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Abstract 

 

Purpose: The purpose of the study is to improve the accuracy and the robustness of the multimodal MRI image 

registration, where the significant variations in the intensity, the resolution, as well as the anatomical structures 

limit performance of the conventional and the deep learning-based methods. The research addresses the question 

of whether the hybrid deep learning framework, which integrates the local and the global feature modeling, can 

achieve the reliable alignment across the different MRI modalities while maintaining the robustness to the noise 

and the cross-modality variations. 

Methods: The hybrid CNN–Transformer based image registration framework is proposed, which integrates the 

multi-scale feature extraction, the self-attention and the cross-attention mechanisms, the domain adaptation strate-

gies, as well as the spatial transformer networks. The model captures the fine-grained local features as well as the 

long-range global dependencies. The experiments are conducted on the Osteoarthritis Initiative MRI dataset. The 

performance is evaluated using the overlap-based, the intensity-based, as well as the deformation-based metrics, 

which include the Dice Coefficient, the Jaccard Index, the Hausdorff Distance, the Mutual Information, the PSNR, 

as well as the Bending Energy. The ablation studies, the robustness tests under the noise, as well as the cross-

modality evaluations are also performed. 

Results: The proposed method achieves the superior registration performance compared to the baseline models as 

well as the state-of-the-art models, where the Dice Coefficient reaches 0.87 and the Jaccard Index reaches 0.78, 

while the Hausdorff Distance is reduced to 9.5 mm. The results remain stable under the noisy conditions and across 

the different MRI sequences, which confirms the strong generalization capability. 

Conclusion: The hybrid CNN–Transformer framework provides the accurate, the robust, as well as the general-

izable multimodal MRI registration. The integration of the multi-scale features, the attention mechanisms, as well 

as the domain adaptation significantly enhances the alignment precision. 

 

Keywords: Attention mechanisms; cross-modality evaluation; deep learning hybrid model; image registration; 

multi-scale feature fusion; MRI. 

 
1 Introduction 

In domains like medical imaging, where aligning images from various modalities like MRI, CT, and PET is important for 

precise diagnosis as well as treatment planning, the multimodal image registration is an essential process. Every imaging 

modality provides a different perspective on the internal structures of the body, frequently emphasizing particular ana-

tomical or functional features [1]. For example, CT is the best method for seeing bone structures, even though MRI is 

great for soft tissue contrast. Accurately aligning this disparate data is the challenge of multimodal image registration 

since it needs to be successfully integrated. But it is precisely this intricacy that makes the search for such alignment are 

both difficult and beneficial. 

The difficult task of multimodal image registration involves aligning images with different visual attributes, including 

intensity, contrast, resolution, and the type of information they capture. These differences occur because different physical 

principles underlie each imaging technique. For example, CT uses X-rays, while MRI uses radio waves and magnetic 

fields. This inherent variability, however, complicates the direct comparison or alignment of images from disparate mo-

dalities. The process is further complicated by non-linear deformations in patient anatomy, motion artifacts, and varying 
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noise levels across modalities. Although these challenges are significant, addressing them is crucial for effective image 

registration because accurate alignment is essential for subsequent analysis [2][3]. 

In medical imaging, achieving accurate multimodal registration can greatly improve clinical workflows. It enables doctors 

to overlay or fuse images from diverse modalities (this helps in detecting diseases, planning surgeries, and tracking treat-

ment progress). Misalignment, on the other hand, can lead to incorrect diagnoses or ineffective treatments. Traditional 

registration methods based on intensity similarity measures (i.e., mutual information) or feature-based approaches (i.e., 

key-point matching) have been applied for decades. However, these techniques often struggle with large variations be-

tween modalities, non-linear distortions, and the need for significant manual intervention. Because of these challenges, 

researchers continually seek novel solutions to enhance the accuracy of image registration methods. Although progress 

has been made, the complexities inherent in the data remain a significant hurdle for practitioners. [4][5][6]. 

 

1.1 Motivation 

Multimodal image registration is still a difficult task, even with deep learning advancements. Convolutional neural net-

works (CNNs), which are good at capturing local features, are often used in traditional methods. 

Conversely, they grapple with overarching structures and long-range dependencies (a significant hurdle). This challenge 

proves particularly critical because there exists a necessity for global alignment to synchronize images from diverse mo-

dalities. Furthermore, these methodologies typically focus on single-scale data: a limitation that hampers their capacity to 

adjust to varying resolutions and complex details. Current deep learning techniques frequently surpass classical methods; 

but, they still grapple with issues related to generalization [7]. Models that are trained on specific modality pairs like MRI-

CT tend to perform inadequately on alternative pairs like PET-MRI, because of their inflexible architecture. Additionally, 

many of these models overlook multi-scale information, which is indispensable for accurately capturing both fine and 

broad structural details, thereby resulting in misalignments within critical regions. 

Furthermore, attention mechanisms, which enhance performance in other domains, remain underutilized in image regis-

tration. These mechanisms can help models focus on vital regions, improving accuracy. Lastly, traditional models struggle 

with domain adaptation, as variations between datasets and imaging devices can degrade performance. This highlights the 

need for a hybrid framework that integrates multiple deep-learning techniques to effectively address the complexities of 

multimodal image registration [28]. 

 

1.2 Problem-Definition 

The task of multimodal image registration can be formally defined as follows: Given two images 𝐼1 and 𝐼2 , each from 

different modalities, the goal is to find a spatial transformation 𝑇 that aligns 𝐼1 to 𝐼2 such that corresponding anatomical 

structures in both images are accurately aligned. It is represented by the equation [8]: 

 𝐼1
′ = 𝑇(𝐼1) (1) 

where 𝐼1
′  is a transformed image, ideally aligned with 𝐼2. 

The transformation T can be rigid or non-rigid. The primary challenge is to determine the correct transformation that 

reduces the misalignment between the images and variations in intensity, resolution, and structure between the two mo-

dalities. 

 

1.3 Contribution 

This study offers a novel framework that makes several significant contributions to address the limitations of existing 

multimodal image registration techniques: 

 

Hybrid Deep Learning Model. To combine the benefits of CNNs and Transformers, we suggest a hybrid deep learning 

model. Local spatial features are crucial for accurate registration at smaller scales, and CNNs excel at detecting them. 

Transformers, on the other hand, aid in capturing the image's long-term relationships and general context. By combining 

these two strategies, our model efficiently makes use of both local as well as global data, improving accuracy and depend-

ability throughout the registration process, particularly in difficult anatomical regions [9]. 

 

Multi-Scale Feature Extraction and Fusion. We incorporate a multi-scale feature extraction mechanism to address the 

challenge of varying image resolutions. As a result, the model can identify both fine-grained details (such as tiny tumors 

or anatomical borders) and coarse-grained, more expansive structures (such as organs or large tissue regions) [10][11]. 

By extracting and combining features at different scales, our model ensures that crucial information is maintained during 

the registration process, leading to more accurate alignment across modalities. 

 

Attention Mechanisms for Enhanced Focus. We have included attention mechanisms in this registration model to focus 

on the important areas in the images where the entire area is not equally important for accurate registration. Using this 

mechanism, it can highlight regions that is useful clinically, such as tumor locations or key anatomical features [12]. 

 

Domain Adaptation for Variability Handling. Variability among different imaging modalities and datasets presents a 

major challenge in multimodal image registration. To ensure that the model can adapt to various imaging situations, we 

implement domain adaptation techniques [13]. Our framework addresses the differences between modalities by using 
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adversarial training and domain-specific normalization layers, enhancing the model's ability to withstand variations in 

imaging conditions and data distributions. 

 

Advanced Evaluation with Novel Metrics. We thoroughly assess our framework using a variety of metrics, including 

new metrics that offer deeper insights into structural alignment, such as Hausdorff Distance and Bending Energy, as well 

as conventional registration measures, such as the Dice Coefficient and Mutual Information.  

Our thorough evaluation of the model's resilience to different kinds of noise and occlusions guarantees that our strategy 

works in both ideal and real-world clinical settings.  

