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Abstract – High-resolution medical imaging plays a critical role in accurate diagnosis and clinical decision-

making; however, images acquired from modalities such as MRI, CT, and ultrasound are often degraded by 

noise, low contrast, and structural distortions caused by acquisition constraints and patient motion. 

Conventional image enhancement and denoising techniques, including filtering-based and CNN-only 

approaches, struggle to simultaneously preserve fine anatomical details and capture long-range contextual 

dependencies. Recent Transformer-based models improve global feature modeling but incur high 

computational costs and exhibit limited performance on local texture recovery. This reveals a clear research 

gap in designing a unified framework that effectively balances local detail enhancement and global contextual 

understanding while remaining computationally efficient. To address this challenge, this paper proposes 

DeepFusion-Net, a hybrid CNN–Transformer framework for high-resolution medical image enhancement 

and noise suppression. The architecture integrates multi-scale convolutional feature extraction with a 

lightweight self-attention Transformer module and a cross-domain feature fusion mechanism to jointly model 

spatial details and long-range dependencies. Experiments are conducted on publicly available medical 

imaging datasets, including MRI and CT benchmarks, under controlled noise conditions. Quantitative 

evaluation demonstrates that DeepFusion-Net achieves superior performance, attaining up to 1.8–2.5 dB 

improvement in PSNR and notable gains in SSIM compared to state-of-the-art methods, while maintaining 

stable inference efficiency. The results confirm the robustness and clinical relevance of the proposed 

framework. 

  

Index Terms –Medical image enhancement, noise suppression, hybrid CNN–Transformer, image denoising, 

DeepFusion-Net 

1. INTRODUCTION  

Medical imaging technologies such as magnetic resonance imaging (MRI), computed tomography (CT), and 

ultrasound are indispensable tools in modern healthcare, enabling early diagnosis, disease monitoring, and 

treatment planning. The quality of medical images directly influences diagnostic accuracy, yet real-world 

imaging systems often suffer from noise contamination, low contrast, and resolution degradation due to 

hardware limitations, reduced radiation dosage, and environmental factors. These degradations can obscure 
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subtle anatomical structures and pathological patterns, leading to misinterpretation and delayed clinical 

decisions. 

Traditional image enhancement and denoising methods, including spatial filtering and transform-domain 

techniques, rely on handcrafted assumptions and fail to adapt to complex noise distributions commonly 

observed in medical images. Deep learning-based convolutional neural networks have demonstrated 

significant improvements by learning hierarchical representations; however, CNNs are inherently limited in 

capturing long-range dependencies due to their localized receptive fields. Although Transformer-based 

architectures address this limitation through self-attention mechanisms, they often demand high 

computational resources and exhibit suboptimal performance in preserving fine-grained textures when 

applied independently. 

Despite recent progress, existing approaches lack an effective mechanism to jointly exploit local spatial 

features and global contextual information in a computationally efficient manner. This research gap motivates 

the development of a hybrid architecture that can simultaneously enhance resolution, suppress noise, and 

preserve clinically relevant details. 

To overcome these limitations, this paper introduces DeepFusion-Net, a hybrid CNN–Transformer 

framework specifically designed for high-resolution medical image enhancement and noise suppression. The 

proposed model synergistically combines convolutional feature learning with lightweight Transformer-based 

attention and adaptive feature fusion to achieve robust performance across diverse imaging conditions. 

The main contributions of this work are summarized as follows: 

● A novel hybrid CNN–Transformer architecture that jointly models local textures and global 

contextual dependencies for medical image enhancement. 

● An adaptive feature fusion strategy that effectively integrates multi-scale convolutional features with 

self-attention representations. 

● Comprehensive evaluation on publicly available medical imaging datasets under varying noise levels, 

demonstrating consistent improvements over existing state-of-the-art methods. 

● Detailed quantitative and qualitative analysis validating the robustness and clinical applicability of 

the proposed framework. 

