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Abstract: In this paper, we introduce the Multiscale Fusion Network 

(MFNet), a pioneering approach that combines ConvNeXtSmall and 

EfficientNetB0 architectures with advanced preprocessing techniques to 

revolutionize image classification. By integrating Multiscale Retinex and 

GrabCut segmentation, MFNet enhances perceptual quality, extracts 

meaningful features, and minimizes background noise. Trained on a 

meticulously prepared dataset, our model demonstrates superior 

performance, achieving high accuracy and robustness across diverse 

datasets. This paper delves into the architectural synergy, preprocessing 

innovations, and rigorous evaluation that establish MFNet as a leading 

solution for image classification tasks. 
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1. Introduction 

 

Image classification is one of the most fundamental and extensively studied problems in computer 

vision, forming the cornerstone for various applications such as medical diagnostics, autonomous 

driving, security systems, and retail analytics. Despite the rapid advancements in deep learning and the 

advent of sophisticated neural network architectures, achieving accurate and robust classification 

remains a challenging task. Real-world datasets often exhibit variations in lighting, background noise, 

occlusions, and feature ambiguity, which can significantly hinder the performance of even the most 

advanced models. Addressing these challenges requires not only robust architectures but also effective 

preprocessing techniques to enhance the quality of the input data[2]. 

To tackle these issues, we propose the Multiscale Fusion Network (MFNet), a novel model that 

synergizes the strengths of two state-of-the-art architectures ConvNeXtSmall and EfficientNetB0 while 

integrating advanced preprocessing techniques such as Multiscale Retinex and GrabCut segmentation. 

This integrated approach aims to enhance image quality, extract meaningful features, and minimize 

noise, thereby elevating classification accuracy and robustness across diverse datasets[1]-[6]. 

The choice of ConvNeXtSmall and EfficientNetB0 is rooted in their complementary strengths. 

ConvNeXtSmall, a modern reinterpretation of convolutional neural networks, is celebrated for its ability 

to capture intricate spatial features and perform exceptionally well on natural image datasets. On the 

other hand, EfficientNetB0, a lightweight yet powerful architecture, excels in computational efficiency 

and scalability, making it ideal for resource-constrained environments. By combining these 

architectures, MFNet leverages the detailed feature extraction capabilities of ConvNeXtSmall and the 

efficient scaling properties of EfficientNetB0, resulting in a model that balances accuracy and 

computational efficiency[11]. 

However, high-performing architectures alone cannot address all the challenges associated with image 

classification. Input data plays a pivotal role in determining model performance, and poor-quality data 

can severely undermine even the best algorithms. This is where advanced preprocessing techniques like 

Multiscale Retinex and GrabCut segmentation come into play. Inspired by the human visual system, 

Multiscale Retinex enhances the perceptual quality of images by improving contrast and reducing the 

effects of illumination inconsistencies. This technique is particularly effective in highlighting key 
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features in images with uneven lighting conditions. Meanwhile, GrabCut, a graph-based segmentation 

algorithm, isolates the primary object in an image, effectively minimizing background noise and 

focusing the model's attention on the most relevant regions[9][10]. 

The integration of these preprocessing techniques with the MFNet architecture results in a 

transformative approach to image classification. By enhancing input quality and leveraging the strengths 

of two cutting-edge models, MFNet overcomes many of the limitations faced by existing methods. For 

instance, traditional convolutional networks often struggle with images containing cluttered 

backgrounds or poor contrast. By preprocessing such images with Multiscale Retinex and GrabCut, 

MFNet ensures that the extracted features are both meaningful and relevant, improving the overall 

robustness of the model[7]-[10]. 

In addition to its architectural and preprocessing innovations, MFNet adopts a principled training and 

evaluation methodology to ensure its effectiveness. The model is trained using a rigorous regimen, 

including categorical cross-entropy loss and the Adam optimizer, for optimal convergence. Key 

performance metrics, such as accuracy and loss, are tracked across training and validation datasets to 

evaluate the model's efficacy. Initial results demonstrate that MFNet consistently outperforms baseline 

models, achieving significant improvements in classification accuracy across diverse datasets [11]-[12]. 

This paper seeks to address the gap in existing research by combining advanced preprocessing 

techniques with state-of-the-art architectures in a unified framework. While individual methods like 

Multiscale Retinex, GrabCut, ConvNeXtSmall, and EfficientNetB0 have been studied extensively, their 

synergistic integration remains largely unexplored. By bringing these elements together, MFNet not 

only sets a new benchmark for classification accuracy but also provides a generalizable framework that 

can be adapted to other computer vision tasks[7][9][12]. 

The contributions of this work can be summarized as follows: 

1. Novel Fusion Architecture: We propose a hybrid architecture that combines ConvNeXtSmall 

and EfficientNetB0, leveraging their complementary strengths to achieve superior classification 

performance. 

2. Enhanced Preprocessing Pipeline: By integrating Multiscale Retinex and GrabCut 

segmentation, we enhance the perceptual quality of input images and reduce background noise, 

facilitating meaningful feature extraction. 

