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Abstract—Image registration supports a variety of clinical
applications such as treatment planning, disease monitoring, and
interventions. Deep learning-based deformable image registration
techniques, including VoxelMorph and HyperMorph, are achieving
state-of-the-art results but still exhibit considerable errors in multi-
modality registrations, such as structural to functional image
registration. To address these challenges, this paper proposes
ChebyRegNet, a deep learning framework that leverages Cheby-
shev polynomials and hypernetworks, to enhance registration
accuracy. Moreover, a Feature Extraction Network is added
that produces deep features for the Chebyshev HyperNetwork,
which is responsible for generating parameters for the Image
Registration Network. This structure allows ChebyRegNet to
successfully handle challenging registration tasks. Experiments
show that ChebyRegNet greatly improves registration in terms
of target registration errors compared to VoxelMorph and
HyperMorph, achieving 0.1 versus 0.2 and 0.19 for HyperMorph
and VoxelMorph, respectively. Moreover, ChebyRegNet outper-
forms the other two techniques in terms of the Dice Score and
achieves competitive results in terms of the Jaccard Coefficient.
The publicly available code for our work can be accessed at
https://github.com/udanish50/ChebyRegNet/tree/main,

Index Terms—Image Registration, Hypernetwork, Chebyshev
polynomials, Deep Learning, Feature Extraction, Regularization

I. INTRODUCTION

Image registration is a fundamental component of medical
image analysis and is essential for aligning two or more images
to establish accurate spatial correspondences. This process
supports a variety of clinical applications, such as treatment
planning, surgical navigation, disease monitoring, and assessing
treatment efficacy. As the prevalence of advanced imaging
technologies in clinical settings increases, so does the demand
for precise and efficient registration methods [1} 2, 3]]. The
increasing reliance on image registration underscores its pivotal
role in enhancing healthcare outcomes by improving diagnostic
accuracy and optimizing therapeutic interventions.

Accurate registration of medical images allows physicians
to compare anatomical and functional structures over time,
monitor the progression of diseases, and evaluate the effective-
ness of treatments with unparalleled precision. For instance, in
oncology, precise image registration is essential for mapping
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tumor growth or shrinkage, aiding in the adaptation of treatment
plans to maximize efficacy [4]. In neurosurgery, it enables
the precise navigation of surgical instruments, reducing risks
and improving patient outcomes. Additionally, in the context
of chronic diseases, consistent image registration facilitates
long-term monitoring and early detection of changes. Overall,
enhanced image registration methods empower healthcare
professionals to make more informed decisions, ultimately
leading to better patient care and improved clinical outcomes.

Addressing these demands, recent advancements in learning-
based methods have offered significant improvements over
traditional registration techniques, which often face challenges
in registering images from multi-modalities. For example, Vox-
elMorph is a learning-based approach that uses Convolutional
Neural Network (CNN) coupled with a spatial transformer net-
work to streamline the deformation process by enhancing speed
and accuracy in registration tasks [Sl]. Although VoxelMorph
is a robust approach, it sometimes encounters challenges in
accurately registering images from different modalities [6]].
Another innovative development, HyperMorph, employs a
hypernetwork that modulates a registration network based on
input hyperparameters to produce the optimal deformation
field. This approach not only reduces the computational load
but also increases the robustness to initialization by allowing
for rapid and precise hyperparameter optimization tailored to
specific tasks or anatomical areas without retraining the model
[6]. HyperMorph has shown improved accuracy in registering
images from multi-modalities, such as structural and functional
volumes [[7].

Building on the advancements in learning-based methods
such as VoxelMorph and HyperMorph, our proposed solution,
ChebyRegNet, introduces innovations to further refine the
process of medical image registration. ChebyRegNet expands
HyperMorph, which employs basic, fully connected layers with
activations to modulate registration parameters and relies on
random inputs to predict weights and biases for the primary
network rather than directly processing the moving and fixed
images within its hypernetwork. Instead of supplying random
inputs to the hypernetwork, ChebyRegNet uses deep features
derived from the images themselves. These deep features
are learned representations that provide more meaningful
input, helping the hypernetwork produce better weights and
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biases. Additionally, ChebyRegNet incorporates a Chebyshev
convolutional neural network, which is particularly adept at
handling the complexities associated with medical images
due to its ability to efficiently capture higher-order spatial
relationships.