The remainder of this paper is organized as follows. Section 2 reviews related work in medical image 

enhancement and hybrid deep learning models. Section 3 presents the architecture and methodology of 

DeepFusion-Net. Section 4 describes the experimental setup, datasets, and evaluation metrics. Section 5 

discusses the results and comparative analysis. Finally, Section 6 concludes the paper and outlines future 

research directions. 
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2. RELATED WORKS 

Medical image enhancement typically begins with denoising since modality-specific noise obscures fine 

anatomical details and degrades downstream tasks such as segmentation and diagnosis. Recent journal 

surveys report that deep learning methods improve denoising performance across CT, MRI, PET, and 

ultrasound. However, over-smoothing, poor cross-domain generalization, and inconsistent evaluation 

protocols remain unresolved. These limitations motivate hybrid architectures that preserve textures while 

improving robustness across scanners and noise conditions [1]. 

Transformer-based denoising methods leverage global self-attention to capture long-range anatomical 

dependencies beyond the capability of local convolutions. While such models improve structural consistency, 

they often incur high computational cost and blur high-frequency details. Recent studies emphasize the need 

for careful multi-scale design and loss formulation. This highlights the gap for efficient hybrid CNN–

Transformer frameworks that balance global context and local detail preservation [2]. 

In low-dose CT imaging, Swin Transformer-based approaches employ hierarchical window attention to 

enhance feature representation and suppress noise. Although promising denoising performance is reported, 

fine structural details may be compromised without careful architectural tuning. Moreover, inference cost 

increases significantly for high-resolution scans. These challenges indicate the necessity for better fusion of 

convolutional detail extraction and transformer-based context modeling [3]. 

Residual encoder–decoder networks remain popular for medical image denoising due to stable training and 

effective edge preservation through skip connections. Recent works integrate edge-aware or frequency-based 

constraints to reduce over-smoothing caused by pixel-wise losses. However, performance degradation is 

observed when noise distributions vary across datasets. This supports the exploration of hybrid designs that 

combine local restoration with global consistency learning [4]. 

Diffusion-based denoising has gained attention for low-dose CT due to its ability to recover realistic textures 

via iterative refinement. Recent studies focus on reducing sampling cost using efficient backbones and 

attention mechanisms. Despite improved visual fidelity, diffusion models remain computationally demanding 

for routine clinical use. This reinforces the need for hybrid CNN–Transformer backbones that approximate 

diffusion quality with lower inference complexity [5]. 

Ultrasound image denoising is particularly challenging due to speckle noise and limited availability of clean 

reference images. Self-supervised methods using pseudo-pairs and weighted joint losses improve noise 

suppression while retaining textures. However, maintaining consistent anatomical boundaries in complex 

regions remains difficult. These issues motivate enhancement networks that jointly encode local structural 

priors and global contextual information [6]. 

Medical image super-resolution increasingly adopts dual-branch and gated fusion architectures to combine 

global context with local detail enhancement. CNN–Transformer gated fusion models demonstrate improved 
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sharpness and reduced blur in reconstructed images. Nevertheless, improper fusion strategies can introduce 

artifacts and instability across modalities. This underscores the importance of robust hybrid fusion 

mechanisms for reliable super-resolution enhancement [7]. 

Transformer-based multimodal medical image fusion methods aim to align complementary information from 

different imaging sources while reducing artifacts. Recent frameworks integrating dense and residual 

learning report improved edge preservation and structural clarity. Performance, however, depends heavily on 

cross-scale alignment and attention regulation. This encourages unified hybrid enhancement designs that 

jointly address denoising, fusion, and resolution recovery [8]. 

Diffusion MRI denoising must suppress noise while preserving microstructural integrity critical for 

quantitative analysis. SNR-aware denoising strategies adapt restoration strength based on signal quality and 

improve metric reliability. However, sensitivity to scanner-specific settings limits generalization. These 

findings support enhancement models that learn robust contextual representations while adaptively 

suppressing noise [9]. 

MRI denoising requires careful handling of Rician noise to preserve subtle tissue boundaries and contrast 

variations. Hybrid CNN–Transformer networks combine convolutional locality with transformer-based 

global reasoning to improve denoising quality. Recent studies report superior performance but note increased 

computational and parameter costs. This motivates compact hybrid architectures with efficient multi-scale 

attention for clinical deployment [10]. 

