by the 

layers inside the red rectangle in Fig. 2. The parameters in the upper layers are frozen. 

The training time of the layer-freezing method is shorter than that of the whole-

network fine-tuning method due to a smaller number of parameters being retrained. 
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(Figure 3. Overall transfer learning workflow) 

2.4  Experiment Design 

2.4.1 Two transfer learning methods’ comparison. 

The dataset we used in this study includes eighteen NSCLC patients’ planning 4D 

CT data from the Cancer Imaging Archive. Each patient in the dataset has five to seven 

4D CT sets that cover the periods of treatment, which varied from 25 to 35 days. The 

limited projection CBCT images are DRR (digitally reconstructed radiography) 

reconstructed from the 4D CT data using Feldkamp (FDK) algorithm. To reconstruct 

the CBCT image, we use the 6th phase of CT image set for each patient and extract 360 

projections’ data from the 3D volume. Then 72 (20%) projections’ data out of 360 
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projections to reconstruct the limited-projections CBCT image.  

Among the eighteen patients’ data, seventeen patients’ data were used for basic-

Unet training. When training the network, we shuffle the paired data and extract 5 

percent of these data for network validation. The left one patient’s data are used for 

transfer-learning and network testing purposes. In addition, the training sets for basic 

U-net only use the first day’s CT image set from the seventeen patients while all five 

days’ CT image sets form the eighteenth patient are used for transfer-learning and 

testing. This corresponds to 2040 slices of 256 × 256  images for the training and 

validation data, and 600 slices of 256 × 256 images for transfer learning data. Because 

of the characteristic of transfer learning method, its data are also included in the test 

data, which makes the test data contain 600 slices of 256 × 256 images.  

 In this study, U-net is firstly trained with the grouped seventeen patients’ data. 

Then, we conduct experiments on the two different transfer learning methods 

mentioned in part B to compare these two methods. The first days’ 4D CT images and 

the corresponding limited-projections CBCT images for transfer learning.  

All three models from basic U-net, layer-freezing model, and whole-network fine-

tuning model are tested with the 2nd day’s 72 projections DRR. The output images are 

compared to each other to see the difference between them and the 2nd day’s 4D CT 

images. 

2.4.2 Sequential transfer learning and all data transfer learning 

comparison 
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In the sequential transfer learning experiment, the two trained transfer learning 

models from experiment 1) are used as starting points for the whole-network fine-

tuning method and layer-freezing method respectively. The 2nd day’s data are fed to 

the models for retraining and the models are tested with the 3rd day’s data. This 

process was then repeated with the 3rd and 4th day’s data and the 4th and 5th day’s 

data.  

Besides, we set up a comparison experiment, all data transfer learning, to 

evaluate the effect of sequential transfer learning method. In the experiment, all the 

data from previous days are packed together to retrain the basic U-net model, which 

means, if we want to test the model with 3rd day’s data, the first two day’s data will 

be fed to the network together for retraining. Then the augmented CBCT images 

from two methods will be compared to each other according to day sequence. 

2.4.3 Effects of projection numbers. 

In this study, we further lower the projection number used for under-sampled 

CBCT reconstruction. 36(10%) projections were extracted from 360 projections’ data 

to reconstruct the under-sampled CBCT. Both under-sampled DRR data 

reconstructed from the 36 and 72 projections are used to compare the effects of 

projection numbers on transfer learning. We choose the better method of the two 

transfer learning methods to evaluate this effect. Still, two models are trained from 

basic U-net with 36 and 72 projections data separately. Start with the two models, the 

first- and second-days’ patient data are used as training data for transfer learning. 
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Both results from basic U-net and transfer learning are evaluated using planning CT 

image as reference to see the difference between the improvements from the transfer 

learning methods and the best image qualities that transfer learning can acquire from 

different projection numbers. 