Chebyshev polynomials are becoming increasingly promi-
nent in deep learning for image processing due to their
effectiveness in extracting image frequency components [8].
Furthermore, the application of Chebyshev wavelet transfor-
mations has enhanced image quality by optimizing filtering
processes [9} [10]]. Inspired by these works, we incorporated
Chebyshev layers into the hypernetwork, leveraging learned
representations derived from specialized CNN layers. These
layers, designed to extract and process features from both
moving and fixed images, provide a rich representation for
the Chebyshev hypernetwork. This integration enhances the
precision of the registration process, allowing for more accurate
spatial alignments crucial for medical applications such as
surgical planning and treatment efficacy assessment. We utilized
image registration similar to VoxelMorph [5], which combines
dilated CNNs with a spatial transformer network [11] to
optimize image registration.

The key contributions of this paper include:

1) The design of a Feature Extraction Network that takes
moving and fixed images as input and produces corre-
sponding deep features.

2) The design of a Chebyshev-based hypernetwork that uses
the learned deep features from moving and fixed images
to generate weights and biases for the image registration
network.

3) Examination of the proposed method with multimodal
images, demonstrating that this approach surpasses
traditional registration methods in terms of accuracy.

The remainder of the paper is organized as follows: Section
discusses related work, Section presents the proposed
ChebyRegNet for deformable medical image registration, and
Section [[V] presents the evaluation and results. Finally, Section
[V] concludes the paper.

II. RELATED WORK

This section begins by discussing classical image registration
techniques, providing an overview of their underlying principles.
Next, it examines more contemporary learning-based methods.

A. Classical Image Registration Methods

Classical methods in image registration predominantly rely
on iterative optimization-based techniques. These methods
utilize various similarity measures, such as Mean-Squared
Error (MSE) or normalized cross correlation for intra-modality
registration, and more sophisticated statistical measures, such as
mutual information for inter-modality tasks [[12]. The iterative
optimization-based framework [12, [13]] allows for significant
flexibility but often requires extensive computation time and
parameter tuning. These traditional approaches commonly
employ complex transformation models and regularization

strategies to maintain the physical plausibility of the registered
images [14].

Another significant strand of classical registration involves
feature-based techniques, where key points or features are
detected in images and their correspondences are established
to guide the registration process. These features can be derived
from various characteristics of the images, such as image
intensity, color, or segmented regions, and are often designed to
be invariant to changes in viewpoint or imaging conditions [15].
However, it is widely recognized that feature-based methods
can be highly sensitive to the quality and consistency of feature
detection [16], [13]. Their performance may degrade in the
presence of noise or significant variations between images.
Additionally, these methods often require manual interventions
and expertise to select appropriate features and parameters,
limiting their applicability in automated or large-scale settings
[17]].

B. Learning-based Methods

With the advent of deep learning, image registration has
experienced a paradigm shift towards learning-based methods.
These methods harness the power of neural networks, especially
CNN:gs, to learn the registration function in various ways: either
in a supervised manner, using ground-truth transformations
synthesized or derived from classical methods, or through
unsupervised strategies that mimic traditional loss functions
[5, 16} [15]. Notably, unsupervised learning-based methods, such
as VoxelMorph, utilize CNNs to learn complex deformations
directly from data, eliminating the need for explicit ground-
truth transformations (i.e., predefined alignment parameters).
This allows for a more flexible and data-driven approach
to registration, accommodating a wider variety of imaging
conditions and anatomical variations [5]].

