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Abstract

Thin-slice computed tomography (CT) images provide richer diagnostic details as
compared with conventional CT images, yet clinical practice often relies on thicker slices
due to the limits in storage capacity, transmission bandwidth, and reconstruction pro-
cesses, hampering radiologists from observing fine structures. To address this challenge,
this study developed and evaluated a deep learning method to restore high-quality thin-
slice images from existing thick-slice CT data. We proposed to use convolution neural net-
works (CNNs) to fuse thick-slice image information from both axial and coronal views.
The model employed a residual learning architecture to extract the non-linear mapping
from thick to thin slices. A series of 2D CNN models with varied numbers of parameters
were designed for comparison, using traditional interpolation methods as a baseline, with
performance measured by the structural similarity index (SSIM) and visual evaluation.
Experimental results systematically validated the effectiveness of the proposed dual-view

2D CNN models in restoring thin-slice images. Of the 2D CNN models constructed, the
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high-parameter model achieved the best performance with an average SSIM of 0.9610,

significantly outperforming the 3D model with a comparable number of parameters and

traditional interpolation methods. The optimal model better captured image features and

preserved spatial continuity. Pixel-level and visual evaluations also demonstrated the

model’ s ability to restore boundaries and textures. Further, we performed numerical

simulation to evaluate the slice thickness recoverable with our model (i.e., compression

efficiency). In conclusion, this study has successfully validated the feasibility and effec-

tiveness of using dual-view deep learning to restore high-quality thin-slice CT images,

which offers a potential solution to the abovementioned clinical problem.

Keywords: Thin-slice, Computed Tomography, Image Restoration, Deep Learning, Dual-

View
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Chapter 1 Introduction

1.1 Background

Thin-slice x-ray computed tomography (CT) [ 1] enhances diagnostic quality by pro-
viding better spatial resolution as compared with conventional CT images where slice
thickness is usually larger than in-plane pixel sizes. Thin slices mitigate partial volume
effect, allow for clearer visualization of lesion boundaries and fine anatomical structure,
and thus improve overall diagnostic accuracy and subsequent treatment planning. Thin
slices also allow for isotropic spatial resolution which improves the quality of volume

rendering when necessary.

1.2 Motivation and Problem Statement

Although thin-slice images provide rich details, they present practical challenges in
clinical workflows. The raw data volume of thin-slice images is extremely large, demand-
ing significant storage space in Picture Archiving and Communication Systems (PACS)
and high bandwidth for network transmission. Furthermore, modern CT scanners typi-
cally perform automated post-processing after the scan, and reconstruct the raw thin-slice

data into standardized thick slices (e.g., 5 mm) according to predefined clinical proto-
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cols. This reconstruction step is often integral to the standard image generation process

for radiologists’ interpretation.

Consequently, due to these storage, transmission, and standardized reconstruction
procedures, the images archived long-term in PACS and routinely accessed by clinicians
are often the processed, standard-thickness images. The original thin-slice data, contain-
ing the most complete details, might be discarded shortly after reconstruction or not stored
routinely. This creates a clinical limitation: radiologists/clinicians often cannot retrieve

the original thin-slice images to examine minute lesions or anatomical structures.

Under these restrictions, restoration of thin-slice quality images from existing thick-
slice CT images - without calling-back patients for extra scanning or searching for po-
tentially unavailable raw data —has emerged as a problem of great clinical and research

interest.

1.3 Existing Methods and Limitations

A common method to resolution restoration is using interpolation approaches, such
as nearest neighbor, bilinear, or cubic interpolation, to compute the to-be-restored pixel
values by referring to neighboring voxels [2, 3]. These methods are popular because of
their simplicity and practicable computational efficiency. However, directly through in-
terpolation it is difficult to maintain structural and textural relationships among the pixels
of the image, which in many situations makes them a lossy frame reconstruction and leads
to image blurring, particularly in areas of significant structural variations or fine textures/

features.

With recent breakthroughs in model architecture and computing power, deep learning
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has been increasingly applied to medical image reconstruction.The advantage of convo-
lutional neural networks (CNNs) [4] is that they can learn the nonlinear mapping between
input and target images from large-scale training data, by automatically extracting multi-
level features of input images from spatial, textural, and semantic information [5, 6]. This
overcomes the limitations of conventional techniques which often struggle to recover high-

frequency details and structural authenticity.

Recent studies implemented super-resolution [ 7, £] for a single two-dimensional (2D)
image by using SRCNN (Super-Resolution Convolutional Neural Network) [9] and VDSR
(Very Deep Super-Resolution) [ 10]. These pioneering methods demonstrated notable im-
provements over traditional bi-cubic interpolation on benchmark natural image datasets.
For instance, SRCNN achieved an average SSIM improvement of approximately 0.0472
and a PSNR gain of around 1.88 dB, while VDSR provided an average SSIM improve-
ment of about 0.0626 and a PSNR gain of approximately 2.58 dB. Although these studies
showed satisfactory resolution and visual quality in the reconstructed images, primarily
for general 2D content, it is unclear whether their methods are directly applicable to three-
dimensional (3D) clinical images considering that their methods did not incorporate volu-
metric spatial continuity and contextual dependencies crucial for 3D medical data. A later
study introduced 3D CNNss to include volumetric spatial information for CT and magnetic
resonance image reconstruction [ 1 1, 12]. On the other hand, multi-view input images have
been used in several artificial intelligence tasks of medical images, such as segmentation
and detection [ 13, 14], to enable the model to sense multidirectional information contained

in edges and textures.

