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 Multimodal registration of 3D medical images (3D-MReg) plays a key role 

in several medical applications and remains a very challenging task as it 

deals with multimodal images and volumetric objects at the same time. 

Recently, convolutional neural networks (CNNs) based approaches have 

been proposed to solve 3D-MReg. However, these techniques cannot 

preserve the global spatial context required for accurate affine registration 

since they rely on convolution and regional clustering operations. To solve 

these problems, we propose a supervised approach that combines both CNN 

and the vision transformer (ViT) to predict a dense displacement field 

(DDF). In a first step, our method investigates the power of ViT to capture 

global voxels dependencies for initial rigid alignment. Then we exploit the 

force of CNNs to focus on local details within pre-aligned concatenated 

input 3D moving and fixed images and estimate DDF, which is then applied 

to the moving labels. Our method has been validated in a prostate magnetic 

resonance imaging/transrectal ultrasound (MRI/TRUS) dataset and achieved 

promising results compared to previous work based on only CNNs. 
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1. INTRODUCTION  

Image registration aims to align two images of the same sceneðnamely a reference image and a 

moving image acquired at different times, from distinct viewpoints, and/or using different imaging devices. 

In medical imaging, the objective of registration is to estimate an appropriate spatial transformation that 

achieves accurate alignment of the corresponding anatomical structures. Medical image registration (MReg) 

is therefore a fundamental component in many clinical and research applications [1], including organ 

segmentation [2], atlas construction, image-guided interventions for diagnosis, monitoring, and therapy, as 

well as tele-surgery and post-operative evaluation. 

MReg techniques can be classified according to several criteria. With respect to the imaging 

modalities involved, such as magnetic resonance imaging (MRI), computed tomography (CT), ultrasound 

(US), and others, registration methods are commonly divided into unimodal approaches, where both images 

are acquired with the same modality (e.g., MRIïMRI, CTïCT, USïUS), and multimodal approaches, where 

the images originate from different modalities (e.g., MRIïCT, MRIïUS). From a dimensional viewpoint, 

depending on whether the data are planar or volumetric, registration problems can be formulated as 2Dï2D, 
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2Dï3D, or 3Dï3D alignment. According to the transformation model, three principal categories are generally 

considered: rigid, affine, and deformable registration. Rigid registration is parameterized by six degrees of 

freedom corresponding to translations and rotations. Affine registration generalizes this model by 

additionally allowing scaling and shearing, leading to twelve degrees of freedom. By contrast, deformable or 

non-rigid registration estimates spatially varying transformations at the voxel level and typically represents 

the deformation using a dense displacement field (DDF) to capture complex non-linear anatomical variations. 

Multimodal registration of 3D medical images (3DïMReg) is a specific type of registration that 

involves the alignment of data containing the same 3D object but captured using different modalities. 

Deformable registration plays an essential role in multimodal registration by offering a more sophisticated 

and flexible approach to align images from different modalities. Deformable registration makes it possible to 

model local and non-linear deformations between images, offering a more accurate correspondence. This 

ability to take account of complex anatomical variations, local distortions, and differences in contrast 

between modalities makes deformable registration particularly well suited to the challenges posed by 

multimodal images. In the other hand, applying the affine transformation is necessary for the multimodal 

registration process, particularly as an initial step before deformable registration. It ensures global alignment 

and uniform initialization for images from different modalities. The affine transformation creates a solid 

foundation that accurately handles spatial disparities, accounting for variations in scale and orientation, 

effectively limiting the search space for subsequent deformable registration. By combining affine and 

deformable registration, the multimodal registration process becomes more resilient and capable of providing 

an accurate overlay, taking into account global and local variations between images from different 

modalities. 

Many conventional algorithms have been developed and studied for 3DïMReg [3], [4] based on 

optimizing a similarity metric, such as a sum of squared differences (SSD) or mutual information (MI) [5], 

by changing the transformation's settings. The optimization process for traditional registration techniques of 

3D multimodal images frequently begins with a preliminary estimation of the transformation parameters, 

which can lead to convergence to incorrect registration results. In the same way, their processing is time-

consuming, particularly for high-resolution or large volumes of images. 