This introduction serves as a foundation for the research paper by identifying shortcomings of both conventional tech-

niques and current deep learning methods. Our hybrid model presents a holistic solution to the challenges of multimodal 

image registration; however, it could be applied in areas beyond medical imaging, because it addresses underlying issues 

effectively. Although the model shows promise, its application is still limited by certain factors [14]. 

 

2 Related Works 

Aligning images from various modalities is the goal of multimodal image registration, an essential component of medical 

imaging. This field has undergone significant change, moving from traditional techniques that relied on local feature 

extraction and statistical measures to more recent deep learning-based strategies.  

Although hybrid approaches (that leverage deep learning, attention mechanisms, and multi-scale feature extraction) have 

been employed in recent developments, traditional methods often center on structural similarities. Such inherent chal-

lenges like anatomical differences between modalities, image noise, and intensity variations are effectively addressed by 

these modern techniques. This section reviews critical contributions to the field and identifies methodological flaws; how-

ever, it situates our work within this rapidly evolving framework. 

 

2.1 Current Approaches 

Recently, Wang et al. (2024) created the VDD-Reg model to align retinal images from optical coherence tomography 

angiography (OCTA) and erythrocyte-mediated angiography (EMA) [15]. However, it is essential to understand in detail 

the underlying algorithms to appreciate the complexities. Even if there is a great deal of room for improvement in accuracy, 

challenges remain. This intricate technical interplay underscores the significance of further research in this field. This 

model employs segmentation techniques to effectively manage large variations in vessel density; however, it also high-

lights the potential of combining traditional methods with deep learning for specific medical applications.  

Mok et al. (2024) presented a structural representation learning approach that focuses on deformable multimodal medical 

image registration and may apply to a variety of imaging modalities [16]. Their method uses contrastive learning and 

Deep Neighborhood Self-similarity (DNS), which allows the model to provide useful image representations. This occurs 

without the necessity of pre-aligned training datasets or anatomical annotations; however, it raises questions about poten-

tial limitations. Although promising, the efficacy of such methods remains to be fully established. Correcting problems 

with anatomical alignment and local noise alterations is made much easier with this method. 

Numerous existing methodologies face challenges when confronted with complex cases which exhibit significant nonlin-

ear variations between modalities. To tackle these issues, Deng et al. (2024) have introduced RCV-Net: an unsupervised 

registration model that amalgamates convolutional block attention modules (CBAM) and a ResNet architecture [17].  

Furthermore, Yang et al. (2024) developed adjacent self-similarity 3D convolution (ASTC) to address issues (such as 

radiation variations, illumination changes and image noise) during registration [18]. ASTC generates strong multidimen-

sional features by applying local nearby self-similarity technique; however, these features are then enhanced further using 

3D convolution. This increases the accuracy of point matching, but it also raises questions about the computational effi-

ciency involved. Although effective, one must consider the potential drawbacks of such methods (especially in real-time 

applications) because they may introduce complexity that could hinder practical implementation. However, the complex-

ity of the interactions involved in these processes may produce unexpected results. 

Even with these advancements, there is still a notable need for enhanced methodologies. Difficulties in capturing fine 

details and managing significant deformations persist, emphasizing the need for multi-scale feature extraction and atten-

tion mechanisms to improve performance across various datasets. 

 

2.2 Attention Mechanisms and Multi-Scale Feature Extraction 

Attention mechanisms are vital in contemporary multimodal image registration; they enable models to concentrate on 

critical regions (particularly in medical imaging, where specific anatomical features hold great significance). Wu et al. 

(2023) developed an attention-based glioma grading network (AGGN) that employs multi-branch convolutions to extract 

both shallow and deep features, enhancing accuracy which occurs through a dual-domain weighting of channel and spatial 

information [19]. Lin et al. (2024) proposed a multi-branch and multi-scale neural network for medical image fusion, 

incorporating attention mechanisms to optimize feature extraction and semantic understanding [20]. however, this im-

provement facilitates complex registration tasks. Although multi-scale feature extraction addresses variations in image 

texture and scale, many current methods still struggle to generalize across modalities with substantial structural differ-

ences. Therefore, this reveals a pressing need for further advancements in multimodal registration techniques. 
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2.3 Domain Adaptation for Multimodal Registration 

Domain adaptation is essential for addressing variability across imaging modalities (especially when images are sourced 

from diverse scanners or protocols). Recent innovations strive to enhance the generalization of registration models. Chen 

et al. (2024) introduced IFSrNet, a multi-scale feature-guided registration network for multispectral images that employs 

Cycle Generative Adversarial Network (CycleGAN) to create pseudo-infrared images from visible ones [21]. This model 

utilizes a multi-head attention module to address inconsistencies between reference and target images (thus improving 

accuracy).  

In a related endeavor, Yang et al. (2024) developed a network for underwater image enhancement that integrates spatial 

attention and feature aggregation, enhancing adaptability across multiple domains [22]. These studies highlight the grow-

ing importance of domain adaptation in multimodal registration; however, challenges continue to exist in effectively man-

aging significant domain shifts within complex datasets (because these shifts hinder the registration process), indicating a 

necessity for ongoing research in this field. 

 

2.4 Positioning Our Approach 

Our proposed methodology enhances existing approaches by merging transformers with CNNs (convolutional neural net-

works), which facilitates superior feature extraction and long-range dependency modeling. We effectively capture both 

global as well as local features and integrate multi-scale feature extraction with attention mechanisms, thereby overcoming 

the challenges posed by substantial deformations and complex anatomical structures. 

However, we additionally employ domain adaptation strategies to ensure dependable performance across diverse imaging 

modalities (which is crucial for applications about medical imaging). Although rigorous testing—alongside the application 

of sophisticated evaluation metrics—distinguishes our work, they also provide a more comprehensive assessment of 

model performance than traditional metrics (such as mean squared error and mutual information). This research bears 

implications that extend beyond its theoretical contributions as a consequence. 

While deep learning, attention mechanisms, and domain adaptation have led to significant advancements in the field of 

multimodal image registration, issues with feature generalization, domain variability, and handling large deformations 

still exist [23]. To fill these gaps, we have developed a hybrid deep learning approach that combines the advantages of 

CNNs, transformers, multi-scale feature extraction, and domain adaptation. This provides a new approach to the advanced 

multimodal image registration model, but it is important to take implementation complexity into account. 

 

3 Methodology 

We propose a multimodal image registration framework that integrates some of the state-of-the-art techniques for im-

proved alignment of images from different modality. In order tackle issues led to by difference of modality, our method-

ology uses a combination of deep learning, multi-scale feature extraction, attention mechanisms, domain adaptation and 

spatial transformer networks. We'll break out each of these components with explanations and the corresponding mathe-

matical formulations as well as the rationale for the design choices. 

 

3.1 Overall Architecture 

Our method consists of a few modules consists of a feature integration module, a multi-scale feature integration attention 

mechanism, a fusion layer, domain adaptation strategies, and a STN-based registration module. 

Fig.1. shows how a trajectory of the model looks like. Two input images from different modalities are initially fed through 

the feature extraction module to produce discriminative representations. The multi-scale feature fusion block then takes 

these features as input to extract features on multiple scales. The attention mechanisms guarantee that the most relevant 

parts of the image will be attended to by the model. We apply domain-adaptation approaches to reduce such modality gap. 

Finally, the spatial transformer network calculates the transformation needed to align the images. 

Let 𝐼𝐴 and 𝐼𝐵 represent input images from modality A and modality B, respectively. The goal is to estimate a transformation 

matrix 𝑻 that aligns 𝐼𝐵 to 𝐼𝐴, such that [24]: 

 𝐼𝐵
′ = 𝑇(𝐼𝐵 ; 𝐓)  (2) 

where 𝑇 is the transformation function, and 𝐼𝐵
′  is the registered version of 𝐼𝐵. 