Similarly, Taiello et al. [[18] proposed a deep learning-based
technique that preserves privacy among different subjects
by performing registration in a way that does not require
sharing sensitive image data. This method uses homomorphic
encryption to ensure data privacy during the registration process.
Zhu et al. [19] introduced a hybrid model consisting of attention
mechanism and CNN, which further improves accuracy. Their
model employs a similarity-based local attention mechanism
to create a displacement searching space, allowing the network
to focus on spatial correspondences with high similarities and
ignore less relevant ones. This method is also integrated with a
multi-scale CNN, providing non-local attention, a lightweight
network, and coarse-to-fine registration.

Furthermore, Chen et al. [20] presented a Transformer-based
architecture. Their model leverages the global context captured
by Transformers to provide more robust and accurate registra-
tion results across different imaging modalities. Aziz et al. [21]]
also proposed a Transformer-based architecture, EfficientMorph.
This architecture optimizes the balance between local and
global attention through a plane-based attention mechanism
and captures fine details with a high-resolution tokenization
strategy, highlighting the potential of Transformer-based models
in achieving superior accuracy.



A notable contribution in this domain is unsupervised deep
learning image registration, which supports both affine and
deformable registration [22]]. This dual support enables more
comprehensive solutions that can handle various types of image
misalignments encountered in medical imaging. Similarly,
Quicksilver [23]] is a rapid approach to deformable registration
using a deep encoder-decoder network, demonstrating high
accuracy and speed across various benchmarks. This approach
provides a balance between efficiency and precision, making
it suitable for real-time applications [23].

Haskins et al. [24] provided a comprehensive review of
medical image registration using deep learning, highlighting
significant developments and future potential in the field. Fu
et al. [25] further classified deep learning-based registration
techniques into categories based on their methods, function-
ality, and applications, providing a detailed analysis of their
performances in lung and brain registration tasks. Furthermore,
weakly supervised and semi-supervised approaches incorporate
additional labels or landmarks to refine the training process,
enhancing the model’s ability to generalize across different
imaging conditions and tasks [25 26].

Despite the advancements in deep learning-based image
registration, there remains a gap in handling spatial complexities
and achieving high registration accuracy. Current models,
such as HyperMorph, often rely on randomly initiated inputs
and fully connected layers, which may lead to suboptimal
alignment. To address this, we propose ChebyRegNet, which
integrates polynomial convolutional layers within a hypernet-
work framework to process extracted deep features with more
meaningful representation. This structured approach, combined
with dilated CNNs and spatial transformer networks, enhances
the precision of spatial transformations and captures multi-scale
contextual information without losing resolution. ChebyRegNet
thus provides a more accurate and adaptable solution for diverse
medical imaging tasks, representing a significant evolution in
image registration technology by merging classical rigor with
modern computational advancements.

III. CHEBYREGNET

This section presents the proposed ChebyRegNet for de-
formable image registration, which improves registration ac-
curacy by leveraging the Chebyshev convolutional layers and
deep feature extraction. ChebyRegNet enhances the registration
process by utilizing learned image features, which provide more
meaningful input for the hypernetwork. By integrating these
techniques, ChebyRegNet addresses the challenges of handling
multi-modality medical images and achieving precise spatial
alignments.

As seen in the ChebyRegNet architecture shown in Figure
[[] ChebyRegNet consists of the following main components: a
Feature Extraction Network, a Chebyshev HyperNetwork, and
an Image Registration Network. Details of the components are
provided in the following subsections, followed by the design
of the objective function.

A. Feature Extraction Network

The Feature Extraction Network is designed to process
fixed and moving images to extract meaningful features. The
architecture consists of several convolutional layers, each
followed by a pooling layer, selected through hyperparameter
optimization. The primary goal of this network is to minimize
the mean square error loss between the fixed and transformed
images. Instead of obtaining a transformed image, deep features
from both fixed and moving images are extracted at the
final pooling layer before prediction. These deep features
are then used to provide meaningful input to the Chebyshev
Hypernetwork.

Let Iy be the fixed image and I,;, be the moving image. The
formulation of the network can be expressed mathematically
as follows:

d(Iy),d(Im) = pool(a(C(If, Im))) (M

Where C' represents a convolutional operation, pool repre-
sents a pooling layer, o represents the activation function, and
d(Iy) and d([,,) are deep features extracted at the last pooling
layer, thereby ensuring meaningful input to the hypernetwork.