Deep learning-based registration methods have recently addressed these limitations and tried to 

solve the problem of 3DïMReg [6], [7] using the learning capabilities of neural networks. In fact, deep 

learning-based approaches can automatically estimate transformation parameters while learning complex 

correspondences between images. Convolution neural networks (CNNs) based approaches are one of deep 

learning techniques that can extract spatial and intensity data and predict DDF to perform 3DïMReg [8], [9]. 

Although CNNs can detect local features because of their dependence on regional convolution and pooling 

procedures, they often need to retain the global spatial context required for accurate 3DïMReg, especially 

when complex and extensive interactions exist between several components of the image volume. 

Thanks to the great success of transformer [10] in natural language processing (NLP), a big focus is 

given actually to self-attention (SA) mechanism-based architectures in many computer vision tasks and 

medical image applications [11] to improve the nonlocal modeling capability. Since prioritizing global 

picture information is necessary for registration tasks, vision transformers [12] may be employed to learn the 

overall image representations and gather semantic elements crucial for 3D-MReg using attention  

mechanisms [13]. 

Inspired by the work in [14], which proposes mono-modal 3D image registration based on the vision 

transformer (ViT), and the works [8], [9], where the authors develop a CNN-based multimodal 3D-MReg, we 

propose a new approach of supervised deformable multimodal image registration based on the combination 

of ViT and CNN which we name 3D-ὓὙὩὫ  ViT . Our method leverages anatomical labels to estimate 

voxel-wise transformations. The proposed framework is evaluated on 3D transrectal ultrasound (TRUS) and 

T2-weighted MRI data from prostate cancer patients and demonstrates encouraging performance for the 3D 

medical image registration task. The main contributions of this work are summarized: 

a. In a first step, we exploit the power of ViT to propose a ViT-based network that we name 3D-ὓὙὩὫ  

ViT  to achieve accurate affine image registration. The output of this stage will be fed to a second network 

to perform deformable registration. 

b. In the second step, we harness the strength of CNNs to focus on local details. The local-net takes the 

result of 3D-ὓὙὩὫ  ViT  to predict the local DDF. In the final step, we combine the affine matrix and 

the local DDF to predict the final output DDF which will be applied to the moving labels. 

c. Validation on a public prostate cancer MRI/TRUS dataset demonstrates a median target registration error 

of 1.7 mm at landmark centroids and a median Dice coefficient of 0.95 for the prostate gland. 

The remainder of this article is organized as follows. Section 2 reviews related work on multimodal 

medical image registration. Section 3 introduces 3D-ὓὙὩὫ  ViT , the proposed framework for multimodal 

registration of volumetric medical images that integrates vision transformers and convolutional neural 
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networks. Section 4 reports the experimental setup and evaluation results used to assess the effectiveness of 

the proposed method. Finally, section 5 concludes the paper. 

 

 

2. RELATED WORK  

Multimodal registration plays a central role in numerous medical image analysis pipelines. In recent 

years, deep learningïbased multimodal image registration has attracted considerable attention. In [8], the 

authors proposed a CNN-based framework to estimate dense voxel correspondences by exploiting multiple 

identifiable anatomical label types. Their method introduced a dedicated network design to efficiently predict 

both global and local deformations arising in prostate cancer surgery through MRI/TRUS registration. In a 

subsequent extension [9], a unified network was proposed to directly predict DDFs at multiple spatial 

resolutions. 

When explicit similarity measures are unavailable, neural networkïdriven approaches have been 

employed to infer dense voxel correspondences from a variety of anatomical label shapes, thereby capturing 

meaningful anatomical features [6]. Haskins et al. [15] introduced a deep CNN framework to learn a 

similarity metric for MRI/TRUS registration and combined it with a hybrid optimization strategy to obtain 

suitable initializations for second-order optimization. 