 

Feature Extraction Module. In the endeavor to extract features from multimodal images, we utilize a synthesis of Con-

volutional Neural Networks (CNNs) and Transformers. CNNs are especially proficient at identifying local patterns such 

as edges and textures whereas Transformers excel in modeling long-range dependencies [1]. This effectiveness is largely 

due to their self-attention mechanism; however, the integration of these methodologies presents unique challenges. Alt-

hough CNNs provide intricate spatial information, Transformers are instrumental in elucidating contextual relationships 

across the entirety of the image, because they can simultaneously concentrate on various segments of the input. 
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Fig. 1.  Overall architecture of Hybrid Multimodal Registration. 

 

 

CNN-based Feature Extraction. For each input image 𝐼, the CNN extracts hierarchical features at multiple levels [25]: 

 𝐹𝑖 = 𝐶𝑁𝑁𝑖(𝐼) (3) 

where 𝐹𝑖 denotes the feature maps extracted at the 𝑖 − 𝑡ℎ layer of the CNN. These features capture local information at 

various spatial resolutions, enabling fine-grained analysis of the input image. 

Transformer-based Feature Extraction. The output of the CNN is then passed through a Transformer network to model 

global relationships [26]: 

 𝐻𝑖 = 𝑇𝑟𝑎𝑛𝑠𝑓𝑜𝑟𝑚𝑒𝑟(𝐹𝑖) (4) 

where 𝐻𝑖  represents the globally contextualized feature map obtained through the self-attention mechanism of the Trans-

former. The self-attention matrix A in the Transformer is computed as [27]: 

 𝐴 = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥 (
𝑄𝐾𝑇

√𝑑𝑘
) (5) 

where Q and K are the query and key matrices, respectively, and 𝑑𝑘 is the dimensionality of the keys. This operation 

allows the model to weigh the importance of different feature locations relative to each other, irrespective of spatial dis-

tance. 

 

Multi-Scale Feature Fusion. For the integration of fine features with broader contextual information, multi-scale feature 

fusion is a crucial procedure (Smith, 2020). Our method allows us to represent the picture on many scales by using char-

acteristics that are taken from different layers of the CNN-Transformer stack [28]. 

Let 𝐹𝑠 denote features from a shallow layer and 𝐹𝑑 from a deeper layer. We fuse these features using a weighted sum: 

 𝐹𝑓𝑢𝑠𝑒𝑑 = 𝑤𝑠𝐹𝑠 + 𝑤𝑑𝐹𝑑 (6) 

where the contributions of each feature map are balanced by learnable weights 𝑤𝑠and 𝑤𝑑This combination guarantees that 

both high-level semantic information and low-level details are included in the final representation. For additional refine-

ment, a multi-scale convolution operation is used to the fused features [29]. 

 𝐹𝑟𝑒𝑓𝑖𝑛𝑒𝑑 = ∑ 𝐶𝑜𝑛𝑣𝑘𝑖
(𝐹𝑓𝑢𝑠𝑒𝑑)𝑛

𝑖=1  (7) 

where 𝐶𝑜𝑛𝑣𝑘𝑖
 denotes convolution with kernel size 𝑘𝑖, and n is the number of scales. This allows the network to integrate 

features across different resolutions. 

 

Attention Mechanisms. Attention mechanisms are crucial for focusing the model's capacity on the most relevant regions 

of the image. We use both self-attention and cross-attention in our architecture. 

Self-Attention. Self-attention is applied to features from each modality independently, allowing the model to capture rela-

tionships within the same modality [30]: 

 𝐴𝑠 = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥 (
𝑄𝑠𝐾𝑠

𝑇

√𝑑𝑠
) 𝑉𝑠 (8) 

where 𝑄𝑠, 𝐾𝑠,𝑉𝑠  are the query, key, and value matrices for the feature maps of modality A or B. 

Cross-Attention. Cross-attention mechanisms are employed to align features across different modalities. For features 𝐹𝐴 

from modality A and 𝐹𝐵  from modality B, cross-attention is formulated as [18] [31][32]: 

 𝐴𝐴𝐵 = 𝑆𝑜𝑓𝑡𝑚𝑎𝑥 (
𝑄𝐴𝐾𝐵

𝑇

√𝑑𝑘
) 𝑉𝐵 (9) 
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where 𝑄𝐴 is the query matrix from modality A and 𝐾𝐵, 𝑉𝐵  are the key and value matrices from modality B. This enables 

the model to focus on corresponding regions across modalities. 

 

Domain Adaptation. Domain adaptation is necessary to address the differences between the two modalities. We use 

adversarial training to ensure that the features extracted from the two modalities are aligned in a shared latent space. 

Adversarial Training. We introduce a discriminator D that distinguishes between features from modality A and modality 

B. The goal of the feature extractor is to fool the discriminator, thus aligning the feature distributions of the two modalities. 

The adversarial loss is given by [33]: 

 ℒ𝑎𝑑𝑣 = 𝔼[log 𝐷(𝐹𝐴)] + 𝔼[log(1 − 𝐷(𝐹𝐵))] (10) 

The feature extractor is trained to minimize ℒ𝑎𝑑𝑣, while the discriminator is trained to maximize it. 

 

Normalization. To further reduce modality discrepancies, we apply adaptive instance normalization (AdaIN) to the ex-

tracted features. AdaIN aligns the statistical distributions (mean and variance) of features across modalities [19] [34]: 

 𝐴𝑑𝑎𝐼𝑁(𝐹𝐴, 𝐹𝐵) = 𝜎𝐵 (
𝐹𝐴−𝜇𝐴

𝜎𝐴
) + 𝜇𝐵(11) 

Where 𝜇𝐴, 𝜎𝐴 are the mean and standard deviation of 𝐹𝐴, and 𝜇𝐵, 𝜎𝐵 are the corresponding statistics for 𝐹𝐵. 

 

Registration Module. The core of the registration process is the Spatial Transformer Network (STN), which estimates 

the transformation 𝐓 required to align the input images. The STN consists of a localization network that outputs the pa-

rameters of a transformation matrix. Given an input feature map FFF, the STN predicts a set of parameters 𝜃 that define 

the transformation [35]: 

 𝑇 = 𝑆𝑇𝑁(𝐹) = 𝜃 (12) 

This transformation is then applied to the input image using interpolation, such that [36]: 

 𝐼𝐵
′ = 𝑇(𝐼𝐵 ; 𝐓(𝜃) (13) 

The transformation can be affine, rigid, or non-rigid, depending on the application. In our case, we have used a non-rigid 

transformation model to account for complex deformations between modalities. 

 

Loss Functions. To ensure accurate registration, we combine multiple loss functions that capture both intensity-based 

and structural similarity. The overall loss is [37]: 

 ℒ = 𝜆1ℒ𝑀𝑆𝐸 + 𝜆2ℒ𝑆𝑆𝐼𝑀 (14) 

where ℒ𝑀𝑆𝐸  is the mean squared error between the registered and reference images, and ℒ𝑆𝑆𝐼𝑀is the structural similarity 

index loss. 

GAN for Data Augmentation. To enrich the dataset, we employ a Generative Adversarial Network (GAN) to generate 

synthetic multimodal image pairs. The generator G learns to produce realistic image pairs, while the discriminator D 

distinguishes between real and generated pairs. The GAN loss is [38]: 

 ℒ𝐺𝐴𝑁 = 𝔼[log 𝐷(𝐼𝐴, 𝐼𝐵)] + 𝔼 [log (1 − 𝐷(𝐺(𝐼𝐴)))] (15) 

 

3.2 GNN Integration 

Finally, we integrate Graph Neural Networks (GNNs) to model spatial relationships within the image. Each pixel is treated 

as a node in a graph, and the edges represent spatial relationships. The GNN refines the registration by updating node 

features based on neighboring nodes [39]: 

 𝐹𝐺𝑁𝑁 = 𝐺𝑁𝑁(𝐹) (16) 

where 𝐹𝐺𝑁𝑁 are the refined features that take spatial relationships into account. This leads to more accurate and smooth 

transformations. 