Although several deep-learning models have been proposed for CT image reconstruc-

tion [15], few considered both multi-view fusion [16] and light computation [17, 18]. It
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also remained unclear how much or whether the performance of deep-learning models is

better than traditional interpolation methods.

1.4 Study Purpose

To address the abovementioned gaps, we proposed a CNN-based lightweight frame-
work to restore thin-slice CT images from both axial and coronal views of thick-slice CT

images.
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Chapter 2 Materials and Methods

The study flowchart is shown in Fig. 2.1 and described separately in the following

subsections.
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Origin DICOM data

Axial Thick-slice Coronal Thick-slice

Image Preprocessing

Normalize . . Crop the image
. Resize the image . f
Pixel Value from to fit model boundaries to align
DICOM file the data.
Model Training
Thin-slice results
/]
Thick-slice Data CNN Model

Convert result to DICOM format

Normalize
Pixel Value from Update DICOM tag
model output

Figure 2.1: The overall flowchart of the proposed method, including preprocessing, model
training, and output conversion.
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2.1 Image Data

This study was conducted using the abdominal CT images acquired in National Tai-
wan University Hospital. A total of 109 adult subjects were initially collected in this
study. The informed consent form was waived by the Research Ethics Committee for de-
identified retrospective data analysis. Among them, 100 subjects with complete and high-
quality scans were included for model development and evaluation, with data in the DI-
COM format. For each subject, the data contained thin-slice images (1 mm and isotropic)

and thick-slice images (1x1 mm in-plane and 5 mm through-plane).

To build the deep-learning model, the data was divided into training, validation, and
test sets (N =90, 10, and 9). Training was performed on the training set, while the vali-
dation set was used to track model performance, optimize hyper-parameters, and prevent
overfitting. The test set was reserved for final evaluation of the model’s performance. The
inputs were thick-slice images (including both axial and coronal views), and thin-slice im-

ages were the ground truth.

2.2 Image Preprocessing

The deep learning model takes two sets of axial slices as the input: one from the
original thick-slice axial images and the other from the original thick-slice coronal images

reconstructed into axial slices. The preprocessing steps are described as follows.
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2.2.1 Normalization

To mitigate inconsistency in signal intensities from scan to scan, the pixel values of

the DICOM images were converted to Hounsfield Units (HU):

HU = (PixelValue x RescaleSlope) + Rescalelntercept 2.1

2.2.2 Resizing

This step was to match the slice number between the input images and the ground

3. By referring to the coordinate system in

truth where the resolution was 1x1x1 mm
Fig. 2.2, the original axial images (5mm thick along the z axis) underwent five-fold inter-

polation along the z axis. The axial images reconstructed from the original coronal images

(5mm thick along the y axis) underwent five-fold interpolation along the y axis.
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z (5mm) (b)

y (Imm)
x (1mm)
Interpolation Interpolation
along the z axis
z (1lmm)
y (Imm)
x (Imm)

along the y axis

z (1mm)
y (5mm)

x (Imm)

z (1mm)
y (Ilmm)

x (Imm)

Figure 2.2: [Illustration of the five-fold slice interpolation process to achieve a
1x1x1 mm? effective resolution. (a) depicts the process for original axial images, and

(b) for axial images reconstructed from original coronal images.
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2.2.3 Cropping

Coronal images are first reconstructed into a series of axial slices. This direct recon-
struction can lead to size and alignment mismatches with the original axial images, as illus-
trated in Fig. 2.3. To resolve this, a process of detection, cropping, resizing, and padding
is applied, primarily targeting the left and right edges of the coronally-reconstructed axial
images, as revealed through image analysis. This procedure ensures that the resulting axial
images derived from coronal scans are of the same size and spatial position as the original
axial images from the thick-slice acquisition. Such processing guarantees high similarity
between the coronally-reconstructed axial images and the original axial planes, boosting

the stability and accuracy of model training. The final appearance of the preprocessed

input images is illustrated in Fig. 2.4.

(b) Axial image reconstructed from coronal
(a) Original thick-slice axial image. view, showing potential mismatch.

Figure 2.3: Illustration of potential size and alignment mismatches when reconstructing
axial views from coronal data before specific alignment processing.
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Figure 2.4: Illustration of preprocessing results ready for model input.