2.4.4 Real patient data evaluation. 

In this study, we used the data set that includes 8 breath-hold lung patients’ data 

from Duke Clinic. Each patient has five to seven days of 3D CBCT data as well. Each 

3D CBCT data are constructed from 894 full-angle projections’ data and have 100 

slices of image. To simulate 4D CBCT image that has limited projections and 

compare the augmentation results with DRR study, we use 89(10%) projections’ and 

178(20%) projections’ data out of the 894 projections’ data to reconstruct limited-

projections CBCT image, simulating the 4D CBCT image. Among the eight patients’ 

data, seven patients’ data are used for training and validation using the same method 

to process the data as in DRR study. The left one patient’s data are used for transfer 

learning and testing purpose. Therefore, 1400 slices of 256 × 256 images are used 

for training and 500 slices of 256 × 256 images are used for transfer learning and 

testing 

Since the projection numbers in each phase bin of 4D CBCT data is sparse, the 

4D CBCT images suffer from the streak artifacts and noise, making it unsuitable for 

reference image. Therefore, we choose to use fully-sampled 3D CBCT images as 

reference. The under-sampled CBCT images are reconstructed from the same 
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projections data as the fully-sampled 3D CBCT images but with sparse projection 

numbers to simulate the 4D-CBCT images. A new U-net model is trained from these 

real CBCT data and transfer learning are performed to evaluate the model’s 

feasibility on real patient data. 

2.5  Evaluation Methods 

2.5.1 Visual Inspection 

Since the main goal of the transfer learning is to recover additional small details 

that are lost in traditional deep learning methods, checking small textures in the 

augmented images is of great significance. In this study, we use the same window 

level for all the augmented images and ground truth images, which is normalized to 

zero to one. Also, difference maps are generated between augmented images and 

ground truth images in order to check which part has the most difference. 

In addition, to evaluate the performance of transfer learning, we extracted lung 

area out of the body area using a novel method from MathWorks [27] in order to 

view the improvement in different part of the body.  

2.5.2 Quantitative Evaluation 

Besides the visual inspection, we also use the peak signal to noise ratio (PSNR), 

which is defined as 

 𝑃𝑆𝑁𝑅 =  20 ⋅ log10(
𝑀𝑁‖𝐺‖∞

‖𝑇 − 𝐺‖2
) (1) 

where T and G denote the reconstructed images and ground truth, respectively; 
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M and N are the number of pixels for row and column, and the structure similarity 

index matrix (SSIM), which is defined by: 

 𝑆𝑆𝐼𝑀 =  
(2𝜇𝑇𝜇𝐺 + 𝑐1)(2𝜎𝑇𝐺 + 𝑐2)

(𝜇𝑇
2 + 𝜇𝐺

2 + 𝑐1)(𝜎𝑇
2 + 𝜎𝐺

2 + 𝑐2)
 (1) 

where 𝜇𝑇 is an average of T, 𝜎𝐺
2 is a variance of G and 𝜎𝑇𝐺 is a covariance of T 

and G. There are two variables to stabilize the division such as 𝑐1 = (𝑘1𝐿)2 and 𝑐2 =

(𝑘2𝐿)2. L is a dynamic range of the pixel intensities. 𝑘1 and 𝑘2 are constants by 

default 𝑘1  =  0.01 and 𝑘2  =  0.03. 
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3. Results  

3.1  Layer-Freezing or Whole-network Fine-tuning 

In this section, two methods of transfer learning are evaluated. Table 1 shows the 

evaluation data for this study. From the second column of Table 1, we can see that 

transfer learning is very useful for augmenting the quality of image for one specific 

patient. Fig. 4 shows the visual inspection of augmented images from different 

methods and ground truth images. The third column in Fig. 4 shows that the difference 

map of basic U-net image and ground truth has a higher absolute value in lung area 

than the difference map between the transfer learning image and ground truth. In 

addition, we can see from the difference map that the difference is more uniform. Fig. 

4 fourth column shows the comparison between the two transfer learning images. 

Their difference from the basic U-net image have approximately the same range and 

the difference between themselves is very low.  

Fig. 5 shows the extracted lung parts from the whole-body volume, which are 

used to compare the augmented image quality for lung texture. From the lung 

evaluation data in Table 1, the third column, the improvement from transfer learning 

methods is impressive. Still, the SSIM difference between the two methods is only 0.5%. 

