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ABSTRACT Image registration refers to finding the spatial transformation relationship between two or
more images and mapping one image to another, so that points corresponding to the same spatial position
across images are aligned. It is a key step in image fusion. In the field of medical image analysis, medical
image registration is widely applied in disease diagnosis, radiotherapy, surgical navigation, and other
scenarios. Therefore, achieving efficient and accurate image registration has become a research hotspot.
Traditional registration methods are limited by slow speed, high computational complexity, and poor
applicability to multi-modal image registration, making it difficult to meet the demands of modern medical
image analysis for efficiency, precision, and robustness. In recent years, with the rapid development of deep
learning technology, deep learning networks represented by convolutional neural networks have received
widespread attention due to their end-to-end and transferable advantages. This paper summarizes four
mainstream deep learning technologies adopted in medical image registration research and discusses their
future development trends.

INDEX TERMSMedical Image Registration, Deep Learning, Convolutional Neural Networks, Multi-
modal Medical Imaging, Clinical Applications; Image Fusion.

I. INTRODUCTION
Modern medical imaging technologies have
revolutionized clinical practice by enabling the
widespread acquisition of high-volume, multi-modal
patient data, forming a rich information foundation for
disease diagnosis and treatment planning. Modalities such
as computed tomography (CT) and magnetic resonance
imaging (MRI) are routinely used, and their
complementary information is often integrated via
medical image registration to support comprehensive
clinical decision-making.
Despite its critical role, medical image registration faces
substantial hurdles stemming from the inherent
complexity of clinical data. Cross-modality variations in
image quality, anatomical deformation patterns, and non-
linear intensity distributions make multi-modal
registration a persistent challenge. Compounding these
issues are the limited availability of annotated medical
images and the absence of standardized gold standards for
performance evaluation, which hinder the robust
validation and clinical deployment of registration
algorithms.
Follow an optimization-based paradigm: a similarity
metric is defined, and iterative algorithms are used to
search for parameters that maximize this measure. This

approach suffers from inherent drawbacks: it is
computationally intensive, requires extensive parameter
tuning, and is prone to converging to local optima, which
can severely degrade registration accuracy.
Deep learning has emerged as a transformative solution to
these limitations, offering end-to-end frameworks that
automatically learn the complex, non-linear spatial
correspondences between images. These methods have
demonstrated superior performance in terms of both
accuracy and efficiency, particularly when scaling to large,
high-resolution datasets. By minimizing manual
intervention, they also advance the automation and
clinical translatability of registration workflows, with far-
reaching implications for precision medicine. This review
provides a structured overview of key deep learning
approaches to medical image registration, discusses
existing challenges, and outlines promising avenues for
future research.

II. Deep Learning-Based Medical Image Registration
Techniques

Based on a review of recent literature on deep learning-
driven medical image registration, existing deep learning-
based registration models can be broadly categorized into
four main paradigms: convolutional neural network
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(CNN)-based registration, generative adversarial network
(GAN)-based registration, deep reinforcement learning
(DRL)-based registration, and Transformer-based
registration. The following sections will elaborate on each
of these four technical approaches in detail.

A. Convolutional Neural Network-Based Medical
Image Registration

Since the concept of Convolutional Neural Networks (CNNs)
was first proposed, the field has advanced rapidly, fueled by
continuous improvements in computing power. In medical
image registration, early applications of CNNs primarily
focused on leveraging CNN architectures to automatically
learn high-dimensional features extracted during the
registration process, enabling the selection of optimal
registration features. By learning adaptive features, these
methods replaced handcrafted feature design to achieve
automated registration[1].
Given the automated and efficient nature of CNN training,
many researchers later applied CNNs to regression tasks for
estimating model parameters in image registration. For
instance, Miao et al.[2] proposed a CNN-based regression
approach to address two key limitations of conventional
intensity-based 2D/3D registration methods: slow
computational speed and small capture range.
For non-rigid registration, the Voxelmorph model proposed
by Balakrishnan et al.[3] stands as a prominent example, with
its core framework illustrated in Figure 1. Built entirely on
CNN architectures, this model learns the mapping
relationships between images in an end-to-end fashion. Its
lightweight design offers two major advantages over
comparable tools: it achieves higher computational efficiency
and imposes significantly lower memory requirements. The
successful application of the Voxelmorph framework in
medical image registration, particularly for 3D volumes, has
made it a widely adopted baseline in subsequent research[4].
This has inspired numerous improved variants of the
Voxelmorph model, all aimed at enhancing registration
performance.

FIGURE 1. Deep Learning Framework for 3D Medical Image Registration

B. Medical Image Registration Using Generative
Adversarial Networks

Early medical image registration methods were
predominantly built on supervised learning paradigms.
However, the growing volume of medical imaging data has
exposed two key limitations of supervised approaches: the
difficulty of acquiring high-quality annotations and the
scarcity of labeled datasets. These challenges have driven
researchers to explore unsupervised registration frameworks.
Generative Adversarial Networks (GANs) offer a distinct

advantage in this context: they require neither ground-truth
labels nor hand-designed similarity metrics during training.
Qiao et al.[5] addressed multi-modal registration tasks by
proposing a GAN-based model that uses a single generator-
discriminator architecture to handle intensity inconsistencies
across modalities. Wang et al.[6] leveraged CycleGAN to
achieve robust registration and fusion of multi-sequence
brain MR images, as well as multi-modal abdominal CT and
MR datasets. Beyond aligning fixed and moving images, this
method also preserves high visual fidelity in the registered
outputs. For MRI-CT multi-modal registration, Yang et al.[7]
developed the DTR-GAN network, whose superior
performance was validated through extensive experiments.
While GAN-based models can generate more detailed and

realistic deformation fields without relying on annotated data,
they also present notable drawbacks. The inherent adversarial
training process often leads to prolonged training times and
challenges with model convergence[8].