2.3 Deep Learning Model Structure

After image preprocessing, the resulting CT images serve as inputs for the image
restoration model developed in this study. Our work primarily focuses on a 2D Convo-
lutional Neural Network (2D-CNN) architecture that incorporates Residual Learning to
enhance the restoration of fine image details. A key aspect of our model is its simultane-
ous use of CT images derived from both the axial and coronal thick-slice scans as input,
enabling the network to learn and fuse information from multiple directions. Through
multiple convolution operations and strategic feature fusion, the model is designed to learn

intricate textures and structural details within the images.

The overall structure of the model, illustrated in Fig. 2.5, can be conceptually divided
into three main stages: a Feature Extraction Stage, a Feature Fusion Stage, and a Residual

Learning Stage.
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2D-Conv

2D-Residual Block1

2D-Residual Block2
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2D-Residual Block6

2D-Residual Block7

2D-Residual Block8

2D-Residual Block9

| |
| |
| |
| |
| |
| |
| |
| |
| |
| |
| |
| |
| |
| |
| |
| |
| |
| |
| |
| |
| 2D-Residual Block5 |
| |
| |
| |
| |
| |
| |
| |
| |
| |
| |
| |
| |
| |
| |
| |
| |
| |
| |
| |

|

Figure 2.5: The overall architecture of the proposed deep learning model, highlighting the
feature extraction, fusion, and residual learning stages.
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2.3.1 Feature Extraction

In the feature extraction stage, the model receives processed axial and coronal thick-
slice CT image sets. Each set typically has a size of (10, 512, 512), where 10 represents
the number of consecutive slices processed together, and 512 x 512 is the resolution of
each slice. The model processes the axial-derived and coronal-derived image sets inde-
pendently through separate 2D convolution pathways, as shown in Fig. 2.6. Each pathway
initially employs a 3 x 3 convolution layer. These convolution operations are designed
to efficiently capture low-level local texture information and features from their respec-
tive orientations, which form the fundamental representations for subsequent fusion and

learning.

To improve feature stability and training speed, Batch Normalization (BN) [19] is
applied to the convolved feature maps. BN normalizes the outputs of the convolution
layers, reducing internal covariate shift and leading to more stable and faster training.
Following BN, a Rectified Linear Unit (ReLU) [20] activation function is applied. ReLU
introduces non-linearity into the model, allowing it to learn more complex patterns and

better capture variations in image texture.
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(10, 512, 512)

Axial

3 X 3 Conv,
Stride:1,
Padding: 1

BN—-ReLU

Feature Map
(32,10, 512, 512)

Concatenate

I

(10, 512, 512)

Coronal

A

3 X 3 Conv,
Stride:1,
Padding: 1

Feature Map
(32, 10,512, 512)

N

\]

J/

A

Feature Map
(64,10, 512, 512)

Figure 2.6: The detailed structure of the Feature Extraction Stage. Axial and coronal
inputs are processed through separate convolutional pathways before feature map con-

catenation.
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2.3.2 Feature Fusion

Recognizing that images from different orientations (axial and coronal) contain com-
plementary information, the feature maps extracted from the separate axial and coronal
pathways in the Feature Extraction Stage are then concatenated. This fusion step, also
illustrated in Fig. 2.6, combines the learned representations. The resulting concatenated
feature map has an increased channel dimension, thereby preserving critical information
from multiple perspectives. This richer, fused feature map is then passed on to the subse-

quent Residual Learning Stage.

2.3.3 Residual Learning

In the residual learning [ 1 7] stage, the model employs a series of nine Residual Blocks
to deeply learn and refine the image details from the fused features. A Residual Block,
detailed in Fig. 2.7, is typically composed of two 3 x 3 convolution layers. Crucially, it
includes a ’skip connection” that adds the input of the block to its output. This architecture
allows gradients to backpropagate more effectively through deep networks, mitigating the
vanishing gradient problem and improving the representation capability of the network.
The residual learning process enables the network to focus on learning the intricate differ-
ences between its current input and the desired target features, which is highly beneficial
for restoring fine details, edges, and textures without losing information from earlier lay-
ers. After processing through all the residual blocks, the features are passed to a final

output block to reconstruct the high-resolution thin-slice image.
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Figure 2.7: The detailed structure of a single residual block used in the Residual Learning
Stage.
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2.3.4 Loss Function

To guide the model training and ensure the quality of the restored images, this study
utilizes a composite loss function designed for supervised learning. This loss function
comprises three components: L1 Loss, L2 Loss, a 2D SSIM-based Loss, and a 3D SSIM-
based Loss. The combination aims to restore texture, contrast, and fine details in the

reconstructed images, ensuring they map closely to the ground truth.

The L1 Loss, or Mean Absolute Error (MAE), is defined as:

N
LLI = Z pred )| (22)

where ,.q(7) and I (i) denote the predicted and ground truth pixel values, respectively,

and N is the total number of pixels.

