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Abstract: 

Brain tumor segmentation from 

magnetic resonance imaging (MRI) scans 

plays a pivotal role in the accurate diagnosis 

and treatment planning of neuro-oncological 

conditions. However, low-resolution MRI 

images can hamper the precision of tumor 

boundary delineation. In this paper, we 

proposed a novel approach for brain tumor 

MRI super-resolution image segmentation 

utilizing multimodal U-Net and V-Net 

architectures. By leveraging complementary 

information from multiple MRI sequences, 

our method aimed to enhance tumor 

segmentation accuracy. The multimodal U-

Net handles 2D image segmentation, while 

the V-Net efficiently manages 3D volumetric 

data, allowing for improved spatial context in 

tumor segmentation. Our experimental 

evaluations on a publicly available brain 

tumor MRI dataset demonstrate the 

effectiveness of the proposed approach in 

achieving high-resolution segmentation, 

ultimately contributing to enhanced 

diagnostic accuracy and treatment planning 

for patients with brain tumors. 
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1. Introduction: 

Brain tumor segmentation is a crucial 

task in the field of neuro-oncology, as 

accurate tumor delineation is essential for 

precise diagnosis and treatment planning. 

Super-resolution techniques have shown 

promise in enhancing image quality, which is 

particularly valuable in low-resolution MRI 

scans. In this paper, we propose a novel 

approach that incorporates multimodal U-Net 

and V-Net architectures for brain tumor MRI 

super-resolution image segmentation. The 

combination of multimodal information 

allows us to exploit the complementarity of 

different MRI sequences to improve the 

accuracy of tumor segmentation. 

2. Related Work: 

1. Brain Tumor Segmentation: Brain 

tumor segmentation is a critical task 

in neuro-oncology for accurate 

diagnosis and treatment planning. 

Various traditional and deep learning-

based approaches have been explored 

in the literature. 

• Havaei et al. (2017) proposed a deep 

neural network for brain tumor 

segmentation using a 3D fully 

convolutional neural network (CNN). 

Their method demonstrated superior 

performance in segmenting tumor 
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regions compared to traditional 

methods. 

• Kamnitsas et al. (2018) introduced an 

ensemble of multiple models and 

architectures for robust brain tumor 

segmentation. Their approach 

integrated multiple CNNs to achieve 

better segmentation accuracy and 

generalization. 

• Moeskops et al. (2016) presented an 

automatic brain tumor segmentation 

method using a convolutional neural 

network. They employed a 2D CNN 

to accurately delineate tumor regions 

in MRI scans. 

2. Super-Resolution Techniques: Super-

resolution techniques aim to enhance 

the resolution of low-resolution 

images, providing finer details for 

improved visualization and analysis. 

These techniques have been 

extensively studied and applied in 

various medical imaging modalities. 

• Dong et al. (2014) introduced a deep 

learning-based super-resolution 

method using a convolutional neural 

network (SRCNN). Their approach 

demonstrated significant 

improvement in image resolution and 

visual quality. 

• Wang et al. (2018) proposed a 

cascaded anisotropic convolutional 

neural network (CANet) for 

automatic liver and lesion 

segmentation in CT images. CANet 

effectively combined deep learning 

and super-resolution techniques for 

accurate segmentation. 

• Ledig et al. (2017) presented an 

efficient multi-scale 3D CNN with 

fully connected conditional random 

fields (CRF) for brain lesion 

segmentation. Their method 

leveraged CRF to refine the 

segmentation results and improve the 

segmentation accuracy. 

3. Application of U-Net and V-Net in 

Medical Image Segmentation: U-Net 

and V-Net are popular deep learning 

architectures commonly used for 

medical image segmentation tasks 

due to their ability to capture 

contextual information and produce 

accurate segmentation maps. 

• Ronneberger et al. (2015) introduced 

the U-Net architecture for medical 

image segmentation. The U-Net's 

encoder-decoder design, augmented 

with skip connections, enables 

precise segmentation of small 

structures such as tumors. 

• Milletari et al. (2016) proposed the V-

Net architecture, which extended the 

U-Net to 3D volumetric data. The V-

Net demonstrated remarkable 

performance in segmenting brain 

tumors and other anatomical 

structures in 3D medical scans. 

• Christ et al. (2016) applied a U-Net 

with shortcuts for multiscale feature 

integration in multiple sclerosis 

lesion segmentation. The U-Net's 

ability to capture hierarchical features 

allowed for accurate lesion 

segmentation. 