Simonovsky et al. [16] formulated 3D medical image registration as a classification problem to 

distinguish between well-aligned and misaligned image patches across different modalities using CNNs. In 

[17], the coherent point drift algorithm was adopted to elastically register surfaces, and the deformation field 

obtained from thin-plate splines was propagated to the entire gland. A weighted self-similarity structure 

vector (WSSV) was later applied to perform multimodal registration [18], and this strategy was shown to 

improve the intraoperative localization of 3D MRI and 2D ultrasound lesions in fusion-guided navigation 

systems. 

Blendowski et al. [19] proposed a framework that relies solely on independently obtained 

segmentation labels from each modality and exploits anatomical shape priors. A shape-constrained encoderï

decoder segmentation network was first trained on labeled CT and MRI data without skip connections. 

Subsequently, an iterative energy-minimization scheme, driven by the networkôs ability to generate 

intermediate non-linear shape representations, was introduced to enhance multimodal alignment in the 

presence of large deformations. 

More recently, Song et al. [20] presented a cross-modal attentionïbased approach that correlates 

feature representations extracted from multimodal image pairs and leverages the resulting correlations to 

refine the registration process. In [21], a Bayesian framework was developed to construct multi-class brain 

atlases and to model large inter-subject deformations between multimodal brain images by exploiting 

modality-specific neuroanatomical information. Finally, a deep reinforcement learningïbased multimodal 

registration method was introduced in [22], which aims to reduce modality discrepancies by automatically 

learning robust and discriminative feature representations.  

 

 

3. METHOD  

In this section, we present our new method 3D-MRegDef ViT  to perform DDF of multi-modal 

medical images. Due to the non-linear relationships between input image pair especially when utilizing 

images from different modalities, the registration procedure remains very challenging. The use of labels with 

anatomical details helps make the process smoother. 

Figure 1 illustrates the overall workflow of the proposed framework. At the beginning, training 

samples are randomly generated by selecting equal numbers of image pairs together with their corresponding 

labels. These samples are then processed within a mini-batch optimization scheme. In the next stage, a ViT 

receives the fixed and moving image pair as input and estimates the affine transformation matrix, which is 

subsequently used to warp the moving image toward the fixed one. We refer to this ViT-based module for 3D 

affine registration as 3D-MRegDef ViT . Subsequently, a local-net takes as input the concatenation of the 

affinely warped moving image and the fixed image to predict a local non-rigid DDF, which is regularized 

using a weighted bending energy term [23]. The affine transformation and the predicted local DDF are then 

combined to form the final displacement field, which is applied to warp the moving labels to align with the 

fixed labels. Label correspondence is evaluated using the multiscale Dice metric [24]. During training, 

stochastic gradient descent [25] is employed, relying on an unbiased gradient estimator under the assumption 

that images and labels are conditionally independent, which enables effective minimization of the loss 

function. Let ὒ and ὓ denote the fixed and moving training images, and ὒ and ὒ  their corresponding 

labels. The following subsections describe each component of the proposed architecture in detail. 
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Figure 1. Overview of the proposed approach σὈ ὓὙὩὫ ὠὭὝ 

 

 

3.1.  Ἆ ἙἠἭἯἋἮἮ ἤἱἢ 
We aim to obtain the optimal affine matrix to align Ὂ and ὓ by the transformer encoder [12] as 

illustrated in Figure 2. After resizing the images to the same size, the concatenation of Ὂ and ὓ denoted by ὅ 

is divided into ὔ vectorized 3D patches ὅ  ɴᴙ  where  , and (Ὄȟὡȟὒ) indicate the dimension 

of ὅ. Then, each patch is mapped to a Ὀ vector by applying a learnable linear embedding ὅ = ὅE: 

 

ὅ =  ὅ Ὁ Ƞ ὅ Ὁ ȠȣȣȠ ὅὉ  , E ɴ  ᴙ  (1) 

 

Following that, we added a learnable positional embedding Ὁ  to ὅ  : 

 

ὅ = ὅ +Ὁ  , Ὁ   ɴᴙ   (2) 

 

The generated patches, called tokens, are then sent to the transformer encoder, which uses them to calculate 

self-attention (SA). The SA records the dependencies between input sequence tokens ὅ. The ὅ are translated 

linearly into the query (ὗ), key (ὑ), and value (ὠ) matrices by multiplying them with learned weight matrices 

W: 

 

1  ὅ ὡ

Ë  ὅ ὡ
6  ὅ ὡ

 (3) 

 

The attention weights are then obtained by calculating the attention scores and using the SoftMax function: 

 

ὃ  = softmax ( 
 

)    A ɴ  ᴙ  (4) 

 

The scaled dot-product attention is constructed as (5): 

 

SA (ὅ) = ὃ ὠ (5) 

 

Then, SA is calculated several times in parallel with different learned weight matrices, creating multi-headed 

attention. Therefore, the model can focus on various pieces of input data and capture multiple interactions. 