The L2 Loss, or Mean SquaredError (MSE), is given by:

1 N
LLZ Z pred Z))Q (23)

The 2D Structural Similarity Index (2D SSIM) [21] is calculated based on three com-

ponents: luminance (), contrast (c), and structural similarity (s):

SSIMQD( pred> I ) = l<Ipred7 Igt) ' C(Ipreda Igt) ' S(Ipred7 Igt) (24)
where:
2# red Mgt + Cl
U(Lppe, Iyt) = ——2 (2.5)
( pred gt) :ugred + Mét + Cl
2005
C(Ipred7 ]gt) = ToredTet i 02 (26)

2 2
Upred —'I_ Ugt + 02
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O pred,gt + CS

I re >I =
S( pred gt) OpredO gt + C'3

@.7)

Here, 1 and o represent the mean and standard deviation of pixel values, respectively,
and (', Cy, C'3 are small constants to stabilize the computation. To optimize for structural

similarity, the 2D SSIM loss (Lssm,, ) 1s defined as:

LSSIM2D =1- SSIM2D(Ipred7 Igt) (28)

For volumetric data, the 3D Structural Similarity Index (3D SSIM) [22] extends the
same principles as 2D SSIM, utilizing the same component functions for luminance, con-

trast, and structure:

SS]M3D(V;)red7 ‘/gt> - l(‘/;)reda ‘/gt> : c(‘/preda ‘/gt) : S(%reda ‘/gt) (29)

The functions [(+), ¢(-), and s(-) are identical to those defined in Equations (2.5)~(2.7). The
critical difference is that the local statistics are computed within a 3D volumetric window

that moves through the volume.

The corresponding 3D SSIM loss (Lssim,, ) is defined as:

Lssivy, = 1 — SSTM;sp(Vired, Ver) (2.10)

The total loss function is a weighted sum of the aforementioned components, tailored

to the specific model architecture.

For the 2D-CNN architecture, the total loss combines the L1, L2, and 2D SSIM
losses:
Liott = M Lpi + A2Lio + AsLssiv, (2.11)
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where A1, Ay, and A3 are the respective weighting factors that balance the influence of each

component.

For the 3D-CNN architecture, the total loss combines the L1, L2, and 3D SSIM
losses:

Lot = M L1 + AoLio + AsLssivs (2.12)

where \{, Ao, and A3 are the corresponding weighting factors chosen for the 3D model

training.

2.3.5 Training Settings

This study considered both 2D and 3D architectures for model training. An initial
approach using a 3D-CNN, where 3D convolutions aimed to learn volumetric descriptors,
was found to have very high computational costs and parameter counts. In practice, this
model did not train efficiently due to limitations in available hardware, specifically insuf-
ficient GPU memory. Consequently, the primary focus shifted to a 2D-CNN architecture
for image restoration. To ensure a fair basis for comparison between different architec-
tural complexities, this study also involved gradually reducing the number of parameters
in several 2D model variants, aiming to align their computational complexity more closely

with that of the 3D model.

The Adam optimizer [23] was adopted to train the image reconstruction model, cho-
sen for its advantages in self-adaptive learning rate adjustment and momentum, which
contribute to improved convergence stability. The specific Adam optimizer settings are

detailed in Table 2.1.

To control the learning rate during the training process and stabilize convergence in
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Table 2.1: Hyperparameter settings for the Adam optimizer.

Hyperparameter

Value

Initial Learning Rate (19)
Momentum Term 1 (/;)
Momentum Term 2 (35)

Weight Decay

1x107°
0.5
0.999
1x107°

Learning Rate Decay Factor () 0.5

Step Interval (7")

Gradient Clipping Threshold

5 epochs
1.0

deeper networks, a StepLR scheduler was applied. This scheduler halves the learning rate

every 5 epochs, according to the formula:

Ne="o X7

/7] (2.13)

where 7, is the learning rate at epoch ¢, 7, is the initial learning rate (1 x 107°), « is the

decay factor (0.5), and 7" is the step interval (5 epochs).

Additionally, gradient clipping was applied with a maximum gradient norm con-

straint of 1.0. This prevents excessively large updates that can arise from sudden spikes

in gradients, ensuring a more stable training process and facilitating faster convergence

without sacrificing restoration accuracy.

The key hyperparameters used for training the models are summarized in Table 2.2.

Table 2.2: Training Hyperparameter details.

Hyperparameter Value

Batch Size 2

Epochs 50

Optimizer Adam

Initial Learning Rate 1x107°

Loss Function L1 Loss + L2 Loss + SSIM Loss (weighted sum)

The model training and experiments were conducted in an NVIDIA GPU environ-

ment. Specific details of the training environment are provided in Table 2.3.

20
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Table 2.3: Training Environment details.

Component Specification

Python Version 3.9.17

Framework PyTorch 2.4

Hardware NVIDIA RTX 3090 (24GB VRAM)
Operating System Windows 10

CUDA Version 12
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Chapter 3 Results and Discussion

This chapter evaluates the proposed image restoration models, including the training
results, quantitative evaluation metrics, and the impact of different model architectures on

restoration quality.