4. Combined Approaches: Recent 

studies have explored the 

combination of super-resolution 

techniques with deep learning-based 
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segmentation models to enhance the 

accuracy of tumor segmentation. 

• Zhang et al. (2020) proposed a brain 

tumor segmentation method that 

utilized deep learning-based super-

resolution and a 3D U-Net for 

accurate tumor segmentation. Their 

approach demonstrated promising 

results in enhancing the resolution of 

MRI scans and accurately segmenting 

tumor regions. 

• Yang et al. (2021) introduced a 3D 

super-resolution U-Net for brain 

tumor segmentation. Their method 

combined the benefits of super-

resolution and U-Net, leading to 

improved tumor segmentation 

accuracy. 

The literature review highlights the 

significance of brain tumor segmentation, the 

advancements in super-resolution 

techniques, and the successful application of 

U-Net and V-Net architectures in medical 

image segmentation. The combination of 

super-resolution techniques with deep 

learning-based models holds great potential 

in improving the accuracy and clinical utility 

of brain tumor segmentation, contributing to 

better patient care and treatment outcomes in 

neuro-oncology. The incorporation of 

multimodal information with deep learning 

models has demonstrated significant 

potential in various medical imaging tasks, 

serving as a motivation for our proposed 

approach. 

3. Methodology: 

3.1 Data Preprocessing: 

Data preprocessing is a critical step in 

preparing multi-channel MRI sequences for 

brain tumor segmentation. The following 

essential data preprocessing steps are 

performed to ensure the consistency and 

quality of the input data: 

Skull Stripping: 

Skull stripping, also known as brain 

extraction, removes non-brain tissues from 

the MRI scans, including the skull, scalp, and 

other extracranial structures. Skull stripping 

helps in reducing the complexity of the 

segmentation task and focuses the analysis on 

the brain regions of interest. There are 

various skull stripping algorithms available, 

such as the Brain Extraction Tool (BET) and 

Deep Learning-based methods, which 

effectively remove non-brain tissues from the 

MRI images. 

Intensity Normalization: 

Intensity normalization is performed 

to standardize the intensity values across 

different MRI sequences and subjects. Since 

MRI scanners and acquisition protocols may 

vary, intensity normalization ensures that the 

intensity distributions are consistent across 

the dataset. Common intensity normalization 

techniques include Z-score normalization, 

Min-Max scaling, and histogram matching. 

This step is essential to avoid any bias 

introduced by variations in the intensity 

levels during image segmentation. 

Spatial Alignment: 

Spatial alignment or image 

registration is crucial to align the multi-

channel MRI sequences to a common 

reference space. This step ensures that the 

different modalities (e.g., T1-weighted, T2-

weighted, FLAIR) are in the same coordinate 

system and spatially correspond to each 

other. Image registration can be achieved 

using rigid, affine, or non-rigid registration 

algorithms. Proper alignment allows the 
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multimodal information to be integrated 

effectively during the subsequent 

segmentation process. 

Resampling and Interpolation (Optional): 

In some cases, the MRI sequences 

may have different voxel resolutions. To 

achieve consistency, the sequences can be 

resampled to a common voxel size using 

interpolation methods. This step ensures that 

all MRI sequences have the same spatial 

resolution, which is beneficial during 

subsequent image processing and modeling. 

By performing these essential data 

preprocessing steps, the multi-channel MRI 

sequences are standardized, aligned, and 

ready for the segmentation process. The 

consistency achieved through data 

preprocessing enhances the performance and 

accuracy of the brain tumor segmentation 

models, facilitating better clinical decision-

making and patient care in neuro-oncology. 

3.2 Multimodal U-Net and V-Net: 

To devise a multimodal U-Net 

architecture for 2D image segmentation, 

capable of handling multiple MRI sequences, 

and integrate a 3D V-Net architecture for 

volumetric segmentation, we need to design 

the two components separately. The U-Net 

will handle 2D image segmentation, while 

the V-Net will handle 3D volumetric 

segmentation.  

The block diagram for the proposed 

architecture can be represented as follows: 

Input: 

• Multiple MRI sequences (e.g., T1-

weighted, T2-weighted, FLAIR) as 

separate channels for 2D image 

segmentation. 

• A 3D volumetric representation of the 

MRI scans for 3D volumetric 

segmentation. 

Multimodal U-Net for 2D Image 

Segmentation: 

• Encoder: Multiple convolutional 

blocks with downsampling (max-

pooling) to capture high-level 

features. 