B. Chebyshev HyperNetwork

Following the Feature Extraction Network, the Chebyshev
HyperNetwork utilizes the deep features d(I¢) and d(1,,) from
both fixed and moving images to dynamically generate weights
and biases for the Image Registration Network. This hyper-
network incorporates Chebyshev convolutional layers, which
are known for their efficiency in polynomial approximation,
making them particularly suitable for handling complex, high-
dimensional data such as medical image features.

The Chebyshev HyperNetwork is structured to leverage the
polynomial properties of Chebyshev convolutions by enhancing
its capacity to model the inner relationships within the image
features. This allows the network to generate the parameters
of the Image Registration Network by tailoring them to the
specific characteristics of the input images. The mathematical
formulation of the Chebyshev HyperNetwork is as follows:

W, By = h(d(I),d(I)) @)

Here h represents the hypernetwork function, and W, and
B, denote the weights and biases generated for the Image
Registration Network. The hypernetwork function h is defined
through a series of Chebyshev convolutional layers followed
by the activation function, which is designed to process and
transform the extracted deep features d(Iy) and d(I,,) to
produce parameters.

This configuration ensures that the Image Registration
Network receives precisely tuned parameters, thereby enhancing
registration accuracy.

C. Image Registration Network

The Image Registration Network is based on the foundational
U-NET architecture used by VoxelMorph, known for its end-
to-end framework that leverages convolutional neural networks



to learn the registration fields directly from image data,
eliminating the need for explicit feature extraction or complex
optimization strategies commonly found in classical registration
methods. In our case, the network architecture can be described
as follows:

R(IﬁIm; WraBr) = D(If7[m§Wr/aB/)

T

3)

where IR represents the registration function of the network, I
and I, are the fixed and moving images, respectively, IV, and
B, are the weights and biases provided by the Chebyshev
HyperNetwork, and D denotes the dilated convolutional
operations parameterized by weights W and biases B,.. These
parameters are optimized to achieve a precise alignment of the
images by minimizing the loss function.

The output of the Image Registration Network is a deforma-
tion field that describes the necessary spatial transformations
to align the moving image I,,, with the fixed image I¢. This
deformation field is then used by the Spatial Transformer
Network (STN) [5] to apply the transformations, thereby
registering the images.

The architecture of STN consists of convolutional and fully
connected layers in the localization network, followed by a
grid generator and a sampler [11]. The STN is used to warp
the moving image according to the deformation field, ensuring
smooth and continuous mapping of voxels. The deformation
field and the moving image serve as inputs to the STN, which
outputs the registered image, aligning it spatially with the fixed
image. This process is mathematically represented as:

I, =STN(I,,, ) “
where I, is the registered image and ¢ is the deformation field.
The STN applies the deformation field to I,,,, producing I,
which should ideally match 1.

D. Multi-Term Objective Function

Multi-term objective loss is instrumental in driving the
network toward precise registration of medical images by
focusing on both intensity and structural similarities. We take
advantage of MSE and the Normalized Cross-Correlation loss.

The MSE loss function quantifies the average squared
difference between the fixed image and the registered moving
image by aiming to minimize these disparities across all voxels:

1
Lyvise = N -

] =

(I¢[i] — I.[i]) Q)

1

where I is the fixed image, I, is the registered moving image,
and N is the total number of voxels in the images. MSE is
useful for images of the same modality.

The Normalized Cross-Correlation (NCC) loss function is
widely used in image registration to measure the similarity
between fixed and moving images by focusing on global
intensity patterns:

S (Il = T (L i) - T)
VEN Il -T2 S (L) - T2

where I and I,. are the global means of the fixed and registered
moving images, respectively. NCC is useful for images from
multi-modality.