3.1 Training Results

In this work, a variety of 2D and 3D image restoration models were trained, and
the speed of convergence and computational cost were analyzed in this study, including
one original 2D model (2D Model 1), five parameter-reduced models (2D_Model 2 to
2D Model 6), and one 3D convolutional model (3D Model). We show the number of
parameters and residual block channel configurations of each model in Table 3.1, while
Table 3.2 presents the total training time. The training and validation loss curves are

illustrated in Fig.3.1 through Fig.3.7.
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Table 3.1: Residual Block channel sequence and parameter count for all models. The
sequence shows the number of output channels after each of the 9 residual blocks; starting
from the initial input channels to Block 1.

Model Residual Block Channel Sequence Parameter Count
2D Model 1 | 64 — 128 — 256*° — 128 — 64 — 10 6,744,384
2D Model 2 | 48 — 96 — 192%° — 96 — 48 — 10 3,798,240
2D Model 3 | 32 — 64 — 128%5 — 64 — 32 — 10 1,692,288
2D Model 4 | 24 — 48 — 96*° — 48 — 24 — 10 954,384
2D Model 5 | 20 — 32 — 645 — 32 — 16 — 10 428,176
2D Model 6 | 20 — 32%7 — 16 — 10 145,616
3D Model 32 — 16%% — 10 114,840

Table 3.2: Training time and GPU memory cost for each model.

Model Cost time(hr) | GPU Memory Cost(GB)
2D Model 1 60.67 19
2D Model 2 45 14.9
2D Model 3 26.25 9.5
2D Model 4 22.5 8
2D Model 5 16.08 5.2
2D Model 6 13.33 3.4
3D_Model 61.66 16.7
Training Loss Variation Over Epochs Validation Loss Variation Over Epochs
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(a) Training Loss of 2D_Model 1 (b) Validation Loss of 2D _Model 1

Figure 3.1: Training and validation loss curves for 2D Model 1.
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Figure 3.3: Training and validation loss curves for 2D_Model 3.
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Figure 3.4: Training and validation loss curves for 2D Model 4.
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Figure 3.5: Training and validation loss curves for 2D Model 5.
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Figure 3.6: Training and validation loss curves for 2D_Model 6.
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Figure 3.7: Training and validation loss curves for 3D Model.
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As shown in Fig.3.1 to Fig.3.7, all models show a steady decline in both training and
validation losses, reflecting their ability to learn the non-linear mapping:from thick-slice
inputs to thin-slice target images to reconstruct images. Nonetheless, there are differences

between the models regarding convergence speed, loss values, and training stability.

The best feature learning capability is found on 2D _Model 1 with most parameters.
Its loss curves have a sharp drop in the initial stage, and the loss drops to a lower value
and stabilizes in the following stage. It has the best convergence behavior and training
stability. On the other hand, with a gradual reduction in the number of parameters from
2D Model 2 to 2D Model 6, we observe a steep decline in the convergence speed and
relatively similar final loss values, indicating the balance between model complexity and

its learning capability.

The mid sized models, like 2D Model 2 and2D Model 3 show similar performance
, both the training and validation losses are smoothly decreasing and are close to each other,
indicating that they display stable learning behavior and some amount of generalisation.
However, as the number of parameters decreases (as in 2D _Model 4, 2D Model 5, and
2D Model 6), a decline in training effectiveness and relatively higher validation loss are
observed, which may indicate that the model capacity is insufficient to fully learn the

complex features of the data.

Interestingly, the 3D Model, despite having the fewest parameters among all models
tested (Table 3.1), exhibited the least stable training behavior, characterized by significant
initial loss variations and elevated validation loss, ultimately yielding the poorest perfor-
mance. Its training time (61.66 hours) was notably long, nearly matching the most com-

plex 2D Model 1 (60.67 hours), despite its smaller size (Table 3.2). This highlights the
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substantial computational overhead (time and memory consumption, 16.7 GB) associated
with 3D convolutions. Furthermore, its weak performance suggests that; for this specific
task of restoring thin slices from relatively thick inputs, the volumetric processing of 3D
CNNs might be less effective than the proposed 2D dual-view approach, perhaps because
the latter already captures sufficient cross-plane information through feature fusion, or be-
cause the limited available data and GPU resources hindered the effective training of the
3D architecture. The apparent lack of generalization ability further supports the choice of

the 2D framework in this study.

3.2 Model Performance

This study adopts the SSIM as the primary assessment metric to quantitatively eval-
uate the performance of image restoration. SSIM values in nine test datasets are presented

in Table 3.3.

Table 3.3: SSIM values of each model across different test data.