Fig. 6 shows the analysis of body area excluded. The fourth column in Table 1 

demonstrates that the transfer learning method only has a slight improvement in the 

muscle tissue in body area.  
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From the results above, we can see that the layer-freezing method has a slightly 

higher performance than the fine-tuning method. However, since the difference 

between them is smaller than 0.5%, we considered these two methods to have 

approximately equal competence in re-augmenting image quality from the basic 

machine learning image. Nevertheless, the training time for the layer-freezing model 

is only about 10 minutes with a common graphic card RTX2060, while fine-tuning 

model takes 4 times of the period to retrain the model since it lowers the learning rate. 

Therefore, the following part will choose the layer-freezing method as research object. 

 

Whole 

Volume 

Lung Area 

Body Area 

excluded Lung 

Layer-

Freezing 

SSIM: 0.958 

PSNR: 38.42 

SSIM: 0.940 

PSNR:37.28 

SSIM: 0.964 

PSNR: 38.89 

Fine-

Tuning 

SSIM: 0.956 

PSNR: 38.06 

SSIM: 0.936 

PSNR: 36.99 

SSIM: 0.962 

PSNR: 38.06 

Basic 

U-net 

SSIM:0.924 

PSNR:33.77 

SSIM: 0.839 

PSNR: 34.87 

SSIM: 0.954 

PSNR: 35.45 

(Table 1. Numerical analysis for freezing and tuning image comparison.) 
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(Figure 4. Comparison between transfer learning image, basic U-net image and 

ground truth image) 
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(Figure 5. Lung extraction image) 
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(Figure 6. Body image without lung area) 

3.2  Sequential Training or All-data Training 

In this section, two methods for organizing training data are evaluated. The first 

one separated the first 4 days data into each day. Each data set contains 120 slices of 
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limited-projection CT image, paired with the ground truth CT. The other method, all-

data training, packed all data in the first 4 days into 1 package which contains 480 

slices of 2D CT. 

 

(Figure 7. Comparison between sequential and non-sequential transfer learning 

on the 5th day’s image) 

Fig. 7 shows the result of sequential or non-sequential image comparison on the 

5th day’s image as we want to use the model on predicting the data on the 5th day and 

later. In addition to the 5th day’s data evaluation, we also conduct the numerical 

evaluation for the data on the 3rd day and the 4th day, which are shown in Table 2. 

 Day 3 Day 4 Day 5 

Sequential 

Freezing 

SSIM: 0.956 

PSNR: 38.38 

SSIM: 0.941 

PSNR:35.47 

SSIM: 0.950 

PSNR: 37.14 

Freezing SSIM: 0.957 SSIM: 0.946 SSIM: 0.950 
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PSNR: 38.33 PSNR: 35.64 PSNR: 37.47 

Sequential 

Tuning 

SSIM: 0.950 

PSNR: 37.86 

SSIM: 0.945 

PSNR: 35.97 

SSIM: 0.950 

PSNR: 37.19 

Tuning 

SSIM:0.954 

PSNR:37.96 

SSIM: 0.944 

PSNR: 35.58 

SSIM: 0.943 

PSNR: 36.83 

Basic U-

net 

SSIM:0.922 

PSNR:33.62 

SSIM: 0.936 

PSNR: 34.75 

SSIM: 0.892 

PSNR: 32.06 

(Table 2. Numerical analysis for sequential and non-sequential transfer learning 

images.) 

 

 

 

We can see from the data that the augmentation from all-data training is slight 

higher than sequential training. In addition, all-data training is much easier to perform 

32

33

34

35

36

37

38

39

Day 3 Day 4 Day 5

PSNR Comparison

Sequential Freezing

Freezing

Sequential Tuning

Tuning

Basic U-net

0.89

0.91

0.93

0.95

0.97

Day 3 Day 4 Day 5

SSIM Comparison

Sequential Freezing

Freezing

Sequential Tuning

Tuning

Basic U-net
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since the first 4 days’ data are packed together to train the model and no need to feed 

data day-by-day. Aside from the data comparison within days, Table 1 also shows that 

the quality augmentation depends on the image quality itself, which means the 

augmentation effect will not increase with the increasing amounts of patient’s specific 

data. 