To achieve high registration accuracy, we designed Multi-
Term Loss Function, which takes advantage of MSE and
NCC while incorporating field regularization. We simplify
the model by setting the deformation transformation steps to 0,
which means we do not enforce the deformation property in
the deformation field. The output from our network includes
the deformation field image, which is the moving image
transformed by the deformation field, and the deformation
field itself. The loss function in our registration process is
designed to optimize two main aspects:

(6)

Lnce =1~

1) Image Similarity: The similarity between the moved and
fixed images is maximized using the MSE or NCC as
the similarity metric.

2) Field Regularization: The deformation field is regularized
to prevent anatomically inaccurate displacements. This
is achieved by minimizing the spatial gradients of the
deformation vectors.

The balance between these two loss components is controlled
by a hyperparameter A\, which determines their relative weight-
ing in the total loss calculation. This parameter is crucial as it
affects the trade-off between image fidelity and the smoothness
of the deformation field. We initially set A = 0.5, representing
an equal balance between the two. This parameter A will be
updated during training. Total loss ¢; is calculated as follows:

t=IL+aq @)
I} = ALwmsgNce (8)
g = (1 —=X)Lao(Iy,1;) 9

Here I; is the image loss that captures image similarity —
it can use NCC or MSE as selected during hyperparameter
optimization. The second component ¢g; is the L2 norm
gradient loss employed for field regularization. The Ly function
represents the L2 norm of the gradient of the deformation field
by encouraging smoothness across neighboring vectors [6]],
[16].

By combining image similarity and field regularization in
the multi-term objective function, ChebyRegNet reduces the
distance between moved and fixed images while ensuring the
smoothness of the deformation. Consequently, this contributes
to overall ChebyRegNet performance.

IV. EVALUATION AND RESULTS

This section first provides a description of the dataset
and preprocessing, followed by implementation details and
evaluation metrics. Next, registration results are presented and
discussed.
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Fig. 1. ChebyRegNet consists of three major components: a) the Feature Extraction Network, which takes both moving and fixed images to generate deep
features; b) the Chebyshev HyperNetwork, which receives these deep features and produces parameters; and c) the Image Registration Network, which receives

these parameters and produces the registered image.

A. Dataset and Preprocessing

For the evaluation, we utilize the publicly available IXI
dataset, provided by Imperial College London as part of
the eXtended Imaging (IXI) [27]. This dataset comprises
diverse imaging modalities; from the diverse range, we se-
lected Magnetic Resonance Imaging (MRI) and Magnetic
Resonance Angiography (MRA) [28]. Structural and functional
image registration was chosen because it combines detailed
anatomical information with physiological data, enhancing
diagnostic accuracy and treatment planning [6]. The MRI-T2
images are structural and provide detailed views of cerebral
anatomy. In contrast, the MRA images are functional, providing
visualizations of the brain’s vascular architecture.

In the preprocessing workflow, we resampled the MRI
and MRA images to a uniform shape of 160 x 192 x 224
using affine linear interpolation resampling. This resampling
technique ensures that all images are standardized in terms of
size and scale, thereby facilitating more consistent and reliable
analysis across different image sets [29, (30, 311

B. Implementation

ChebyRegNet was implemented using a dilated convolution
version of the VoxelMorph model designed to enhance regis-
tration accuracy. The model begins by processing fixed and
moving MRI-T2 and MRA images. It computes an adjacency
tensor that reflects the spatial relationships between voxels,
which is crucial for guiding the spectral filtering process.
The spectral filters are facilitated by Chebyshev convolutional
layers, which utilize the adjacency tensor to account for voxel
connectivity, thereby enhancing feature extraction. The model’s
loss function combines image similarity and deformation field
regularization. Image similarity is measured using either MSE
or NCC, according to hyperparameter tuning, while regulariza-
tion involves minimizing the L2 norm of the deformation field
gradients. A hyperparameter A\ balances these two components
of the loss function, allowing for fine-tuning between image
fidelity and the smoothness of the deformation. To prevent
overfitting, the model employs dropout and L2 regularization
techniques across its layers. The architecture is designed to

progressively increase the number of filters, thereby enabling
the network to capture finer anatomical details. ChebyRegNet
undergoes extensive training with a bidirectional strategy over
1500 epochs.