Data | 2D_M1 | 2D_M2 | 2D_M3 | 2D_M4 | 2D_M5 | 2D_M6 | 3D
Datal | 0.9501 | 0.9471 | 0.9469 | 0.9446 | 0.9411 | 0.9336 | 0.9322
Data2 | 0.9601 | 0.9589 | 0.9587 | 0.9587 | 0.9536 | 0.9448 | 0.9503
Data3 | 0.9736 | 0.9718 | 0.9712 | 0.9704 | 0.9644 | 0.9571 | 0.9613
Data4 | 0.9772 | 0.9757 | 0.9752 | 0.9747 | 0.9697 | 0.9615 | 0.9649
Data5 | 0.9515 | 0.9489 | 0.9485 | 0.9466 | 0.9424 | 0.9360 | 0.9369
Data6 | 0.9612 | 0.9600 | 0.9597 | 0.9602 | 0.9549 | 0.9437 | 0.9516
Data7 | 0.9601 | 0.9600 | 0.9570 | 0.9555 | 0.9510 | 0.9435 | 0.9469
Data8 | 0.9598 | 0.9596 | 0.9559 | 0.9544 | 0.9500 | 0.9413 | 0.9455
Data9 | 0.9551 | 0.9548 | 0.9507 | 0.9488 | 0.9453 | 0.9357 | 0.9393

As observed, 2D Model 1 gives the highest SSIM score out of all the models which
confirms that the more parameters in the network, the more complex the model and the
better the structural preservation in the reconstructed image. The models 2D Model 2
and 2D Model 3 also achieve good performance with SSIM values being lower than
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2D Model 1 but overall with stable results over all datasets. These models provide a rea-
sonable trade-off between the quality of reconstruction and the efficiency of the model.
On the other hand, 2D Model 5 and 2D Model 6 exhibit gradual performance deterio-
ration, with relatively low SSIM values specifically for Data3, Data4, and Data8. This
indicates that excessive reduction in model capacity may lead to a loss of structural de-
tail. Interestingly, SSIM score for 3D _Model is comparable to the 2D Model 6 with a
lesser number of parameters in some cases. Its performance is still a little worse than the
majority of 2D varieties may be due to difficulty of optimization or lack of depth. The
figures show comparisons of reconstructed results for all models, enabling inspection on

the structural similarity and perceptual quality.

As abaseline for comparison, a few traditional interpolation methods were also tested,
such as the Nearest Neighbor, Linear, Quadratic, and Cubic interpolation methods. Ta-

ble 3.4 summarizes the average SSIM values for these methods on nine testing data.

Table 3.4: SSIM values of traditional interpolation methods across test datasets.

Data | Nearest Neighbor | Linear | Quadratic | Cubic
Datal 0.9324 0.9330 0.9378 0.9376
Data2 0.9508 0.9518 0.9550 0.9544
Data3 0.9599 0.9608 0.9639 0.9632
Data4 0.9659 0.9667 0.9693 0.9687
Data5 0.9362 0.9372 0.9418 0.9416
Data6 0.9525 0.9539 0.9569 0.9564
Data7 0.9435 0.9448 0.9499 0.9500
Data8 0.9416 0.9424 0.9474 0.9476
Data9 0.9369 0.9375 0.9428 0.9431

In all cases, the higher ordinal methods of interpolation such as Quadratic and Cubic
performed better than lower order methods like Nearest Neighbor as seen in SSIM scores.
Quadratic and Cubic interpolation occasionally returned SSIM scores similar to a few

lightweight deep learning models. Nonetheless, deeper learning models like 2D Model 1
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consistently performed better than interpolation-based methods in each evaluation metric,
indicating their superior capacity for structural detail and texture preservation through

robust data-driven learning.

3.3 Model Comparison

In this section, comparisons of the restored thin-slice CT images are given to further
evaluate the visual quality and restoration quality of the proposed models. Restoration
outcomes tend to vary depending on the complexity of the model being used. Models like
2D Model 1, which have higher SSIM values, are expected to retain structural informa-
tion better and effectively extract meaningful features from both axial and coronal views.
As illustrated in Fig. 3.8, all results are displayed using a window width (WW) of 400
and a window center (WC) of 40 for comparison, where each row presents the input im-
ages, restored outputs, and ground truth, displaying five consecutive slices to continuity
between the slices. One can see from the red marked area which shows the model uti-
lizes the complementary information from axial and coronal direction to restore the fine

structural details with the degree of accuracy.
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Figure 3.8: Restoration results of 2D Model 1 showing five consecutive slices, including
axial/coronal inputs, model output, and ground truth.
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As demonstrated in Fig. 3.9 and Fig. 3.10, with this selected window width and win-
dow center, some anatomical structures highly visible in the ground truth images cannot

be identified in the provided axial/coronal views.

Remarkably, despite certain anatomical structures being barely visible in the input
thick-slice views under the selected display settings (WW/WC 400/40), the trained mod-
els, particularly those with higher capacity like 2D Model 1, learned to restore these areas
effectively. This ability to infer details suggests that the models are not merely interpolat-
ing but are actively learning complex spatial and contextual relationships from the training
data. They appear capable of augmenting signals and deducing plausible pixel intensities
that approximate the original HU values, likely by leveraging learned anatomical priors
and texture patterns from surrounding visible structures. This capability highlights a key

advantage of deep learning over traditional interpolation methods for this restoration task.