 

4 Experimental Setup 

 

4.1 Datasets 

For this research, we use the OAI (Osteoarthritis Initiative) dataset, focusing exclusively on MRI images. This dataset 

comprises images with multiple contrasts that highlight different tissue types, enabling robust multimodal image registra-

tion. Each MRI image is slices captured across different angles, offering a range of anatomical information critical for 

registration [23]. We preselect slices that best represent critical anatomical areas for osteoarthritis analysis, ensuring that 

both the source and target images have complementary information for alignment. These images provide comprehensive 

multimodal information to evaluate our proposed hybrid deep learning model for accuracy and robustness. 

 

4.2 Preprocessing 

The preprocessing pipeline ensures consistency in image size, intensity, and orientation. Initially, each image slice is 

resized to a standard resolution of 256×256 to maintain uniformity in the feature extraction process. Subsequently, inten-

sity normalization is applied to each image using min-max scaling [40]: 

 𝐼′ =
𝐼−min (𝐼)

max(𝐼)−min (𝐼)
 (17) 
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Where 𝐼′ represents the normalized image, while 𝑚𝑖𝑛(𝐼) and 𝑚𝑎𝑥(𝐼) denote the minimum and maximum intensity values, 

respectively. This scaling reduces intensity disparities between images, enabling fairer comparisons. Data augmentation 

is also performed to improve model robustness. Transformations include random rotations, flips, and Gaussian noise, 

defined as [41]: 

 𝐼𝑎𝑢𝑔 = 𝐼 + 𝒩(0, 𝜎2) (18) 

Where 𝒩(0, 𝜎2) is Gaussian noise with zero mean and variance 𝜎2 This augmentation process improves generalization 

and ensures the model’s performance is resilient to variations. 

 

Table 1. The key preprocessing parameters applied to the MRI 

Preprocessing Step Operations 

Resizing 256 × 256   

Normalization Min-max scaling 

Rotation Random, up to ±15° 

Flip Horizontal and vertical 

Gaussian Noise Addition 𝜎2 = 0.01  

 

4.3 Training Details 

The model is trained over 200 epochs, with mini-batches of size 16, using a combination of 𝐴𝑑𝑎𝑚𝑊 and Lookahead 

optimizers for stable convergence. 𝐴𝑑𝑎𝑚𝑊 minimizes the loss function effectively with weight decay, which is critical 

for controlling overfitting, while Lookahead periodically adjusts the search direction, improving convergence speed [24]. 

The learning rate is scheduled with a cosine annealing function, defined as [42]: 

 𝜂𝑡 = 𝜂𝑚𝑖𝑛 + 0.5(𝜂𝑚𝑎𝑥 − 𝜂𝑚𝑖𝑛) (1 + 𝑐𝑜𝑠 (
𝑡

𝑇
𝜋)) (19) 

Where 𝜂𝑡 is the learning rate at epoch t, 𝜂𝑚𝑖𝑛 and 𝜂𝑚𝑎𝑥 are the minimum and maximum learning rates, respectively, and 

T is the total number of epochs. Our setup uses NVIDIA GTX3500 GPUs, with training times optimized by data parallel-

ism. Detail training configuration is given in Table 2. 

 

Table 2. Training configuration 

Parameter Value 

Epochs 200 

Batch Size 16 

Optimizers AdamW, Lookahead 

Learning Rate Cosine Annealing 

Weight Decay 10−4  

 

4.4 Algorithm Design 

The algorithm devised for multimodal image registration employs a hybrid deep learning architecture, proficiently align-

ing a source image 𝐼𝑠with a target image 𝐼𝑠 and, ultimately, yielding an aligned output image (𝐼𝑎𝑙𝑖𝑔𝑛𝑒𝑑). Initially, model 

parameters (θ) are established to configure the convolutional neural network (CNN), Transformer and graph neural net-

work (GNN) modules [25][26].  However, these representations undergo enhancement through the application of Trans-

formers, which capture global dependencies inherent in the features; thus, they produce 𝐹𝑠
𝑡𝑟𝑎𝑛𝑠 and 𝐹𝑡

𝑡𝑟𝑎𝑛𝑠. The subsequent 

refinement of these representations is accomplished by the GNN module, which embeds spatial relationships between the 

features, resulting in 𝐺𝑠 and 𝐺𝑡. This process is crucial for ensuring alignment accuracy, although some challenges may 

persist because of variability in the input data. 

Despite the inherent complexity of the methodology, its significance cannot be overstated, because it effectively harnesses 

the strengths of diverse neural network architectures to attain superior performance in the realm of multimodal image 

registration. Ultimately, these representations are amalgamated to produce multi-scale fused features: notably, 𝐹𝑠
𝑓𝑢𝑠𝑒𝑑

 and 

𝐹𝑡
𝑓𝑢𝑠𝑒𝑑

. However, attention mechanisms which encompass both self-attention and cross-attention are later employed to 

further enhance these fused features [27]. The resultant process, therefore, yields attention-weighted representations des-

ignated as 𝐹𝑠
𝑎𝑡𝑡𝑛 and 𝐹𝑡

𝑎𝑡𝑡𝑛. The integrity of this alignment is evaluated through a bespoke loss function that synthesizes 

intensity-based metrics with SSIM (structural similarity) indices. Intensity loss seeks to minimize pixel discrepancies, 

whereas SSIM enhances structural congruence. The weights α and β assume a critical role in reconciling these disparate 

losses. 

 

Algorithm 1: Multimodal Image Registration with Hybrid Deep Learning 
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 Input: Source image 𝐼𝑠, Target image 𝐼𝑡, Parameters 𝜃  

Output: Transformed image 𝐼𝑎𝑙𝑖𝑔𝑛  

Initialize: Initialize parameters 𝜃 for CNN, Transformer, and GNN mod-

ules. 

Preprocess images 𝐼𝑠 and 𝐼𝑡: Rescale 256X256, normalize intensity. 

   1.  for epoch = 1 to E do 

2. 

3. 

4. 

5. 

6. 

7. 

8. 

9. 

10. 

11. 

12. 

13. 

14. 

 

15. 

16. 

17. 

18. 

19. 

20. 

21. 

22. 

23. 

Extract multi-scale features from 𝐼𝑠 and 𝐼𝑡:  

𝐹𝑠 ← 𝐶𝑁𝑁(𝐼𝑠; 𝜃𝑐𝑚)  

𝐹𝑡 ← 𝐶𝑁𝑁(𝐼𝑡; 𝜃𝑐𝑚)  

Enhance feature representation with Transformer and GNN: 

𝐹𝑠
𝑡𝑟𝑎𝑛𝑠 ← 𝑇𝑟𝑎𝑛𝑠𝑓𝑜𝑟𝑚𝑒𝑟(𝐹𝑠)  

𝐹𝑡
𝑡𝑟𝑎𝑛𝑠 ← 𝑇𝑟𝑎𝑛𝑠𝑓𝑜𝑟𝑚𝑒𝑟(𝐹𝑡)  

𝐺𝑠, 𝐺𝑡 ← 𝐺𝑁𝑁(𝐹𝑠
𝑡𝑟𝑎𝑛𝑠, 𝐹𝑡

𝑡𝑟𝑎𝑛𝑠)  

Fuse multi-scale features: 

𝐹𝑠
𝑓𝑢𝑠𝑒𝑑

, 𝐹𝑡
𝑓𝑢𝑠𝑒𝑑

← 𝐹𝑓𝑢𝑠𝑖𝑜𝑛(𝐺𝑠 , 𝐺𝑡)  

Apply self-attention and cross-attention for refined alignment: 

𝐹𝑠
𝐴𝑡𝑡𝑛 ← 𝑆𝑒𝑙𝑓𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛(𝐹𝑠

𝑓𝑢𝑠𝑒𝑑
)  

𝐹𝑡
𝐴𝑡𝑡𝑛 ← 𝐶𝑟𝑜𝑠𝑠𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛(𝐹𝑡

𝑓𝑢𝑠𝑒𝑑
, 𝐹𝑠

𝑓𝑢𝑠𝑒𝑑
)  