C. Evaluation Metrics

To rigorously assess the performance of our proposed
ChebyRegNet model, we employed three standard evaluation
metrics, each providing insights into different aspects of image
registration accuracy.

Firstly, the Target Registration Error (TRE) is a metric
for measuring the Euclidean distance between corresponding
landmarks in the predicted and ground truth images:

N

TRE = 03Iy —al (10)
Here N is the total number of landmarks, and p; and ¢; are the
coordinates of the ith landmark in the predicted and ground
truth images, respectively [32].

Secondly, the Dice coefficient, a standard metric for quan-
tifying the overlap between two images, is widely used in
medical image registration to measure the alignment accuracy
between the registered and ground truth images. It is defined
w 24X NY]|

[ XT+ 1Y
where X and Y represent the voxel sets of the predicted
and ground truth images, respectively. A Dice coefficient of
1 indicates perfect overlap, representing an ideal registration
scenario [33]], [13].

Finally, the Jaccard coefficient measures the similarity
between the predicted registration and the ground truth. It
is defined as the size of the intersection divided by the size of
the union of the sample sets:

Dice (11)

|X NY]
|IXUY]|
where X and Y are again the sets of voxels for the predicted
and ground truth images, respectively. The Jaccard coefficient

Jaccard = (12)



TABLE I
COMPARISON OF REGISTRATION RESULTS: VOXELMORPH, HYPERMORPH, AND OUR MODEL CHEBYREGNET IN TERMS OF TRE, DICE SCORE, JACCARD
COEFFICIENT, AND REGISTRATION TIME.

VoxelMorph HyperMorph ChebyRegNet

Lambda value Lambda value
0.10 025 050 0.10 025 0.50
Target Registration Error [32] 0.20 026 0.19 0.19 0.11 010 0.10
Dice Score [33] 0.96 096 097 097 097 098 097
Jaccard Coefficient [34] 0.97 096 097 095 094 095 094
Registration Time (Seconds) 0.96 096 181 1.69 253 258 3.33

ranges from O to 1, where 1 signifies perfect congruence
between the registered images [34].

D. Registration Results and Discussion

To assess the effectiveness of our proposed ChebyRegNet,
we compare it to two state-of-the-art models, VoxelMorph
and HyperMorph. The results, detailed in Table [, demonstrate
ChebyRegNet’s excellent performance in several key metrics,
including TRE, Dice Score, and Jaccard Coefficient. Notably,
ChebyRegNet consistently outperformed the comparison mod-
els across both TRE and Dice Score, with a significantly
larger difference observed for TRE. Our approach achieved
exceptionally low TRE rates of 0.10 at lambda values of 0.25
and 0.50, and 0.11 at a lambda value of 0.10. These results are
better than VoxelMorph’s TRE of 0.20 and surpass the best
configurations of HyperMorph, which achieved its lowest TRE
of 0.19 at lambda values of 0.25 and 0.50. This compelling
evidence highlights ChebyRegNet’s robust performance and
enhanced accuracy in medical image registration.

In addition to evaluating TRE, we assessed the Dice Score
to measure the overlap accuracy between the registered and
reference images across different models and configurations.
According to the results presented in Table [, ChebyRegNet
demonstrated high consistency and competitive performance,
achieving Dice Scores of 0.98 at a lambda value of 0.25
and 0.97 at lambda values of 0.10 and 0.5, respectively.
This performance is better than that of VoxelMorph, which
maintained a score of 0.96. HyperMorph showed slightly
weaker performance than ChebyRegNet, with scores ranging
from 0.96 to 0.97.

Alongside TRE and the Dice Score evaluations, we also
analyzed the Jaccard Coefficient, which measures the similarity
between the registered and reference images by quantifying
their intersection over union. As detailed in Table [ ChebyReg-
Net shows robust performance across different lambda values,
achieving Jaccard Coefficients of 0.94, 0.95, and 0.94 at lambda
values of 0.10, 0.25, and 0.50, respectively. These results
are slightly lower than the 0.97 achieved by VoxelMorph
and HyperMorph at the lambda value of 0.25. Nevertheless,
ChebyRegNet outperformed the other two techniques in terms
of the remaining two metrics.