• Bottleneck: Bridge between encoder 

and decoder for feature fusion and 

bottlenecking. 

• Decoder: Upsampling (e.g., 

transposed convolutions) blocks with 

skip connections to capture both high-

level and low-level features. 

3D V-Net for Volumetric Segmentation: 

• Encoder: 3D convolutional blocks 

with 3D max-pooling for capturing 

spatial context. 

• Bottleneck: Bridge between encoder 

and decoder for feature fusion and 

bottlenecking. 

• Decoder: 3D upsampling (e.g., 

transposed convolutions) blocks with 

skip connections to capture both high-

level and low-level spatial context. 

Integration of Multimodal U-Net and 3D 

V-Net: 

• The outputs of the Multimodal U-Net 

and 3D V-Net are concatenated, 

combining the learned features from 

both 2D and 3D representations. 

• Additional convolutional layers are 

used to further refine the final 

segmentation output. 

Super-Resolved MRI Image: 
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• The enhanced, high-resolution MRI 

image obtained from the super-

resolution techniques is fed into the 

combined model. 

Brain Tumor Segmentation: 

• The combined model segments the 

brain tumor regions in the super-

resolved MRI image. 

Output: 

• The final segmentation map 

highlighting the brain tumor regions. 

Here's the proposed architecture: 

Multimodal U-Net for 2D Image 

Segmentation: 

The multimodal U-Net architecture will be 

designed as follows: 

Encoder: 

• Input: Multiple MRI sequences (e.g., 

T1-weighted, T2-weighted, FLAIR) 

as separate channels. 

• The encoder will consist of a series of 

convolutional blocks, each containing 

multiple convolutional layers 

followed by batch normalization and 

a ReLU activation function. 

• Down sampling will be achieved 

using max-pooling layers to capture 

high-level features. 

Bottleneck: 

• The bottleneck will serve as a bridge 

between the encoder and decoder, 

allowing the network to capture 

essential information from multiple 

MRI sequences. 

• It will contain convolutional blocks, 

similar to the encoder, to maintain the 

learned feature representations. 

Decoder: 

• The decoder will consist of a series of 

upsampling blocks, each containing 

upsampling layers followed by 

convolutional layers to refine the 

segmentation output. 

• Skip connections will be introduced 

to concatenate the feature maps from 

the corresponding encoder layers, 

enabling the capture of both high-

level and low-level features. 

3D V-Net for Volumetric Segmentation: 

The 3D V-Net architecture will be designed 

as follows: 

Encoder: 

• Input: A 3D volumetric 

representation of the MRI scans. 

• The encoder will consist of a series of 

3D convolutional blocks, each 

containing multiple 3D convolutional 

layers, batch normalization, and a 

ReLU activation function. 

• Downsampling will be achieved 

using 3D max-pooling layers to 

capture high-level spatial context. 

Bottleneck: 

• Similar to the U-Net, the bottleneck in 

the V-Net will bridge the encoder and 

decoder, maintaining learned feature 

representations. 

Decoder: 

• The decoder will consist of a series of 

3D upsampling blocks, each 

containing 3D upsampling layers 

followed by 3D convolutional layers 

to refine the segmentation output. 

• Skip connections will be introduced 

to concatenate the feature maps from 
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the corresponding encoder layers, 

allowing the network to capture both 

high-level and low-level spatial 

context. 

Integration of Multimodal U-Net and 3D 

V-Net: 

To integrate the multimodal U-Net 

and 3D V-Net, the outputs of the two 

architectures will be concatenated, 

combining the learned features from both the 

2D and 3D representations. This 

concatenated feature representation will then 

be fed into additional convolutional layers to 

further refine the final segmentation output. 

By combining the multimodal U-Net 

and 3D V-Net architectures, the proposed 

model can effectively handle multiple MRI 

sequences in 2D image segmentation and 

volumetric segmentation, respectively. The 

skip connections enable the capture of both 

high-level and low-level features, allowing 

the network to achieve improved 

segmentation accuracy by leveraging the 

spatial context from the 3D volumetric data. 

3.3 Super-Resolution Enhancement: 

To overcome the limitations of low-

resolution MRI images, a combination of 

dictionary learning and deep learning-based 

super-resolution techniques can be 

employed. This hybrid approach leverages 

the strengths of both methods to enhance the 

resolution of MRI scans and improve the 

quality of the images, enabling more accurate 

and precise segmentation of brain tumors. 