3.3  Projection Numbers Effect 

The previous images used for augmentation are reconstructed through 20% of the 

full projection numbers. In this section, the total projection numbers are set to 10% of 

the full projection numbers to see how it can affect the data augmentation. 

 

(Figure 8. 10% projection numbers image augmentation) 

Fig. 8 shows the comparison between the augmented, 10% projection numbers 

image and ground truth. The SSIM for the transfer learning image and U-net image is 
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0.9306 and 0.9161 separately; PSNR are 35.65 and 34.65 separately. These evaluation 

data seem to indicate that when the projections number is very small, the machine 

learning method is not able to recover details as good as the image that has more 

projections and the transfer learning method’s details recovering ability was also 

affected. However, the lung texture in the transfer learning image does show a slightly 

higher quality than its counterpart in image augmented from basic U-net.  

3.4  Real Projection Data  

In the previous section, the model analyses are all based on the DRR image. In this 

section, the model is applied to real projection data. The origin data are reconstructed 

through 179 projections out of 894 projections, which is 20% of the full projection 

numbers. 

Table 3 shows the numerical evaluation data. The first two rows of Table 3 contain 

the evaluation data for 178 projections images; it shows that the augmented image 

quality is slightly lower than its counterpart in the DRR image, which is previously 

expected due to the noise in the real projection CBCT image. From the difference map 

in Fig. 7A, the major improvement from transfer learning is that it makes the value in 

the image more comparable to the ground truth, which means it makes the difference 

more uniform, especially in bone area that have most of the noises.  

Furthermore, from the structure-by-structure evaluation, the improvement in 

body area is more obvious in the difference map than it was in the DRR evaluation. 
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However, the difference map for lung area is not so obvious. We can only see the 

uniformity is better but no extra lung texture details was recovered. Yet, the data 

evaluation yields good results as the SSIM for lung area in transfer learning image is 

0.8574 and the SSIM for U-net image is 0.7927. The improvement is over 6%, which 

agrees well with the results in the DRR evaluation parts.  

The last two rows of Table 3 contain the evaluation data for 89 projections image 

data. This result agrees with the projection numbers effect section, that the lower the 

projection numbers, the lower the augmented image’s quality will be. However, 

though the SSIM for 89 projections’ transfer learning images is still lower than 179 

projection’s transfer learning images. The augmentation amounts from transfer 

learning are better than 179 projections.  

 

 

Whole 

Volume 

Lung Area 

Body Area 

excluded Lung 

20% 

projection data 

SSIM: 0.894 

PSNR: 34.52 

SSIM: 0.857 

PSNR: 35.03 

SSIM: 0.909 

PSNR: 34.33 

Basic U-net 

for 20% 

projection 

SSIM:0.866 

PSNR:32.11 

SSIM: 0.793 

PSNR: 33.86 

SSIM: 0.896 

PSNR: 31.57 

10% 

projection data 

SSIM: 0.879 

PSNR: 33.96 

SSIM: 0.839 

PSNR:33.98 

SSIM: 0.896 

PSNR: 33.95 
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Basic U-net 

for 10% 

projection 

SSIM:0.833 

PSNR:30.98 

SSIM: 0.738 

PSNR: 31.61 

SSIM: 0.870 

PSNR: 30.76 

(Table 3. Numerical analysis for real projection data.) 
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(Figure 9A. 179 real projection CBCT image comparison) 
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(Figure 9B. 89 real projection CBCT image comparison) 