Estimate transformation parameters using Spatial Transformer Network 

(STN): 

𝜃𝑡𝑟𝑎𝑛𝑓𝑜𝑟𝑚𝑎𝑡𝑖𝑜𝑛 ← 𝑆𝑇𝑁(𝐹𝑠
𝑎𝑡𝑡𝑛 , 𝐹𝑡

𝑎𝑡𝑡𝑛)  

Compute the transformed image: 

𝐼𝑎𝑙𝑖𝑔𝑛𝑒𝑑 ← 𝑇𝑟𝑎𝑛𝑠𝑓𝑜𝑟𝑚(𝐼𝑠 , 𝜃𝑡𝑟𝑎𝑛𝑠𝑓𝑜𝑟𝑚𝑎𝑡𝑖𝑜𝑛)  

Compute loss using combined intensity and SSIM metrics: 

𝐿𝑖𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦 = ‖𝐼𝑎𝑙𝑖𝑔𝑛 − 𝐼𝑡‖
2

2
  

𝐿𝑆𝑆𝐼𝑀 = 1 − 𝑆𝑆𝐼𝑀(𝐼𝑎𝑙𝑖𝑔𝑛𝑒𝑑 , 𝐼𝑡)  

𝐿 = 𝛼 ∙ 𝐿𝑖𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦 + 𝛽 ∙ 𝐿𝑆𝑆𝐼𝑀  

Backpropagate and update parameters 𝜃 

24.  end 

Return 𝐼𝑎𝑙𝑖𝑔𝑛 

 

4.5 Baseline Methods 

In our analysis, we propose a model that amalgamates both classical (and avant-garde) image registration techniques listed 

in Table 3. Classical methods i.e. Normalized Cross-Correlation (NCC) and Mutual Information (MI) serve as founda-

tional benchmarks; however, advanced methodologies like VoxelMorph, Deformable Transformer and Symmetric image 

Normalization (SyN) epitomize the cutting-edge of the field. 

 

Table 3. Baseline model and their features 

Baseline Method Key Features 

Normalized Cross-Correlation Measures intensity similarity 

Mutual Information (MI) Multimodal similarity metric 

VoxelMorph CNN-based unsupervised registration 

Deformable Transformer Uses transformer layers for registration 

SyN Symmetric non-rigid registration 

 

4.6  Evaluation Metrics 

To comprehensively evaluate the performance of the model, Various metrics across overlap, intensity, and anatomical 

distance-based measures have been used [28]. 

 

Dice Coefficient. This metric calculates the overlap between segmented regions and is defined as [43]: 

 𝐷𝑖𝑐𝑒 =
2|𝐴∩𝐵|

|𝐴|+|𝐵|
 (20) 

where A and B represent the segmented regions in the source and target images. This coefficient measures the overlap by 

comparing twice the shared area with the total area, producing a score between 0 and 1. A higher score indicates better 

alignment between the segmented regions, ideal for assessing registration accuracy in overlapping structures. 

 

Jaccard Index. Measures the intersection-over-union of image regions [44]: 

 𝐽𝑎𝑐𝑐𝑎𝑟𝑑 =
|𝐴∩𝐵|

|𝐴∪𝐵|
 (21) 
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This equation measures the intersection-over-union between two segmented regions A and B, yielding a score from 0 to 

1. Unlike the Dice Coefficient, Jaccard does not double the intersection area, making it more sensitive to differences in 

alignment, which is useful for evaluating the precision of overlap. 

 

Hausdorff Distance (HD). This metric assesses the worst-case boundary alignment [45]: 

 𝐻𝐷(𝐴, 𝐵) = 𝑚𝑎𝑥{𝑠𝑢𝑝
𝛼𝜖𝐴

𝑖𝑛𝑓
𝑏𝜖𝐵

𝑑(𝑎, 𝑏), 𝑠𝑢𝑝
𝑏𝜖𝐵

𝑖𝑛𝑓
𝑎∈𝐴

𝑑(𝑎, 𝑏)} (22) 

where 𝑑(𝑎, 𝑏) denotes the Euclidean distance. This equation calculates the maximum shortest distance between points on 

the boundaries of two structures [29]. Hausdorff Distance reveals the worst-case boundary misalignment, which is partic-

ularly useful for identifying discrepancies at the edges of registered images. 

 

Mutual Information (MI). For multimodal similarity measurement, MI is calculated as [46]: 

 𝑀𝐼(𝐼𝑠 , 𝐼𝑡) = ∑ 𝑃𝐼𝑠 , 𝐼𝑡(𝑖, 𝑗) log
𝑃𝐼𝑠,𝐼𝑡,(𝑖,𝑗)

𝑃𝐼𝑠(𝑖),𝑃𝐼𝑡(𝑗)𝑖,𝑗  (23) 

Where 𝑃𝐼𝑠 , 𝐼𝑡(𝑖, 𝑗) is the joint probability distribution of intensities i and j in 𝐼𝑠 and 𝐼𝑡. MI measures the amount of shared 

information, making it ideal for aligning multimodal images by evaluating structural similarities even with intensity var-

iations. 

 

Peak Signal-to-Noise Ratio (PSNR) and Normalized Cross-Correlation (NCC). These metrics evaluate intensity-

based similarity. PSNR is defined as [47]: 

 𝑃𝑆𝑁𝑅 = 10 log10 (
𝑀𝐴𝑋2

𝑀𝑆𝐸
) (24) 

where MAX is the maximum pixel intensity and MSE is the mean squared error between images. A higher PSNR indicates 

a closer resemblance. 

NCC is calculated as [48]: 

 𝑁𝐶𝐶 =
∑ (𝑋𝑖−𝑋̅)𝑖 (𝑌𝑖−𝑌̅)

√∑ (𝑋𝑖−𝑋̅)2 ∑ (𝑌𝑖−𝑌̅)2
𝑖𝑖

 (25) 

where 𝑋̅  and 𝑌̅ are mean intensities. NCC measures intensity correlation, useful for assessing alignment consistency 

across the image. 

 

Landmark Distance. Calculates the Euclidean distance between corresponding anatomical landmarks in the images [49]: 

 𝑑𝑙𝑎𝑛𝑑𝑚𝑎𝑟𝑘 =
1

𝑛
∑ √(𝑥𝑖 − 𝑥𝑖

′)2 + (𝑦𝑖 − 𝑦𝑖
′)2𝑛

𝑖=1  (26) 

Where, 𝑥𝑖
′ and 𝑦𝑖

′are corresponding landmark points in aligned and target images. It provides an average distance between 

landmarks, assessing the registration’s spatial accuracy at key anatomical points. 

 

Bending Energy. For non-rigid transformations, bending energy penalizes excessive deformation [50]: 

 𝐸𝑏𝑒𝑛𝑑 = ∫ ((
𝜕2𝑢

𝜕𝑥2)
2

+ 2 (
𝜕2𝑢

𝜕𝑥𝜕𝑦
)

2

+ (
𝜕2𝑢

𝜕𝑦2)
2

) 𝑑𝑥𝑑𝑦 (27) 

This equation penalizes rapid changes in the deformation field by measuring the second derivatives, thereby promoting 

smoothness in non-rigid transformations for anatomically plausible alignments. 

 

4.7 Computational Complexity Analysis 

The proposed model’s complexity analysis reveals insights into time and memory demands. For the CNN-Transformer 

hybrid architecture, the complexity of CNN feature extraction is 𝑂(𝑛2 ⋅ 𝑘2), where 𝑛 is the image dimension and 𝑘 is the 

filter size [33]. Transformer layers have complexity 𝑂(𝑛2 ⋅ 𝑑) per layer, where d represents feature dimensions. 

Multi-scale feature fusion introduces additional memory requirements, while GNN operations, with complexity 𝑂(𝑉 +
𝐸) , where V and E denote vertices and edges), are managed within GPU limits. 