The analysis of registration times provides insights into the
computational efficiency of each registration model. According

to the data presented in Table [, ChebyRegNet’s registration
times varied but were computationally expensive, registering at
2.53 seconds, 2.58 seconds, and 3.33 seconds for lambda values
of 0.10, 0.25, and 0.50, respectively. Although these times are
higher compared to VoxelMorph, which maintained a time of
0.96 seconds, and HyperMorph, which also showed relatively
lower times ranging from 0.96 to 1.81 seconds, ChebyRegNet’s
longer processing time is justified by its improvements in
registration accuracy and precision. The extended duration for
ChebyRegNet registration is due to the sophisticated Chebyshev
convolutional computations and deeper feature integration;
nevertheless, this ensures superior image registration quality,
which is critical for complex medical applications where
accuracy outweighs speed.

Figure [2] shows an example of image registration: the first
two columns display the original MRI-T2 and MRA medical
images, followed by the registration results of VoxelMorph
and HyperMorph. For our technique, ChebyRegNet, we show
two variants: one with MSE and one with NCC. It can be
observed that our proposed ChebyRegNet correctly registers
the “hippocampus” and “encephalon” compared to VoxelMorph
and HyperMorph. The results using both MSE and NCC
losses in ChebyRegNet show improved alignment and clearer
anatomical consistency in the hippocampus and encephalon
regions. This again demonstrates the advantages of the proposed
ChebyRegNet.

For ease of comparison, Figure |3| presents the same data
as Table [] but in a visual format, further highlighting the
advantage of ChebyRegNet in terms of TRE. Irrelevant of the
lambda value, ChebyRegNet achieves a much lower TRE value;
even the highest TRE achieved by ChebyRegNet, 0.11 at a
lambda value of 0.1, is much better than the 0.2 achieved by
VoxelMorph or the best-performing HyperMorph at 0.19. This
visual representation underscores ChebyRegNet’s precision in
medical image registration.

The demonstrated precision of ChebyRegNet in terms of
TRE, Dice Score, and Jaccard Coefficient suggests significant
potential for clinical applications where the accuracy of image
registration is paramount. The model’s ability to finely register
complex anatomical structures across different scans can
greatly enhance diagnostic processes, treatment planning, and
subsequent interventions. Thus, ChebyRegNet not only achieves
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Fig. 3. Comparison of target registration error results Voxelmorph, Hypernet-
work, and our model ChebyRegNet. Values in the brackets indicate lambda
values.

state-of-the-art performance in terms of accuracy but also sets
new standards for medical image registration tasks.

V. CONCLUSION

This study proposed ChebyRegNet for deformable image
registration, addressing the gap in handling the spatial com-
plexities inherent in multi-modality medical image registration.
Our core contributions are in leveraging the unique properties
of Chebyshev convolutional layers within a hypernetwork
framework, further enhanced by integrating a Feature Ex-
traction Network to extract deep features for use with the
Chebyshev hypernetwork. The results distinctly showcase that
ChebyRegNet achieves superior performance in terms of TRE
compared to state-of-the-art deep learning methods, including
VoxelMorph and HyperMorph. The inclusion of a Feature
Extraction Network within ChebyRegNet markedly improves
TRE by demonstrating the effectiveness of structured input over

the random input used in models like HyperMorph. In terms
of Dice Score, our approach performs slightly better, while
in terms of Jaccard Coefficient, our ChebyRegNet achieves
slightly weaker performance. Nevertheless, our approach is
superior overall, as it achieves much better TRE values and
better Dice Scores. ChebyRegNet’s ability to outperform other
models in terms of registration accuracy, despite its slightly
higher processing time, supports its application in a wide range
of clinical scenarios.

Future work will focus on optimizing the computational
efficiency of ChebyRegNet to broaden its applicability in
real-time clinical environments. Additionally, integrating more
complex graph-based models within the hypernetwork could
unlock greater improvements in registration accuracy.
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