4. Discussion 

4.1 Limited Projections CBCT Image Quality Augmentation 

 Improving 4D-CBCT images quality is essential since 4D-IGRT, especially SBRT, 

requires more accuracy then 3D-IGRT due to motion track, yet 4D-CBCT images 

quality is worse than 3D-CBCT because the 4D images in each phase are under-

sampled. Various deep learning methods have been applied to augmenting CBCT 

images but still has some limitation like losing small detail information in the 

augmented images. In this paper, transfer learning procedure has been described to 

build a patient-specific model for 4D-CBCT image quality augmentation in order to 

address these limitations. It takes the advantages of the specific patient’s prior 

information, planning CT images or fully-sampled 3D-CBCT images, to modify the 

general restoration patterns learned from various patients’ data into a specific 

restoration pattern for this patient. Our proposed transfer learning method achieved 

outstanding performance in recovering small lung textures such as bronchus and 

blood vessels, as well as in eliminating noises to make image values more uniform 

compared to the traditional deep learning method. With high-quality 4D-CBCT 

images for the specific patents, the assessment of inter- or intra-tumor localization in 

SBRT for tumors in lungs can be more accurate, leading to more precisive dose 

delivery to the tumor.  
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 Besides the visual inspection, the numerical analysis using parameters SSIM and 

PSNR also demonstrated the improvement resulted from transfer learning. Though 

the amounts of improvement revealed by SSIM and PSNR seem to depend on 

individual volumetric images, all the images still get at least 5% improvements in 

parameter analysis. 

To further evaluate the performance of transfer learning, we extracted lung area out of 

the body area using a novel method from MathWorks in order to view the 

improvement in different parts of the body quantitatively and qualitatively. From the 

numerical analysis, the major improvement from transfer learning method lies in the 

lung area. Also, from the lung part images that use smaller window level ranges, we 

can clearly find out the recovered bronchus and blood vessels which were lost in the 

basic U-net augmentation process due to artifacts and noises in limited projection 

images. Besides, the improvement in body area excluded lung is limited which may 

be because the augmentation of body area from U-net is already satisfactory since the 

SSIM is larger than 0.95. As a consequence, the transfer learning method is not capable 

to recover additional details that are lost in U-net augmentation.  

In addition, the high-quality performance in lung area attested our proposal that 

transfer learning method is able to make the network learn additional patient-specific 

restoration patterns that contain more detailed information than the traditional deep 

learning trained network. However, the network retrained by transfer learning 

method is only useful for the specific patient as the restoration patterns are based on 
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the patient’s data. When applying on other patients’ data, the network may assume 

artifacts or noises as small organ textures and yield unsatisfactory results that are even 

worse than traditional deep learning results.  

Furthermore, the performance in lung area from layer-freezing methods may attest 

our proposal that the middle layers in U-net extract and restore small details well, since 

the small textures in lung area are more clarified than in basic U-net images. However, 

to further prove this proposal, we need to evaluate the parameters’ similarities of the 

network before and after the transfer learning training process. 

4.2 Comparison of Two Transfer Learning Method 

In this study, two transfer learning methods, whole-network fine tuning and layer-

freezing methods, yield similar results in image quality augmentation but have a large 

difference in training time. All the transfer learning training process were conducted 

in Python with Keras framework, and were performed with a common graphic card, 

RTX2060 (6GB VRAM). With one day’s patient’s CBCT images (120 slices) as transfer 

learning training data, the training time is 10 seconds per epoch for layer-freezing 

method and 28 seconds per epoch for whole-network fine-tuning method. The training 

epoch number was set to 100 for each method, but the loss did not drop after the 50th 

epoch for layer-freezing method and 80th epoch for fine-tuning method. Therefore, 

the real training time for layer-freezing method is around 500 seconds and 2200 

seconds for fine-tuning method. The time-efficiency of the layer-freezing method can 
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be very significant when applying the procedure to the clinic as for each patient being 

treated, the time to modify the model into a patient-specific model with a common 

graphic card can be less than 10 minutes. Besides, as the number of parameters in the 

two transfer learning model are exactly the same since transfer learning was still based 

on U-net architecture, the times for augmenting the under-sampled 3D volume CBCT 

images are same, which is approximately 5 seconds, neglectable comparing to the 

training time. 

Although our proposal about using sequential training method to take advantage of 

the prior patient’s information to further improve the transfer learning ‘s performance 

yields negative results, we found that the transfer learning method has a stable 

performance on patient’s CBCT images, disregarding the time sequence of the data. 