 

5 Results & Analysis 

This section presents a detailed examination of the performance of our proposed multimodal image registration model 

using MRI images from the OAI dataset. We assess the results from multiple perspectives: quantitative metrics, qualitative 

assessments, ablation studies, robustness, and cross-modality evaluation. A thorough examination of our model's accuracy 

and generalizability (though important) is provided by the statistical validation and scientific rigor that underpin each 

assessment criterion. Utilizing the Dice Coefficient, Jaccard Index, Hausdorff Distance, Mutual Information, PSNR, NCC, 

Landmark Distance and Bending Energy as outlined in the methodology section we first evaluate registration correctness. 

However, this process is not without its challenges; because of the complexity involved, one must remain vigilant. Alt-

hough each metric serves a purpose, the interplay among them can yield nuanced insights, thus complicating the overall 

assessment. Table 4 summarizes (in a concise manner) the quantitative comparison of our proposed model versus baseline 

and state-of-the-art methods, including traditional techniques and deep learning models. Each evaluation metric is aver-

aged across multiple tests runs to ensure statistical significance; however, this does not negate the variability inherent in 

the data. Fig. 1 represents the performance of different methods for each metric, visually comparing our model against 

baselines, which aids in understanding specific areas of improvement in our model. Although the findings are promising, 

further investigation is warranted because the potential for enhancement remains. 
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Fig. 2.  Comparison of performance of different methods for each metric of our model and baseline models. 

 

Table 4. shows significant advancements achieved through our proposed methodology concerning the Dice Coefficient 

(0.87), Jaccard Index (0.78) and Hausdorff Distance (9.5). This augmented accuracy implies enhanced alignment preci-

sion; however, it also suggests greater anatomical consistency. 

 

Table 4.  comparison of Performance analysis on OAI MRI data between our model with base model. 

Method Dice 

Coeffi-

cient 

Jaccard 

Index 

Hausdo

rff Dis-

tance 

Mutual 

Infor-

mation 

PSNR 

(dB) 

NCC Land-

mark 

Dis-

tance 

Bend-

ing En-

ergy 

Voxel-

Morph 

0.78 ± 

0.02 

0.67 ± 

0.03 

12.4 ± 

1.2 

1.65 ± 

0.08 

28.7 ± 

0.5 

0.82 3.4 ± 

0.4 

4.7 ± 

0.6 

SyN 0.81 ± 

0.03 

0.71 ± 

0.02 

11.6 ± 

1.0 

1.72 ± 

0.06 

29.8 ± 

0.3 

0.85 3.2 ± 

0.3 

4.1 ± 

0.5 

Our 

Model 

0.87 ± 

0.01 

0.78 ± 

0.02 

9.5 ± 

0.8 

1.85 ± 

0.05 

31.2 ± 

0.2 

0.91 2.6 ± 

0.2 

3.6 ± 

0.4 

 

5.1 Statistical Analysis 

To validate the significance of the observed improvements, statistical testing was conducted, with p-values and confidence 

intervals computed for each evaluation metric. We performed t-tests for paired comparisons between our model and base-

lines across multiple trials, assessing significance at a 95% confidence level. Furthermore, we calculated the effect size 𝑑 

to indicate practical relevance, where: 

 𝑑 =
𝑀𝑒𝑎𝑛 𝐷𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒

𝑆𝑡𝑎𝑛𝑑𝑎𝑟𝑑 𝐷𝑒𝑣𝑖𝑎𝑡𝑖𝑜𝑛
 (28) 

The following Table 5 highlights the p-values and effect sizes for each metric, with smaller p-values and larger effect 

sizes confirming the statistical advantage of our model. 

 

Table 5. Statistical analysis showing p-values and confidence intervals for selected metrics 

Metric Mean Difference Std. Deviation p-value Effect Size (d) 

Dice Coefficient 0.12 0.02 <0.001 6.0 

Jaccard Index 0.10 0.03 <0.001 3.3 

Hausdorff Distance 1.2 mm 0.5 mm 0.002 2.4 

Mutual Infor-

mation 

0.03 0.01 <0.001 3.0 

 

 All metrics demonstrate statistically significant improvements, as indicated by p-values well below the threshold. These 

statistical validations underscore our model’s advantage over competing methods, particularly in complex areas with chal-

lenging spatial characteristics. Fig. 3 displays image from the test set, showing original MRI images, VoxelMorph (base-

line model) results, and our model's output. The visual differences illustrate improved structural alignment and anatomical 

detail preservation in our model’s output. 
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Fig. 3.  Image registration results with original MRI images (Left), VoxelMorph (baseline) results (Middle), and our 

model's output (Right). 

 

5.2 Error Analysis and Failure Cases 

We analyzed regions of misalignment by generating error maps, revealing the specific zones with maximum registration 

errors. These maps, computed as: 

𝐸𝑟𝑟𝑜𝑟(𝐼𝑎𝑙𝑖𝑔𝑛𝑒𝑑 , 𝐼𝑡) = |𝐼𝑎𝑙𝑖𝑔𝑛𝑒𝑑 − 𝐼𝑡| which helped us localize registration inaccuracies, mainly at high-contrast bounda-

ries and edges. Error analysis pinpointed these problem areas, suggesting potential avenues for further refinement. Fig. 4 

shows clear localization of registration inaccuracies, particularly at joint boundaries, cartilage edges, and bone structures 

as per the statistical error analysis Table 6 below. 

 

Table 6. Statistical Error analysis and Failure Cases 

Region Avg. Error (Intensity) Major Cause of Error 

Joint Boundaries 0.15 High-contrast boundaries 

Cartilage Edges 0.12 Intensity variability 

Bone Structures 0.08 Small anatomical variations 

 

 
Fig. 4.  Error maps overlaying misalignment regions on both the source and target images. 

 

Fig. 5 presents a smooth 3D surface plot illustrating the error distribution across different anatomical regions 

(joint boundaries, cartilage edges, and bone structures). 

 
Fig. 5.  Error Distribution Error (𝐼𝑎𝑙𝑖𝑔𝑛𝑒𝑑 , 𝐼𝑡 ) across anatomical regions. 
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The frequency values have been modeled using Gaussian functions centered around the average errors for each region, 

defined as 𝑓(𝑥) = 𝐴𝑒
(𝑥−𝜇)2

2𝜎2  , When A is the highest frequency, μ is the mean error for each location, and σ is the standard 

deviation, which represents the range of error intensities around the mean. This depiction depicts the crucial locations 

prone to registration mistakes, with higher frequencies indicating the presence of regions with increased inaccuracy, al-

lowing for focused improvement in registration algorithms. 

 

5.3 Complexity and Computational Efficiency 

Time and memory efficiency which are essential for real-world application in clinical situations were assessed for our 

model. We compared our hybrid model to baseline models using memory allocation M alongside time complexity T (See 

Table 7). We found that the attention mechanisms slightly increased the time complexity, which was otherwise near-linear 

for our multi-scale component. Memory allocation was calculated for each module based on the number of parameters 

(P): 

 𝑀 ≈ 𝑂(𝑃𝐶𝑁𝑁 + 𝑃𝑡𝑟𝑎𝑛𝑠𝑓𝑜𝑟𝑚𝑒𝑟) (29) 

Our method becomes more scalable for big datasets and high-resolution MRI inputs due to its computational efficiency. 

 

Table 7. Statistical analysis showing p-values and confidence intervals for selected metrics 

Model Parameters 

(Million) 

Memory Usage 

(GB) 

Inference Time 

(s/image) 

Traditional CNN Baseline 2.1 1.5 0.4 

Transformer Baseline 6.5 3.2 1.1 

Our Model 8.0 3.8 0.9 

 

5.4 Uncertainty Quantification 

To quantify the model’s uncertainty, we incorporated a Bayesian framework, applying Monte Carlo dropout during infer-

ence to estimate variance in predictions. This yielded a predictive distribution with confidence intervals for each registered 

image. Model calibration was verified by plotting calibration curves, illustrating how closely prediction confidence aligns 

with actual registration accuracy. Using entropy, H, to quantify uncertainty: 

𝐻 = − ∑ 𝑝(𝑥) log 𝑝(𝑥) was calculated to quantify uncertainty for each region, with higher entropy values marking regions 

with greater prediction instability where 𝑝(𝑥) represents prediction probability, we assessed model reliability in uncertain 

cases, especially near high-intensity gradients. 