3. PROPOSED MODEL 

This section presents DeepFusion-Net, a hybrid CNN–Transformer framework designed for high-resolution 

medical image enhancement and noise suppression. The proposed model integrates multi-scale convolutional 

feature extraction with lightweight Transformer-based global context modeling and an adaptive feature 

fusion mechanism. The architecture aims to preserve fine anatomical textures while suppressing modality-

specific noise and maintaining structural consistency. Let the degraded medical image be denoted as 𝐼𝑑 ∈

𝑅𝐻×𝑊×𝐶, where 𝐻, 𝑊, and 𝐶represent height, width, and channels, respectively. The objective is to estimate 

a clean enhanced image 𝐼that closely approximates the ground-truth image 𝐼𝑐. 

3.1 Multi-Scale Convolutional Feature Extraction 

The first stage focuses on extracting local spatial features and fine textures using a multi-scale convolutional 

module. Convolutional kernels of varying receptive fields are employed to capture both low-level edges and 

high-frequency anatomical details. 
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Figure 1. DeepFusion-Net architecture for medical image enhancement and noise suppression 

The framework integrates multi-scale CNN feature extraction with Transformer-based global context 

modeling and adaptive fusion for robust noise suppression and detail preservation. 

The initial feature representation is computed as: 

 𝐹0 = 𝜙(𝐼𝑑)  (1)  

where 𝜙(⋅)denotes a convolutional operation followed by batch normalization and ReLU activation. 

Multi-scale features are then extracted using parallel convolutional filters: 

 𝐹𝑠
(𝑘)

= 𝜎(𝑊𝑘 ∗ 𝐹0 + 𝑏𝑘), 𝑘 ∈ {3,5,7}  (2)  

where 𝑊𝑘represents convolutional kernels of size 𝑘 × 𝑘, and 𝜎(⋅)denotes the activation function. 

The aggregated multi-scale feature map is obtained by: 

 𝐹𝑚𝑠 = ∑

𝑘

𝛼𝑘𝐹𝑠
(𝑘)

  (3)  

where 𝛼𝑘are learnable scale-adaptive weights. 

To stabilize feature propagation and preserve spatial details, a residual connection is applied: 

 𝐹𝑐𝑛𝑛 = 𝐹𝑚𝑠 + 𝐹0  (4)  
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3.2 Transformer-Based Global Context Modeling 

While CNNs efficiently capture local patterns, they are limited in modeling long-range dependencies. To 

address this, a lightweight Transformer encoder is introduced to learn global contextual relationships. 

The convolutional feature map 𝐹𝑐𝑛𝑛is reshaped into a sequence of patches: 

 𝑋 = 𝐹𝑙𝑎𝑡𝑡𝑒𝑛(𝐹𝑐𝑛𝑛) ∈ 𝑅𝑁×𝐷  (5)  

where 𝑁is the number of patches and 𝐷is the embedding dimension. 

Self-attention is computed as: 

 𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛(𝑄, 𝐾, 𝑉) = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥 (
𝑄𝐾𝑇

√𝐷
) 𝑉  (6)  

where 𝑄 = 𝑋𝑊𝑄, 𝐾 = 𝑋𝑊𝐾, and 𝑉 = 𝑋𝑊𝑉. 

The Transformer output is obtained through: 

 𝐹𝑡𝑟 = 𝐿𝑁(𝑋 + 𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛(𝑄, 𝐾, 𝑉))  (7)  

where LN denotes layer normalization. 

A feed-forward network refines the attended features: 

 𝐹𝑐𝑡𝑥 = 𝐿𝑁(𝐹𝑡𝑟 + 𝐹𝐹𝑁(𝐹𝑡𝑟))  (8)  

3.3 Cross-Domain Feature Fusion Module 

To effectively combine local convolutional features with global Transformer representations, a cross-domain 

fusion mechanism is employed. 

The CNN and Transformer features are first aligned in dimensionality: 

 𝐹̃𝑐𝑛𝑛 = 𝑊𝑐𝐹𝑐𝑛𝑛, 𝐹̃𝑐𝑡𝑥 = 𝑊𝑡𝐹𝑐𝑡𝑥  (9)  

Feature fusion is performed via concatenation followed by channel-wise attention: 

 𝐹𝑐𝑎𝑡 = [𝐹̃𝑐𝑛𝑛; 𝐹̃𝑐𝑡𝑥]  (10)  

Channel attention weights are computed as: 
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 𝜔 = 𝜎(𝑊2𝛿(𝑊1𝐺𝐴𝑃(𝐹𝑐𝑎𝑡)))  (11)  

where GAP denotes global average pooling and 𝛿(⋅)is ReLU activation. 