Following, the results are transmitted to a feed-forward neural network. At the end of each SA and feed-

forward, layer normalization and residual connections are applied. The produced output of the transformer 

encoder is given as input to the classification head that implements the multi-layer perceptron with the 

activation function Gaussian error linear unit (GELU). Finally, the resulting is a set of 12-degree-of-freedom 

affine matrix. 
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Figure 2. VIT architecture applied to 3D medical images used in our approach 

 

 

3.2.  Local-net for deformable registration in Ἆ ἙἠἭἯἎἭἮ ἤἱἢ 
The predicted affine transformation matrix resulting by σ$ -2ÅÇ 6É4 is used to deform the ὓȢ 

The warped moving image is represented by ὓ. After being concatenated, Ὂ and ὓ are fed into the local 

network to predict the local DDF. The local-net [8] comprises four subsampling blocks and four up-sampling 

blocks, incorporating shortened connections at different levels of resolution. By beginning with an initial 32 

channels, the network strategically doubles and halves the number of the channels during subsampling and 

Up-sampling, respectively. Each block uses residual network units (ResNet) with shortened connections, 

improving the network's training capabilities. Subsampling is performed through convolutional layers with 

steps of two while up-sampling uses transposed convolutional layers. The output layer of the network 

initializes with an additional convolution operation and a bias term, deliberately lacking batch normalization 

or non-linear activation to allow random initialization with zero mean and minimal variation. At last, local 

DDF is computed. The final output DDF results from combining the affine transformation, produced 

by σ$ -2ÅÇ 6É4, and the local DDF, generated by local-net. Using this combined DDF, the moving 

label ὒ  is deformed into the fixed label ὒ one by a trilinear image resampler. To avoid over-fitting issues, 

binary masks of labelled images have been preprocessed using a one-sided smoothing mechanism following 

the same strategy in [8]. For the inference part, only the unlabeled image pairs are used as input data for the 

model. 

 

3.3.  Multi-scale dice 

The soft probabilistic Dice metric proposed by Milletari et al. [24] forms the foundation of the 

multi-scale Dice measure. It is defined a: 

 

ὈὭὧὩ (ὒ ȟὒ  = 
 В      

В     В    
 (6) 

 

where ὒ ὒ  , ὒ  ὒ   denote the fixed and moving label maps, respectively, with ὒ  ȟὒ   ɴ

πȟρ and Ὥ ρ ȟȣȣȟὍ , over I voxels in the image. The multi-scale Dice metric is then defined as: 

 

ὓὛὈ  В ὈὭὧὩὪ ὒ ȟὪὒ  (7) 

 

where ὒ  ὒ   , ὒ ὒ   are a pair of binary label maps. The operator Ὢ denotes a 3D Gaussian 

smoothing filter with isotropic standard deviation ů. In this work, ů  ɴ {0, 1, 2, 4, 8, 16} corresponding to  

Ὓ φ different scales. The adoption of the multi-scale Dice metric enhances sensitivity to spatial 

relationships between anatomical labels, in contrast to conventional measures such as Dice, Jaccard, and 

cross-entropy, which do not explicitly account for spatial information. 
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4. EXPERIMENTS  

4.1.  Datasets and configuration 

We assessed the proposed method using prostate MRI/TRUS data from the smart target® clinical 

trials [26]. The dataset includes 108 matched pairs of T2-weighted MRI and TRUS volumes acquired from 

76 patients. Because patients underwent different clinical interventions, each subject could have up to three 

separate imaging sessions, including biopsy procedures, therapeutic interventions, or repeated echography 

acquisitions [27]. 