 

Table 8. Analysis of Uncertainty Quantification within the knee joints 

Region Entropy (Uncertainty) Observed Misalignment 

Cartilage Edges 0.12 Medium 

Joint Boundaries 0.22 High 

Bone Structures 0.05 Low 

 

The calibration curve shown in Fig. 6. Illustrates the reliability and instability of our model in predictions, especially 

important for regions near high-intensity gradients such as joint boundaries and cartilage edges which has exhibited higher 

entropy as well as misalignment risks as shown in the Table 8. 

 

 
Fig. 6.  Calibration for Model Confidence vs. Accuracy. 
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5.5 Subgroup and Region-Specific Performance 

In order to gain a more profound understanding of the model’s anatomical performance, we undertook an analysis of 

specific subregions within the knee joint (cartilage, bone and joint boundaries) and we stratified performance based on 

age and severity in the OAI dataset further listed in Table 9. Region-specific Dice and Jaccard scores which quantify 

similarity and confirm the high registration accuracy observed in central joint regions. However, there are minor deviations 

observed at the boundaries which supports the model's robustness across diverse demographics. 

 

Table 9. analysis of specific subregions within the knee joint 

Region Dice Coefficient Jaccard Index 

Cartilage Edges 0.85 0.75 

Joint Boundaries 0.80 0.70 

Bone Structures 0.92 0.85 

 

 
Fig. 7.  Region-specific performance metrics of Dice Coefficient Distribution Across Regions 

 

We have examined region-specific performance across subgroups by employing a three-dimensional surface plot which 

elucidates error intensity distributions contingent upon anatomical regions of interest. The error distribution designated as 

𝐸(𝐼𝑎𝑙𝑖𝑔𝑛𝑒𝑑 , 𝐼𝑡) is depicted across subregions of the knee joint, specifically focusing on "Joint Boundaries," "Cartilage 

Edges," and "Bone Structures as shown in Fig 7 and Fig 8. 

 

 
Fig. 8.  Region-specific performance metrics of Jaccard Index Distribution Across Regions. 
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The performance metrics namely Dice Coefficient (D) and Jaccard Index (J) yields quantitative insights have values for 

each region are visualized along the z-axis. Peaks within the surface plot signify enhanced accuracy area (elevated D and 

J). 

However, variations among regions depicts the model's registration precision concerning disparate tissue types. Although 

this setup underscores the model's ability to sustain alignment in crucial structures, it also offers a clear representation of 

its robustness in intricate anatomical regions. The analysis becomes increasingly compelling due to these factors. 

 

5.6 Generalization Analysis 

We assessed our model's generalization ability using unseen MRI (from the OAI dataset) that included different scan 

parameters and attributes. A 2D-PCA projection of feature representations for the training and test datasets shows clear 

clusters, which supports the model's strong modality-invariant learning. These results (see Table 10) have important ram-

ifications since they point to a high level of flexibility. Even if there might be certain restrictions to take into account, this 

analysis is clearly showing how effective our strategy is. 

 

 
Fig. 9.  2D-PCA of Feature Representations Training vs. Unseen Test Data. 

 

Table 10. Statistical analysis showing p-values and confidence intervals for selected metrics 

Dataset Split Dice Coefficient Jaccard Index 

Training Data 0.91 0.83 

Unseen Test Data 0.89 0.81 

 

Fig. 9 delineates the 2D-PCA (Principal Component Analysis) projection of feature representations derived from both the 

training and the unseen test datasets of MRI images. The scatter plot reveals two discrete clusters: blue points signify the 

training data, whereas red points denote the unseen test data. This clustering phenomenon underscores the model’s capac-

ity to generalize across modalities; it suggests that the features acquired during the training phase are efficiently encapsu-

lating the foundational structures and variations inherent in the MRI images. However, this holds true irrespective of the 

disparate scan parameters and qualities that are present in the test dataset. 

 

5.7 Explainability and Model Interpretability 

By incorporating attention mechanisms, we gained insights into which regions are critical during registration. Attention 

heatmaps reveal that the model focuses on edges and boundaries, aligning with high-intensity areas in the knee structure. 

SHAP (Shapley Additive exPlanations) values were used to quantify the influence of each feature layer, enhancing inter-

pretability shown in Table 11 below. 

 

Table 11. Statistical analysis showing p-values and confidence intervals for selected metrics 

Region Focused Attention Weight SHAP Influence 

Joint Boundaries 0.25 High 

Cartilage Region 0.20 Medium 

Bone Structure 0.15 Low 

 

Fig. 10 illustrates an attention heatmap superimposed upon the source MRI image, revealing significant regions identified 

by the model throughout the registration phase. On the left side of the figure, the original MRI image is presented; how-

ever, the right side displays the overlay, which indicates areas of considerable attention, characterized by varying intensi-

ties of color. This distinction is crucial, because it enables a clearer understanding of the model's focus, although the 
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implications of these findings warrant further investigation. The heatmap shows that the model focuses predominantly on 

the joint boundaries, cartilage regions and bone structures which is corresponds to their respective SHAP values. 

 

 
Fig. 10.  Attention and saliency heatmaps, visually demonstrating the regions that the model prioritizes during align-

ment. 

The incorporation of attention mechanisms markedly augments the interpretability of decision-making processes of model. 

It accentuates, however, the manner in which the model prioritizes high-intensity regions that are crucial for precise align-

ment. This visualization not only facilitates an understanding of the model's focus, but also offers insights into prospective 

areas for additional refinement. Although the model exhibits enhanced clarity which remains critical to contemplate the 

ramifications of these mechanisms on overall performance (see Fig. 11). 

 

 
Fig. 11.  SHAP Values for Different Regions. 

 

5.8 Robustness Testing 

To evaluate the robustness of the model, we introduced Gaussian (and) salt-and-pepper noise into the MRI images; we 

subsequently measured model resilience. Despite moderate reductions in Dice and Hausdorff metrics, the model exhibited 

stable performance under noisy conditions, thus emphasizing its adaptability as shown in Table 12. Moreover, occlusions 

and incomplete images were also used to evaluate the model, which further proved its dependability. More research is 

necessary to completely comprehend the model's responsiveness to various conditions, despite these optimistic results. 

 

Table 12. Robustness Testing Results for The Proposed Model Under Noisy Conditions 

Noise Type Dice Coefficient Jaccard Index Hausdorff Dis-

tance 

Gaussian Noise 0.84 ± 0.02 0.75 ± 0.03 3.1 mm 

Salt-and-Pepper 0.83 ± 0.03 0.74 ± 0.04 3.5 mm 

Partial Occlusions 0.83± 0.01 0.73 ± 0.02 4.0 mm 

 

The original MRI image was subjected to a comparison of registration outputs under two different types of noise condi-

tions i.e. Gaussian noise and salt-and-pepper noise. The original image is shown (on the left) alongside the noisy varia-

tions, demonstrating how the proposed model effectively maintains structural integrity and alignment even in the presence 

of these distortions. The Gaussian noisy image (in the middle) shows minor blurring and variation caused by the stochastic 

noise distribution; however, the salt-and-pepper noisy image (to the right) shows significant pixel intensity fluctuations, 

resulting in the appearance of scattered black and white spots, as shown in Fig. 12. 
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Fig. 12.  Comparison of registration outputs under. 

 

Despite these challenges, the outputs generated by our model reveal a remarkable resilience, showcasing its capability to 

preserve key anatomical details and enhance registration accuracy in noisy environments compared to the baseline models. 