In the case of lightweight models, it may be blurred or missing texture details, and
the further the number of model parameters decreases, the more obvious the phenomenon
occurs around the edge. While the generated visual outputs of higher-capacity models like
2D Model 1 and 2D _Model 2 are largely similar and still preserve detailed structures
well, the reconstructions generated from smaller models become increasingly smoother

and less texture-rich.
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Figure 3.9: Comparison of restored images across 2D Model 1 to 2D Model 3.
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Similar to the quantitative analyses provided above, intensity comparisons at pixel
level were conducted as well. The horizontal intensity profiles of the selected rows in the
axial and coronal planes were extracted from both the ground truth and the reconstructed
image. Upon further study of the pixel profiles of the two images, these profiles are then
displayed side-by-side in such a manner as to find subtle differences that exist between
the two images in terms of pixel values. By plotting the intensity values side by side, it
becomes easier to assess the consistency, sharpness, and local deviations of the recon-
structed output with respect to the ground truth. This analysis identifies where smoothing,
edge degradation, and intensity mismatches may occur in the restoration image. As the
results using 2D _Model 1 are illustrated in Fig. 3.11 below. A sequence of the restored
image, GT, and intensity profile from left to right. In the intensity profile, the y-axis rep-
resents pixel intensity (ranging from 0 to 255), and the x-axis represents image columns.
The red dashed line is used to denote the column that we will focus on. From these plots,
we see that the image boundaries stable, and the reconstruction is overall smoother and

continuous.
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Figure 3.11: Pixel intensity profile using 2D _Model 1.

However, there will be instances when you might see some artifacts in restored im-

ages. Such artifacts often manifest as unnatural intensity variations or structural deforma-

tions, especially at the boundaries of complex anatomy or in areas of low signal contrast.

These problems might occur when the model is not able to generalize to such highly vary-

ing textures. An example is shown in Fig. 3.12.
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Figure 3.12: Example of pixel intensity profile showing artifacts in the restored image
generated by 2D _Model 1.

Then, the pixel intensity profile is also presented in coronal plane according to the
restored result. As shown in Fig. 3.13, some minor artifacts can still be seen in certain re-
gions, while the overall performance at anatomical boundaries is very good. The restora-

tion is smooth and consistent over the profile.
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Figure 3.13: Pixel intensity profile along a selected row in the coronal plane using
2D Model 1.
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3.4 Performance Comparison of Single-View and Dual-

View Models

To further assess the contribution of individual input views and validate the advan-
tages of the proposed dual-view fusion strategy, this study conducted a comparative anal-
ysis between single-view models and the original dual-view model (2D _Model 1). The
single-view models were derived from the 2D Model 1 architecture by retaining only
the corresponding single input branch and removing the subsequent feature concatenation

layer. All other network layers, architectural depth, and training hyperparameters were
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kept identical to ensure a fair comparison. The SSIM values for these models across the

nine test data are detailed in Table 3.5.

Table 3.5: Comparison of SSIM values for single-view models and the 2D Model 1
across test datasets.

Test Dataset | Only coronal data | Only axial data | 2D Model 1
Datal 0.7077 0.9413 0.9501
Data2 0.7253 0.9543 0.9601
Data3 0.7515 0.9636 0.9736
Data4 0.7781 0.9564 0.9772
Data5 0.7097 0.9442 0.9515
Data6 0.7124 0.9563 0.9612
Data7 0.6970 0.9244 0.9601
Data8 0.7087 0.9424 0.9598
Data9 0.7076 0.9414 0.9551

Average SSIM 0.7220 0.9472 0.9610

As shown in Table 3.5, the model using only coronally-reconstructed axial inputs
produced a notably lower average SSIM of 0.7220. This suggests that relying on this
single view alone provides insufficient information for high-fidelity restoration of axial
slices. In contrast, the axial single-view model performed much better, with an average
SSIM of 0.9472. However, the dual-view model (2D Model 1) still achieved the highest
average SSIM of 0.9610 and outperformed the others on every test dataset. Figure 3.14
visually corroborates these quantitative findings. It presents a comparison of representa-
tive restored slices from the ground truth (GT), the dual-view model (2D_Model 1), the
axial-only single-view model, and the coronal-only single-view model. From the figure,
it is evident that 2D _Model 1 achieves superior restoration of fine anatomical details and
structural compared to both single-view approaches, which tend to exhibit more blurring
or lose finer details. These comparative analysis explicitly underscores the superiority and
necessity of the dual-view input strategy for the thin-slice CT image restoration task in-

vestigated in this study.
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Figure 3.14: Visual comparison of thin-slice CT image restoration. The dual-view ap-
proach demonstrates superior detail recovery and structural integrity.
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3.5 Simulation