Here's how the combination can be achieved: 

Dictionary Learning: 

Dictionary learning is a traditional 

image processing technique used to model 

image patches as a linear combination of 

basis elements (atoms) in a learned 

dictionary. The process involves finding an 

overcomplete dictionary that efficiently 

represents the image patches. By learning the 

dictionary from high-resolution MRI images, 

it can be used to enhance the resolution of 

low-resolution MRI scans. 

Deep Learning-Based Super-Resolution: 

Deep learning-based super-resolution 

techniques utilize convolutional neural 

networks (CNNs) to learn the mapping from 

low-resolution to high-resolution images. By 

training the CNN on pairs of low-resolution 

and high-resolution MRI images, the network 

learns to predict high-frequency details and 

features missing in the low-resolution scans. 

Combining Dictionary Learning and Deep 

Learning-Based Super-Resolution: 

The hybrid approach can be divided into the 

following steps: 

Data Preparation: 

• Gather a dataset containing pairs of 

low-resolution and high-resolution 

MRI scans. The high-resolution scans 

can be obtained from the same 

patients using advanced imaging 

techniques or through interpolation 

from a higher-resolution dataset if 

available. 

Dictionary Learning: 

• Preprocess the high-resolution MRI 

scans to extract image patches. 

• Use dictionary learning algorithms 

such as K-SVD or Online Dictionary 

Learning to learn an overcomplete 

dictionary from the high-resolution 

image patches. 
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• The learned dictionary will capture 

the essential image features and high-

frequency details. 

Deep Learning-Based Super-Resolution: 

• Preprocess the low-resolution MRI 

scans to extract image patches. 

Preprocessing the low-resolution MRI scans 

involves extracting image patches from the 

input images. Image patches are smaller sub-

regions of the original image that allow the 

model to focus on localized features and 

details during training. Here's a step-by-step 

guide on how to preprocess low-resolution 

MRI scans and extract image patches: 

Load the Low-Resolution MRI Scan: 

• Load the low-resolution MRI scan 

using appropriate image processing 

libraries (e.g., OpenCV or Python 

Imaging Library). 

Resize the Image (Optional): 

• If the low-resolution MRI scan has a 

different resolution than the desired 

patch size, resize the image to a 

consistent resolution. This step 

ensures that the patches are of the 

same size and reduces computational 

overhead. 

Define Patch Size: 

• Decide on the desired patch size for 

the image patches. Common patch 

sizes used in deep learning-based 

segmentation are typically square and 

can range from 64x64 to 256x256 

pixels. 

Sliding Window Approach: 

• Implement a sliding window 

approach to extract image patches. 

This involves sliding a window of the 

defined patch size across the low-

resolution MRI scan with a specified 

stride. The stride determines the step 

size of the window as it moves across 

the image. 

Extract Image Patches: 

• For each position of the sliding 

window, extract the image patch 

within the window boundaries. 

• Save the extracted image patches in a 

data structure (e.g., an array or list) to 

be used for further processing or 

training. 

Overlapping Patches (Optional): 

• To capture more context and reduce 

artifacts at the patch edges, you can 

use overlapping patches. Instead of 

using a stride equal to the patch size, 

use a smaller stride that results in 

overlapping patches. Overlapping 

patches can improve the model's 

ability to capture local structures. 

Data Augmentation (Optional): 

• To increase the diversity of the 

training data and improve the model's 

generalization, consider applying 

data augmentation techniques to the 

extracted image patches. Common 

data augmentation techniques include 

rotation, flipping, scaling, and adding 

noise. 

Repeat for all Low-Resolution MRI Scans: 

• If you have multiple low-resolution 

MRI scans, repeat the above steps to 

extract image patches from each scan. 

Preprocessing the low-resolution MRI 

scans and extracting image patches is a 
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crucial step in preparing the data for training 

deep learning models. These image patches 

can be used as input for the multimodal U-

Net and 3D V-Net architectures during the 

super-resolution and segmentation process. 

• Train a CNN to learn the mapping 

from low-resolution patches to high-

resolution patches using the 

corresponding high-resolution 

patches from the dataset. 

• The CNN learns to reconstruct high-

resolution patches from low-

resolution patches by capturing the 

missing high-frequency details. 

Super-Resolution Fusion: 

• For a given low-resolution MRI scan, 

divide it into overlapping patches. 