This means that the restoration pattern learned in transfer learning process is mainly 

based on the connections between organs and tissues which will not be significantly 

affected by the change of tumor size and loss of body weight due to the radiation 

treatment process. This stability of transfer learning method makes it possible to just 

train the model with the patient’s first two-days’ data and then, applying it to the 

following fractions of treatment. 

4.3 Effect of Projection Numbers 

 The result of the projection numbers effect study shows that the low projection 

numbers restrained the ability of transfer learning in recovering detail which makes it 
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yield unsatisfactory results. Though there are still improvements from transfer-

learning re-augmentation, the image quality of the augmented images reconstructed 

from 10% projections are not even as good as the basic U-net augmented images 

reconstructed from 20% projection. This is because the images reconstructed from 10% 

projections not only lost too much detail information but also has a very poor signal-

to-noise ratio. In this case, the network is unable to tell the difference between noises 

and small textures. From the results of real projection data study, we can see that there 

are more details in the lung area in 10% projections basic U-net images than in ground 

truth images. This means the trained network mistook the noises as textures and 

restored it when augmenting the CBCT images.  

Nevertheless, the transfer learning methods still give us much better images than the 

original low-quality images. The parameters show that there is approximately 2% 

improvement. Moreover, from the visual inspection of the difference map, the 

difference between transfer learning images and ground truth is obviously less than 

the difference between basic U-net images and ground truth. The result that transfer 

learning method can be applied to the images reconstructed from as low as 10% 

projections can be very essential in IGRT. As was previously mentioned, the current 

4D-CBCT process will take 2-3 minutes and will introduce a lot more dose than the 

conventional 3D-CBCT process. If we can get accepted image quality through fewer 

projection numbers, we can lower the dose of 4D-images, which is one of the primary 

goals of this study. Moreover, fewer projection numbers mean less acquisition time, 
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which can reduce the number of respiratory circles in the acquisition period. This will 

significantly reduce the effects the motion artifacts introduced to 4D-images. 

4.4 Performance on Real Projection Data  

 In real projection data study, the performance of transfer learning is slightly lower 

due to the noises and artifacts that are included in the fully-sampled CBCT images, 

which were used as ground truth. Furthermore, the characteristic that real projection 

data lack small details abundances such as lung textures and muscle tissues also 

affected the performance of transfer learning. However, transfer learning had a better 

performance on 10% projections CBCT images for real projection data than DRR data. 

This may because that the transfer learning model is better at eliminating noise and 

streak than basis U-net model. Though the ability to recover details is restricted due to 

low projection numbers, the ability of removing noise makes the re-augmentation 

amounts increase since there are more noises in 89 projections images to be eliminated. 

We can see from the difference map between U-net image and freezing image in Fig. 

6B that most differences are from the edge area of lung and the area around bones that 

have a lot of noises. 

 Regarding the study of using real 4D-CBCT data, rigid image registrations are 

needed. As previously mentioned, 4D-CBCT images in each phase bin are all under-

sampled. If we want to train the network with real 4D-CBCT data, we need to use the 

planning 4D-CT images as ground truth. However, 4D image registration is still a big 
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problem since respiratory cycles are different from each other. Moreover, 4D-CBCT 

images’ poor qualities also affected the registration since the edge of body and organs 

are not clear. Therefore, more efforts are needed for the researches on real 4D-CBCT 

images quality augmentation. Yet, if we can use 4D-CT as ground truth, the network’s 

performance will significantly improve since CT images contain much fewer noises 

and artifacts than fully-sampled CBCT images. 
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5. Conclusion 

The proposed transfer learning method took the advantages of patients’ prior 

information and demonstrated its capability of substantially augmenting the image 

quality of under-sampled 3D/4D-lung CBCT images by further enhancing the 

anatomical details and eliminating noises and artifacts from traditional deep learning 

methods. The augmentation ability of transfer learning can be used on reducing 

imaging dose in 3D-CBCT or improve the tumor localization accuracy relied on 4D-

CBCT, which can be very essential in SBRT. 
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