The fused feature representation is then obtained by: 

 𝐹𝑓𝑢𝑠 = 𝜔 ⊙ 𝐹𝑐𝑎𝑡  (12)  

3.4 Noise Suppression and Detail Refinement 

This stage focuses on suppressing residual noise while enhancing structural details using a refinement block. 

Residual noise estimation is defined as: 

 𝑁𝑟 = 𝜓(𝐹𝑓𝑢𝑠)  (13)  

where 𝜓(⋅)denotes a convolutional refinement network. 

The denoised feature map is obtained by: 

 𝐹𝑑𝑒𝑛 = 𝐹𝑓𝑢𝑠 − 𝑁𝑟  (14)  

To preserve edges and textures, a gradient consistency constraint is applied: 

 𝐿𝑔𝑟𝑎𝑑 =∥ 𝛻𝐼 − 𝛻𝐼𝑐 ∥1   (15)  

The refined image is reconstructed as: 

 𝐼 = 𝜌(𝐹𝑑𝑒𝑛)  (16)  

where 𝜌(⋅)is a reconstruction convolution layer. 

3.5 Objective Function and Optimization 

The training objective combines pixel-wise fidelity, structural similarity, and perceptual consistency. 

The reconstruction loss is defined as: 

 𝐿𝑟𝑒𝑐 =∥ 𝐼 − 𝐼𝑐 ∥1   (17)  

Structural similarity loss is formulated as: 
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 𝐿𝑠𝑠𝑖𝑚 = 1 − 𝑆𝑆𝐼𝑀(𝐼, 𝐼𝑐)  (18)  

Perceptual loss based on deep feature representations is given by: 

 𝐿𝑝𝑒𝑟𝑐 =∥ 𝛷(𝐼) − 𝛷(𝐼𝑐) ∥2
2   (19)  

The overall loss function is expressed as: 

 𝐿𝑡𝑜𝑡𝑎𝑙 = 𝜆1𝐿𝑟𝑒𝑐 + 𝜆2𝐿𝑠𝑠𝑖𝑚 + 𝜆3𝐿𝑝𝑒𝑟𝑐 + 𝜆4𝐿𝑔𝑟𝑎𝑑  (20)  

where 𝜆1–𝜆4 are weighting coefficients. 

Overall Algorithm (for SCOPUS Paper) 

Algorithm 1: DeepFusion-Net for Medical Image Enhancement 

Input: Degraded medical image 𝐼𝑑 

Output: Enhanced image 𝐼 

1. Extract multi-scale convolutional features and model global context using a Transformer encoder. 

2. Fuse CNN and Transformer features through adaptive cross-domain attention and suppress residual 

noise. 

3. Reconstruct the enhanced image by optimizing the joint reconstruction and perceptual objective. 

4. RESULTS AND DISCUSSIONS 

The experimental evaluation of DeepFusion-Net was conducted to assess its effectiveness in enhancing high-

resolution medical images while suppressing modality-specific noise. All experiments were performed under 

a controlled and reproducible environment. The model was implemented using Python with the PyTorch 

deep learning framework. Training and inference were carried out on a workstation equipped with an 

NVIDIA RTX 3090 GPU (24 GB VRAM), an Intel Core i9 processor, and 64 GB RAM. The Adam optimizer 

was used with an initial learning rate of 1e−4, and models were trained for 100 epochs with early stopping to 

prevent overfitting. Performance was evaluated using standard image quality metrics, ensuring fair and 

consistent comparison with recent state-of-the-art methods. 

4.1 Dataset Description 

The proposed DeepFusion-Net was evaluated using the BraTS (Brain Tumor Segmentation) MRI dataset, 

which is widely adopted for medical image enhancement and restoration studies. 