 

5.9 Ablation Research 

In order to quantify the contribution of each model component, we undertook ablation experiments aimed at disabling 

various modules such as the multi-scale feature fusion and attention mechanisms. Table 13 presents the impact of these 

alterations on the Dice Coefficient, Jaccard Index and Hausdorff Distance. The results indicate that the removal of either 

component leads to a decrease in registration accuracy; this confirms the significance of each module. However, one might 

argue that the extent of this impact varies among the different metrics employed. Although the findings are compelling, 

they also raise questions regarding the interdependencies between these components, as the collective functionality ap-

pears to be greater than the sum of its parts. 

 

Table 13. Ablation Research showing the effect of removing model components on registration performance. 

Configuration 
Dice Coeffi-

cient 
Jaccard Index Hausdorff Distance 

Full Model 0.87 ± 0.01 0.78 ± 0.02 9.5 ± 0.8 

Without Attention 0.83 ± 0.02 0.74 ± 0.03 10.8 ± 1.0 

Without multi-scale 0.82 ± 0.03 0.73 ± 0.04 11.2 ± 1.1 

Without GAN 0.84 ± 0.02 0.76 ± 0.03 10.4 ± 0.9 

 

Each element plays a crucial part in improving registration accuracy, as this analysis shows. The performance is notably 

affected by the attention mechanism, which improves the accuracy of key anatomical points. 

 

5.10 Cross-Modality Evaluation 

We rigorously evaluated the adaptability of our model to previously unseen modalities by conducting tests on alternative 

MRI sequences. Table 14 indicates that our model maintains a high level of accuracy across various modalities; this 

suggests a robust generalization potential. However, it is essential to consider the limitations inherent in such evaluations, 

because they may not account for all possible variations in real-world applications. Although the results are promising, 

further investigation is warranted to fully understand the implications of these findings. 

 

Table 14. Cross-modality performance of the proposed model 

MRI Modality Dice Coefficient Jaccard Index 
Hausdorff Dis-

tance 

T1-weighted 0.86 ± 0.01 0.77 ± 0.02 9.8 ± 0.7 

T2-weighted 0.85 ± 0.02 0.76 ± 0.03 10.1 ± 0.9 

 

Through a rigorous analysis (across multiple dimensions), which includes quantitative and qualitative evaluations, statis-

tical significance testing and robustness checks, our proposed model demonstrates superior performance and reliability in 

multimodal image registration. 
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Fig. 13.  Cross-Modality Performance of Dice Coefficient and Jaccard Index scores for T1-weighted and T2-weighted 

MRI sequences 

 

These results underscore the importance of each model component; they confirm the model’s adaptability. This versatility 

makes it ideal for sophisticated medical imaging applications. However, obstacles remain, as the integration of several 

data types might complicate the registration process. Although the current findings are promising, more research is needed 

to improve the model's efficacy in many settings. 

Fig. 13 depicts a heat map assessing the model's performance across several MRI modalities, along with Dice Coefficient 

and Jaccard Index scores for T1-weighted and T2-weighted sequences. Each cell in the heatmap is colored using a gradient 

from green to yellow, with green representing higher performance and yellow representing moderately lower scores.   This 

layout highlights the model's consistently high accuracy across both metrics and modalities, with minimal variation be-

tween the two. By visually comparing Dice and Jaccard values, this heatmap underscores the model’s stability and adapt-

ability across MRI types, reinforcing its suitability for multimodal image registration tasks. 

 

6 Discussion 

The proposed model makes significant advances to the field of multimodal medical picture registration, owing principally 

to its revolutionary hybrid deep learning architecture. One of its most significant characteristics is its ability to generalize 

across a wide range of imaging modalities. By amalgamating convolutional neural networks (CNNs), transformers and 

graph neural networks (GNNs), this architecture adeptly captures both local and global features, which are essential for 

effectively managing variations in image contrasts, resolutions and anatomical differences. However, this hybrid design 

significantly enhances the model's performance, particularly in intricate registration tasks, thereby enabling precise align-

ment of images from diverse modalities and structures. Although the model has robust capabilities, it is still necessary to 

evaluate its limitations and potential areas for improvement. 

A significant strength resides in the implementation of multi-scale feature fusion. This methodology facilitates the extrac-

tion of features across varying scales, thereby augmenting the model’s proficiency in registering images at diverse reso-

lutions. Multi-scale fusion, together with attention mechanisms like self-attention and cross-attention, guarantees that 

more informative regions are prioritized during the registration process [40][43[50]. These attention processes are more 

than just supplemental; they are necessary for model interpretability (since they illuminate regions stressed by the model) 

and they improve robustness. Even in the midst of noise, imperfect images, or occlusions, the attention remains focused 

on critical anatomical areas. This resilience is particularly important in clinical situations where image quality and avail-

ability may vary dramatically. However, one must investigate how these variations affect the overall model performance. 

 

6.1 Limitations 

Notwithstanding its merits, the model exhibits specific limitations, particularly with respect to computational efficiency. 

The amalgamation of CNNs (Convolutional Neural Networks), transformers and GNNs (Graph Neural Networks) con-

siderably elevates the model’s memory and computational demands, especially when utilized with extensive datasets or 

high-resolution imagery [49]. Even while these specifications can be met with cutting-edge technology in the experimental 

stage, they could present serious difficulties for real-time applications or in settings with limited resources. The aforemen-

tioned constraint suggests that future studies could aim to optimize the architectural framework or explore lightweight 

alternatives, which would increase the models deploy-ability in a range of clinical settings. 

 

6.2 Failure Case Analysis 

The model's failure cases reveal additional areas for improvement, particularly when addressing extreme domain gaps. In 

instances of large intensity or structural discrepancies between images from different sources, the model struggles to 

perform accurate registration. For example, highly distorted or artifact-laden images can degrade model performance 
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because they deviate significantly from the features the model learned during training. These difficulties are more pro-

nounced in cases with significant domain shifts, where the model’s feature extraction is less effective at capturing the 

variations necessary for precise alignment. 

To address these challenges, further enhancements in domain adaptation strategies could be beneficial.  

Using methods like adversarial learning or training the model with a broader range of image characteristics can improve 

its ability to handle different image domains. Additionally, employing adaptive feature extraction techniques that change 

according to each image’s content may help in bridging significant domain gaps. Entropy-based regularization may also 

be advantageous, increasing model robustness in uncertain or highly degraded imaging conditions while lowering the 

influence of domain differences [50]. 

While the model makes great progress in multimodal picture registration due to its versatility and robustness, addressing 

computing demands and performance in difficult domain gaps remains an important focus of future research. By improv-

ing these elements, the model's performance and usability in clinical and research applications can be increased, solidify-

ing its position as a valuable tool in medical imaging. 

 

7 Conclusion 

This study describes a new method for multimodal image registration based on a hybrid CNN-Transformer architecture 

that combines multi-scale feature fusion, attention mechanisms, and domain adaption. By addressing the urgent issues of 

multimodal registration, our model effectively captures spatial and anatomical details required for perfect alignment; this 

results in consistent performance across varied MRI sequences. Experimental results reveal notable enhancements over 

conventional baselines, particularly in terms of Dice Coefficient and Jaccard Index scores; however, they also underscore 

the model’s robustness against image noise and cross-modality variations. Furthermore, the incorporation of attention 

mechanisms enables the model to concentrate on crucial anatomical regions, thereby augmenting alignment precision. 

This research presents avenues for subsequent advancements in multimodal registration. The extension of the model to 

encompass three-dimensional (3D) image registration would facilitate the management of volumetric medical data, which 

is prevalent in clinical imaging; however, the scalability to larger datasets may enhance generalizability across diverse 

populations. Furthermore, optimizing the (framework) for real-time performance could permit its application in dynamic 

clinical assessments, thus supporting expedited decision-making in medical environments. Although this work establishes 

a robust foundation for multimodal image registration that is both exceptionally accurate and resilient, it holds substantial 

potential to significantly augment the precision and dependability of diagnostic imaging and treatment planning within 

the healthcare sector. 
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