C.Deep Reinforcement Learning-Based Medical Image
Registration
Deep Reinforcement Learning (DRL) is a machine

learning paradigm that integrates deep learning (DL) and
reinforcement learning (RL). It leverages deep neural
networks to approximate the policy or value functions in RL,
enabling the solution of complex decision-making
problems[9]. Compared to conventional registration methods,
DRL offers notable advantages such as fewer parameters and
superior inference performance, making it particularly
effective for multi-modal image registration tasks.
Traditional image registration workflows are highly

susceptible to human bias, especially in the selection of
feature representations and similarity metrics, which can
introduce significant errors into registration outcomes. To
address this limitation, researchers have proposed an agent-
based model composed of a policy network and a value
network. This framework guides the moving image toward
alignment with the reference image, achieving precise
registration[10]. The policy network, a neural network
module, learns to predict the probability distribution of
possible actions under specific states, thereby guiding the
agent ’ s decision-making process. Meanwhile, the value
network provides a mechanism for evaluating the potential
utility of different states and actions, helping the agent
identify optimal decision paths.
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Targeting the challenge of aligning heterogeneous features
in multi-modal registration, Hu et al.[11] reformulated the
registration process as a sequential decision problem, solved
by an agent trained via asynchronous reinforcement learning.
Their architecture incorporates convolutional LSTM layers
after stacked convolutions, allowing it to extract spatio-
temporal image features and implicitly learn a similarity
metric. Evaluated on a dataset of nasopharyngeal carcinoma
CT-MR images, the model demonstrated highly competitive
performance in medical image registration tasks.

D. Transformer-Based Medical Image Registration
The Transformer architecture excels at capturing global

contextual information through its attention mechanism,
enabling it to model long-range dependencies and extract
highly discriminative image features.
Chen et al.[12] proposed ViTVNet, a hybrid framework

combining Vision Transformer (ViT) with the VNet
architecture. This design aims to capture both global
contextual cues and multi-scale image features, addressing
key limitations of purely CNN-based methods. The network
effectively leverages long-range dependencies while
maintaining multi-scale feature extraction capabilities.
Building on the complementary strengths of CNNs and

Transformers, Song et al.[13] first employed CNNs to
generate feature maps, then used Transformer encoders to
capture global context. In experiments on brain MRI datasets,
this approach achieved a 1% performance improvement over
competing models.
Further advancing the ViTVNet framework, Chen et al.[14]

introduced TransMorph, which replaces the vanilla ViT
module with Swin Transformer. However, the registration
performance of this method is sensitive to window size
selection, and repeated sliding window operations introduce
significant computational overhead.
To mitigate these challenges — reducing computational

complexity and model parameters—Ma et al.[15] proposed
the SymTrans model. By incorporating an efficient multi-
head self-attention mechanism, SymTrans effectively cuts
down both parameter count and computational cost.

III. Future Development Trends
Several quantitative metrics are commonly used to evaluate
the performance of medical image registration algorithms.
Dice Similarity Coefficient (DSC):

(1)
Mean Squared Error (MSE):

(2)
Root Mean Squared Error (RMSE):

(3)
Sum of Squared Differences (SSD):

(4)

Target Registration Error (TRE) measures the distance
between corresponding landmarks after registration.
Hausdorff Distance evaluates the maximum geometric
discrepancy between two point sets.

IV. Future Development Trends
While deep learning-based methods have been widely
studied for medical image registration in recent years, their
registration accuracy has not yet shown significant
superiority over traditional algorithms. These methods offer
two key advantages: first, parallel GPU acceleration
significantly improves computational efficiency; second,
end-to-end network architectures enhance model automation
and transferability.
Supervised image registration relies heavily on precise data
annotations, but high-quality labeled samples are extremely
scarce in real-world clinical applications. This scarcity often
leads to overfitting during model training, limiting
generalization performance. To mitigate this issue, various
data augmentation strategies are typically employed to
expand the available training data.
Unsupervised registration, on the other hand, eliminates the
need for labeled data, effectively alleviating the problem of
insufficient training datasets. However, it still faces
substantial challenges in multi-modal registration tasks, as
quantifying similarity across different image modalities
remains difficult. As a result, unsupervised methods are
currently most commonly applied to single-modal
registration problems, while semi-supervised approaches are
predominantly used for multi-modal registration. Given the
unique characteristics of medical imaging data, unsupervised
image registration remains a major focus of ongoing research.
Notably, GAN-based models excel at unsupervised learning,
while Transformer architectures demonstrate strong
capabilities in capturing global image features. Consequently,
deep learning techniques based on GANs and Transformers
will continue to be key research directions in medical image
registration.

V. Conclusion
This paper presents a comprehensive review of deep learning
techniques applied to medical image registration. It outlines
the current state-of-the-art research progress of four
mainstream deep learning approaches across various medical
image registration tasks, discusses commonly used
evaluation metrics and future development trends in the field,
and highlights the significant research value of deep learning
in this domain. Nevertheless, challenges such as the scarcity
of annotated medical image data and the lack of standardized
gold standards remain critical issues requiring sustained
attention and further investigation by the research community.
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