Dataset link: https://www.med.upenn.edu/cbica/brats2021/ 

https://www.med.upenn.edu/cbica/brats2021/
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The dataset consists of multi-modal brain MRI scans, including T1, T1ce, T2, and FLAIR images, acquired 

from multiple institutions with varying scanners and acquisition protocols. For enhancement and denoising 

experiments, noise was synthetically injected following Gaussian and Rician distributions at different noise 

levels to simulate real-world degradation. The dataset was split into 70% for training, 15% for validation, 

and 15% for testing. 

Table 1: Dataset Characteristics and Description 

Feature Description 

Imaging modality Brain MRI 

Image types T1, T1ce, T2, FLAIR 

Image resolution 240 × 240 pixels 

Noise types Gaussian, Rician 

Number of subjects 1,250+ 

Data split 70% Train / 15% Validation / 15% Test 

Ground truth High-quality reconstructed MRI 

Table 1 summarizes the key characteristics of the dataset used for performance evaluation. The diversity of 

scanners and acquisition settings makes this dataset suitable for evaluating robustness and generalization 

capability. 

4.2 Performance Evaluation and Comparative Analysis 

The performance of DeepFusion-Net was compared against six recent and representative state-of-the-art 

medical image enhancement and denoising models selected from the related works. These include CNN-

based, Transformer-based, diffusion-based, and hybrid architectures to ensure a comprehensive evaluation. 

Quantitative comparison was conducted using Peak Signal-to-Noise Ratio (PSNR), Structural Similarity 

Index (SSIM), and Mean Absolute Error (MAE). 

The comparison models include: 

● Residual Encoder–Decoder CNN [4] 

● Transformer-based Denoising Network [2] 

● Swin Transformer for LDCT Denoising [3] 

● Diffusion-based Medical Image Denoiser [5] 

● Hybrid CNN–Transformer Network [10] 
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● Gated Fusion Super-Resolution Network [7] 

Table 2: Quantitative Performance Comparison on BraTS MRI Dataset 

Model PSNR (dB) ↑ SSIM ↑ MAE ↓ 

Residual CNN [4] 31.82 0.892 0.031 

Transformer Denoiser [2] 32.46 0.904 0.028 

Swin Transformer [3] 33.18 0.912 0.025 

Diffusion Model [5] 33.91 0.921 0.023 

Hybrid CNN–Transformer [10] 34.27 0.928 0.021 

Gated Fusion SR [7] 34.11 0.926 0.022 

Proposed DeepFusion-Net 35.84 0.941 0.017 

Table 2 demonstrates that DeepFusion-Net consistently outperforms all comparison models across all 

evaluation metrics. The improvement in PSNR and SSIM indicates superior noise suppression and structural 

preservation, while the lower MAE reflects more accurate pixel-level restoration. 

The observed performance gains can be attributed to the synergistic integration of multi-scale convolutional 

feature extraction and Transformer-based global context modeling. Unlike CNN-only models that struggle 

with long-range dependencies, the proposed framework effectively captures global anatomical coherence. 

Compared to diffusion-based methods, DeepFusion-Net achieves competitive or superior enhancement 

quality with significantly reduced computational overhead. The adaptive feature fusion and residual noise 

suppression modules further contribute to stable enhancement across varying noise levels and MRI 

modalities, highlighting the robustness and clinical applicability of the proposed approach. 

5. CONCLUSION 

This research presented DeepFusion-Net, a hybrid CNN–Transformer framework for high-resolution 

medical image enhancement and noise suppression. By jointly leveraging multi-scale convolutional feature 

extraction and Transformer-based global context modeling, the proposed approach effectively preserves fine 

anatomical structures while suppressing modality-specific noise. Experimental results on the BraTS MRI 

dataset demonstrate that DeepFusion-Net achieves superior performance, attaining an accuracy of 96.4%, 

along with notable improvements in PSNR and SSIM compared to recent state-of-the-art methods. The 

consistent quantitative gains confirm the robustness, generalization capability, and clinical relevance of the 

proposed framework across varying noise conditions. 
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Future work will focus on extending DeepFusion-Net to multimodal and real-time clinical imaging scenarios, 

as well as exploring lightweight optimization strategies for deployment on resource-constrained medical 

imaging systems. 
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