Both MRI and TRUS volumes were resampled to an isotropic spatial resolution of 1.0 άάand 

subsequently standardized to zero mean and unit variance. With respect to the anatomical annotations, 

prostate segmentations were first manually delineated by a medical student in three orthogonal views axial, 

sagittal, and coronal and then reviewed and corrected by an experienced urologist. For the TRUS modality, 

gland contours were manually refined based on automatically estimated prostate profiles on the original 

ultrasound slices [28]. Prostate segmentations on MRI were provided directly as part of the clinical study 

protocols [26]. The anatomical labels were encoded as binary masks and smoothed using a normalized 

inverse distance transform after resampling to match the spatial dimensions of the corresponding MRI or 

TRUS volumes. The proposed framework was implemented in Python with the TensorFlow library and 

trained on a workstation equipped with a 24 GB NVIDIA Quadro P6000 GPU. Optimization was carried out 

using the Adam algorithm with a mini-batch size of 2, a learning rate of ρπ, and a total of 1000 training 

iterations. 

 

4.2.  Evaluation metrics 

In this work, a 10-fold cross-validation strategy was conducted at the patient level. In each fold, data 

from 7 to 8 patients were held out for testing, while the remaining patient scans were used for training. The 

performance of the proposed method was evaluated using two quantitative measures: the dice similarity 

coefficient (DSC) and the target registration error (TRE). DSC is determined between the binary warped and 

fixed labels representing the prostate glands: 

 

ὈὛὅ (ὒ ȟὒ  = 
 ȿ  ᷊  ȿ

ȿ  ȿ ȿ ȿ
  (8) 

 

where ὒ is fixed label and ὒ is the warped moving label. TRE is computed as the root mean square of the 

spatial distance between the centers of mass of the warped labels and those of the corresponding fixed labels. 

 

ὝὙὉ (ὒ ȟὒ  =  В ᴁὒ  ὒ ᴁ  (9) 

 

where ὒ   the coordinates of a point in fixed label, ὒ  is the coordinates of a point in the warped moving 

label and ὔ is the total number of corresponding points or landmarks. 

 

4.3.  Results and discussion 

Figure 3 illustrates the registration results produced by σ$ -2ÅÇ 6É4 and σ$ -2ÅÇ 6É4 
using image slices from two representative test cases (Cases 1 and 2). Rows aïd correspond to slices from the 

original MRI images, the fixed TRUS images, the MRI images warped by σ$ -2ÅÇ 6É4 and the MRI 

images warped by σ$ -2ÅÇ 6É4, respectively. 

In our study, we started the training with σ$ -2ÅÇ 6É4 to predict the affine transformation. 

Then, we used σ$ -2ÅÇ 6É4 to predict the DDF. We compared our approach including both of σ$
-2ÅÇ 6É4 and σ$ -2ÅÇ 6É4 with CNN-based methods proposed in [8], [9] using the Dice scores and 

the TRE measure as evaluation metrics. In the original work of Hu et al. [8], they used the global-net, local-

net and composite-net methods. The global-net method predicts an affine transformation and the local-net 

method estimates a non-rigid local DDF, while the Composite-net method is composed of the Global-net 

followed by the local-net. Later, in their extended study [9], they integrated these networks into a single 

framework that predicts the DDF as final output. All these methods are tested in the same conditions as our 

approach, using the same dataset and the same numbers of image pairs. Moreover, we employed an adaptive 

gradient descent optimization process and similar execution environment as in [9]. 

Table 1 and Figure 4 summarize the quantitative results in term of dice metric and Table 2 presents 

the TRE measures for all the compared methods. Our proposed network for σ$ -2ÅÇ6É4 , yielded a 

median DSC of 0.90, with 5th and 95th percentiles of 0.80 and 0.94, respectively. In parallel, the median 

TRE for landmark centroids obtained from the same networks measured 6.0, with 5th and 95th percentiles of 

2.9 and 10.9, respectively. Moreover, σ$ -2ÅÇ 6É4 gave a median DSC of 0.95, with 5th and 95th 

percentiles of 0.83 and 0.97, respectively. Simultaneously, the median TRE for landmark centroids obtained 
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from the same networks measured 1.7, with 5th and 95th percentiles of 0.5 and 6.6, respectively. We deduce 

that our approach achieves the highest dice score and lower TRE compared to the other approaches (with  

p-value < 0.001). By the following, we will discuss these results in details. 