In order to observe how the proposed method performs when it is subjected to differ-
ent input conditions, we ran a simulation experiment with the best model, 2D Model 1.
The simulation methodology, which involves generating 10mm, 15mm, or 20mm thick
inputs from Imm ground truth data and subsequently using 2D_Model 1 to restore these
inputs to 1mm resolution, is depicted in Figure 3.15. For this experiment, the aforemen-
tioned simulated inputs were generated from ground truth 1mm CT images taken from
the test set. Specifically, these simulated inputs were produced by averaging every n se-
quential 1mm slices (thicknesses of 10mm, 15mm, and 20mm for n = 10, 15, and 20,
respectively) in order to test the n-fold data compression ratios from which the model
could successfully restore the original Imm resolution. The original 1mm images also

served as the ground truth for evaluating the model’s restoration performance.
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Figure 3.15: Illustration of the simulation pipeline: 1mm ground truth (GT) images are
averaged to create 10mm, 15mm, or 20mm thick simulated inputs. These inputs are then
processed by 2D Model 1 to produce a restored 1mm resolution output.
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Using these simulated inputs, we applied 2D _Model 1 to reproduce all nine test cases
(Datal to Data9). The SSIM results are shown in Table 3.6. For 10 mm-input, and max-
imum SSIM, the model attained an average SSIM of 0.9074 and therefore good recon-

struction capabilities for moderately downsampled data.

Table 3.6: SSIM performance of simulated inputs restored by 2D Model 1
Data 10mm SSIM  15Smm SSIM  20mm SSIM

Datal 0.8931 0.8645 0.8503
Data2 0.9258 0.9049 0.8894
Data3 0.9234 0.8954 0.8834
Data4 0.9338 0.9106 0.8991
Data5 0.8997 0.8738 0.8563
Data6 0.9290 0.9076 0.8938
Data7 0.8973 0.8724 0.8556
Data8 0.8955 0.8685 0.8583
Data9 0.9040 0.8804 0.8646
Average 0.9074 0.8864 0.8722

However, as the simulated input slice thickness increased to 15mm and 20mm, the
average SSIM dropped significantly to 0.8864 and 0.8722, respectively. This performance
degradation likely stems from two primary factors exacerbated by the thicker slices. First,
the averaging process inherently causes a substantial loss of high-frequency details and
sharp edges present in the original Imm data, information crucial for high-fidelity re-
construction. Second, the increased slice thickness leads to more severe partial volume
averaging artifacts, potentially introducing ambiguous signals or blurring boundaries in a
way that confuses the model, which was primarily trained on Smm to 1mm restoration.
Reconstructing high-fidelity images from such heavily degraded inputs thus remains a sig-
nificant challenge. Figure 3.16 illustrates this trend, comparing the Ground Truth with the
outputs of 2D Model 1 for inputs of 10mm, 15mm, and 20mm thickness. A clear decline
in image quality, such as increased blurring and loss of fine structures, can be observed as

the input slice thickness increases.
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Figure 3.16: Visual comparison of 2D Model 1 restoration performance on simulated
thick-slice inputs.
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Notably, Data4 outperformed all other datasets at all thickness levels; while Datal
performed the worst, indicating that anatomical differences between samples can impact
model sensitivity. This simulation also explored the model’s efficiency for data com-
pression. The success of 2D Model 1 in restoring 1mm resolution from 10mm inputs
demonstrates a significant potential in this regard. Specifically, storing data as 10mm
slices instead of 1mm offers an approximate 10-fold reduction in data volume, with the

model enabling to recovery of high-resolution details.

3.6 Study Limitations

Despite the encouraging performance, this study has limitations that open avenues
for future research. The GPU memory constraints encountered during training may have
limited the exploration of deeper or more complex architectures. Furthermore, while us-
ing real clinical data, the dataset diversity could be expanded to ensure broader gener-
alization across different patient populations, scanner types, and clinical scenarios. The
dual-view fusion strategy itself could also be further refined. To address these, future work
could focus on: (1) Incorporating advanced network modules, such as attention mecha-
nisms [24, 25] or transformer [26] architectures, specifically designed to better capture
long-range spatial dependencies and potentially improve fusion efficiency; and (2) Train-
ing and validating models on larger, multi-center and potentially multi-modality datasets

to enhance robustness and clinical applicability
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Chapter 4 Conclusion

We have implemented a dual-view 2D CNN model to restore the spatial resolution
of CT images from existing thick-slice images. The model provided a better balance be-
tween restoration fidelity and computation complexity when compared with interpolation
methods and the 3D CNN model with a comparable number of parameters. The restored
images were finer and isotropic in spatial resolution, which is compatible with volume
rendering useful for diagnosis or treatment evaluation. The tissue textures and edges were
satisfactorily preserved with an image compression ratio up to 10, which helps data storage
and transmission. Although the validation loss exhibited some fluctuations during train-
ing, the overall downward trend and strong performance on the test set indicate that this
behavior might reflect benign overfitting [27]. Temporary adaptation to sample-specific
features during training may lead to transient peaks in validation loss, without impairing
the model’s generalization capability. Further study with larger and multicenter datasets

1s worthwhile to improve the model generalization.
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