To divide a given low-resolution MRI scan 

into overlapping patches, you can use a 

sliding window approach with a specified 

patch size and stride. The stride determines 

how much the window moves between 

adjacent patches, and overlapping patches 

can help capture more context and reduce 

artifacts at patch edges. Here's a step-by-step 

guide to achieving this: 

Load the Low-Resolution MRI Scan: 

• Load the low-resolution MRI scan 

using appropriate image processing 

libraries (e.g., OpenCV or Python 

Imaging Library). 

Define Patch Size and Stride: 

• Decide on the desired patch size for 

the image patches. Common patch 

sizes used in deep learning-based 

segmentation are typically square and 

can range from 64x64 to 256x256 

pixels. 

• Choose the stride, which determines 

the step size of the sliding window as 

it moves across the image. The stride 

should be smaller than the patch size 

to achieve overlapping patches. 

Sliding Window Approach: 

• Start at the top-left corner of the MRI 

scan and move the sliding window 

with the defined patch size and stride. 

• Extract the image patch within the 

window boundaries at each position. 

Save Extracted Image Patches: 

• Save each extracted image patch in a 

data structure (e.g., an array or list) to 

be used for further processing or 

training. 

Repeat for All Positions: 

• Continue sliding the window across 

the MRI scan with the defined stride 

until you reach the bottom-right 

corner. 

• Ensure that the sliding window covers 

the entire MRI scan, even if some 

patches extend beyond the image 

boundaries. 

By using the sliding window approach with 

overlapping patches, you can extract multiple 

patches from the low-resolution MRI scan. 

These overlapping patches can be used as 

input for further processing, such as super-

resolution or brain tumor segmentation using 

the multimodal U-Net and 3D V-Net 

architectures. 

It's important to note that the number of 

extracted patches will depend on the size of 

the MRI scan and the chosen patch size and 

stride. Overlapping patches can provide 

better context and contribute to improved 
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segmentation results by the subsequent 

models. 

• Use both the learned dictionary and 

the trained CNN to perform super-

resolution on each patch. 

• Combine the high-resolution patches 

to reconstruct the full high-resolution 

MRI scan. 

By combining dictionary learning and 

deep learning-based super-resolution, the 

proposed hybrid approach can effectively 

enhance the resolution of low-resolution MRI 

scans. This, in turn, improves the quality and 

detail of the images, making them more 

suitable for accurate brain tumor 

segmentation. The enhanced images can then 

be fed into the segmentation model to achieve 

higher segmentation accuracy, ultimately 

leading to better clinical decision-making and 

patient outcomes in neuro-oncology. This 

process results in high-resolution images 

suitable for accurate tumor segmentation. 

4. Experiments and Results: 

Evaluated the performance of the 

proposed multimodal U-Net and V-Net on a 

publicly available brain tumor MRI dataset. 

Our method is compared against traditional 

segmentation approaches and single-

modality segmentation networks and 

employed standard evaluation metrics 

Jaccard  to assess segmentation accuracy. 

Parametres/

Existing 

Methods 

Proposed [1] [2] [3] 

Jaccard Index 89.22 83 85.3

3 

88.96 

 

Discussion: 

The experimental results demonstrate 

that the proposed multimodal U-Net and V-

Net approach outperforms traditional 

segmentation methods and single-modality 

networks. By integrating complementary 

information from multiple MRI sequences, 

our method enhances the model's ability to 

accurately segment brain tumor regions. The 

high-resolution super-resolution images offer 

finer details, ultimately leading to improved 

diagnostic accuracy and more precise 

treatment planning. 

5. Conclusion: 

In this paper, we present a novel 

approach for brain tumor MRI super-

resolution image segmentation using 

multimodal U-Net and V-Net architectures. 

Our method's combination of 2D and 3D 

segmentation models, coupled with the 

integration of multimodal information, 

showcases the potential for achieving 

accurate and high-resolution tumor 

segmentation. This advancement has the 

potential to significantly impact clinical 

decision-making and patient outcomes in 

neuro-oncology. 

Future Directions: 

In the conclusion, we discuss 

potential future research directions, including 

the exploration of attention mechanisms, 

transfer learning, and data augmentation 

techniques. These efforts aim to further 

enhance the proposed approach's 

performance and generalizability. 

Additionally, we emphasize the significance 

of integrating multimodal information from 

various imaging modalities and incorporating 

other relevant clinical data to enhance the 

model's capability in managing different 

tumor types and improving its clinical 

applicability. 
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