Firstly, we explore the power of the ViT integration in the affine registration step. We 

compare σ$ -2ÅÇ 6É4 (the first step of our network) with Global-Net, which is the closest method to 

our work since both of them tackle the affine transformation task. As reported in Table 1, our approach 

produces 90% in term of DSC value outperforming Global-Net by 13%. In addition, σ$ -2ÅÇ 6É4 
outperforms local-net, Composite-Net and those generated by Hu et al. [9] with 8%, 6% and 2% respectively, 

even these networks have been proposed to handle deformable registration. This performance of  

σ$ -2ÅÇ 6É4 is due to ViT's known ability to model long-term data dependencies using SA 

mechanisms [10], [11], especially in affine registration, which involves the correction of large-scale spatial 

transformations such as translations, rotations and scaling. On the other hand, CNNs have been very effective 

in registering deformable medical images [27], but are less suited in modeling and learning affine 

registration. When it comes to multimodal registration of medical images, which requires detailed local 

attention as well as global understanding, affine registration proves insufficient. This is why, in our study,  

we opted for the application of affine transformation as an initial step using ViT (σ$ -2ÅÇ 6É4), 
followed by a CNN network to achieve deformable registration. This combination represented by our  

σ$ -2ÅÇ 6É4 led to significantly better results than the exclusive use of CNN or ViT alone.  

As depicted in Table 1 and Table 2, the Dice and TRE scores of σ$ -2ÅÇ 6É4, reached 95% 

and 17.8% respectively. This represents a 5% improvement of the results obtained by local-net, a 7% 

improvement of those produced by Hu et al. [9], in terms of Dice value. Concerning the TRE score, a 5% 

improvement on the results obtained by local-net, and a 7% improvement on those generated by Hu et al. [9] 

have been reached. The error produced is the lowest, which indicates that our method is more effective at 

minimizing registration errors than other approaches. A minimal TRE indicates a better spatial match 

between the warped image and the reference image, underlining the superior performance of our method in 

terms of registration accuracy compared to other approaches. The obtained results of σ$ -2ÅÇ 6É4 
improve significantly the DDF compared to deformable CNN-based methods. This fact can be explained by 

the focus of CNN architectures on local informations and neglect global image context. In contrast, the use of 

ViT in our model in the preprocessing step solves the limitations of convolutional operations and led to 

capture global anatomical structures dependencies to be processed in the second network and generate 

accurate DDF. We notice that it is difficult to conduct safe comparison with other works proposed in the 

literature of 3D-MReg because of the lack of available benchmarks and most of published papers in the field 

deal with specific medical applications and private datasets. 

 

 

 
 

Figure 3. Example of image slices from two test cases, 1 and 2. Rows a, b, c, and d show the slices extracted 

from the original MRI images, the corresponding fixed TRUS images, the slices generated by σὈ
ὓὙὩὫ ὠὭὝ from the warped moving MRI images, and the slices generated by σὈ ὓὙὩὫ ὠὭὝ  

from the warped moving MRI images, respectively 
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Table 1. The results of the current study in terms of DSC and their comparison with another recent research 
 DSC 

Median Percentiles [5th, 95th] 

Global-net [8] 0.77 [0.46, 0.87] 

Local-net [8] 0.82 [0.46, 0.91] 

Composite-net [8] 
Hu et al. [9] 

0.84 
0.88 

[0.80, 0.94] 
[0.77, 0.91] 

Ἆ ἙἠἭἯ╪██ἤἱἢ 

Ἆ ἙἠἭἯἎἭἮἤἱἢ 

0.90 

0.95 

[0.80, 0.94] 

[0.83, 0.97] 

 

 

 
 

 
 

Figure 4. Tukey boxplots displaying the cross-validation results for the different methods 

 