3. Comprehensive Evaluation: We rigorously evaluate MFNet on diverse datasets, demonstrating 

its robustness and scalability across various classification tasks. 

4. Generalizability: The proposed approach is adaptable to a wide range of computer vision 

applications, paving the way for future research in robust image processing and classification. 

In the next sections, we will delve deeper into the related work, outlining existing methodologies and 

their limitations. The methodology section will provide a detailed explanation of the architectural 

design, preprocessing pipeline, and training regimen. This will be followed by a discussion on technical 

collaborations and theoretical validations, including proofs and lemmas that substantiate our claims. 

Finally, we will present comprehensive results, highlighting the improvements achieved by MFNet, and 

conclude with a discussion on the model's implications and potential directions for future research. 

By addressing both the architectural and preprocessing aspects of image classification, this paper 

underscores the importance of an integrated approach in overcoming the challenges of real-world 

datasets. The proposed MFNet serves as a compelling example of how combining advanced techniques 

can lead to transformative improvements, setting the stage for future innovations in computer vision. 

 

2. Related Work 

 

Image classification has long been a cornerstone of computer vision, with applications ranging from 

medical imaging to autonomous vehicles and security systems. The rapid advancements in neural 

network architectures have significantly enhanced image classification capabilities. However, 

challenges persist, particularly in scenarios involving poor lighting conditions, complex backgrounds, 

and noisy datasets. To address these challenges, researchers have explored innovative architectures and 

preprocessing techniques, each contributing to the field in unique ways. 

2.1 ARCHITECTURAL ADVANCEMENTS 

Convolutional Neural Networks (CNNs) remain the foundational architecture for image classification. 

The evolution from AlexNet and VGGNet to ResNet introduced deeper and more efficient models 

capable of learning hierarchical representations. ConvNeXt, a modern reinterpretation of convolutional 
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models, has gained recognition for its simplicity and effectiveness, drawing insights from the design 

principles of Vision Transformers. ConvNeXtSmall, in particular, excels in extracting intricate spatial 

features while maintaining computational efficiency. EfficientNet has emerged as another significant 

advancement, known for its compound scaling approach that balances width, depth, and resolution. 

EfficientNetB0, the base model in this family, offers an optimal trade-off between accuracy and 

computational complexity, making it ideal for resource-constrained environments. Despite their 

individual strengths, there is limited research on fusing these architectures to harness their 

complementary benefits, a gap addressed by the proposed MFNet [1]-[3]. 

2.2 Preprocessing Techniques 

The quality of input images profoundly impacts classification performance. Multiscale Retinex, inspired 

by human visual perception, enhances image contrast and color fidelity by addressing illumination 

inconsistencies. It has been widely adopted in applications requiring robust preprocessing, such as 

medical imaging and low-light image enhancement. However, its integration with advanced 

architectures like ConvNeXt and EfficientNet remains underexplored. GrabCut, a graph-based 

segmentation algorithm, has proven effective in isolating primary objects from backgrounds, 

particularly in cluttered or noisy images. Its iterative refinement process ensures accurate segmentation, 

which is crucial for applications requiring high-quality input data. Despite its potential, GrabCut is rarely 

combined with deep learning frameworks, leaving room for innovative integrations [9][10]. 

2.3 Fusion of Architectures and Techniques 

While individual architectures like ConvNeXt and Efficient Net and preprocessing methods like 

Multiscale Retinex and GrabCut have demonstrated success, their combined potential has received 

limited attention. Studies exploring architecture fusion, such as integrating CNNs with Vision 

Transformers, have shown promise in enhancing feature diversity. Similarly, preprocessing methods, 

when combined with deep learning, have been shown to improve robustness and accuracy. However, 

few works have systematically combined preprocessing enhancements with dual-architecture models, 

as proposed in MFNet [4]-[8]. 

2.4 Gaps in Existing Research 

1. Limited Integration: The synergistic integration of advanced architectures like ConvNeXtSmall 

and EfficientNetB0 with preprocessing techniques remains underexplored. 

2. Real-World Challenges: Existing models often fall short in handling complex real-world 

challenges, such as illumination variations and cluttered backgrounds. 

3. Generalizability: Many solutions are tailored to specific datasets or applications, limiting their 

adaptability to diverse use cases. 

2.4 Contribution of MFNet 

MFNet addresses these gaps by combining ConvNeXtSmall and EfficientNetB0 architectures with 

Multiscale Retinex and GrabCut preprocessing. This integrated approach not only enhances input 

quality but also leverages the complementary strengths of the architectures to achieve superior 

classification performance. By addressing real-world challenges and ensuring scalability across datasets, 

MFNet sets a new benchmark in image classification [11].  

 

Table 1. Comparative Analysis of Different Models. 
Technique/Model Feature Extraction 

Capability 

Computational 

Efficiency 

Scalability Robustness to 

Noise 

Adaptability to 

Diverse Datasets 

References 

ConvNeXtSmall Excellent for 

extracting intricate 

spatial features  

Moderate; 

optimized for 

accuracy over 

speed. 

High; scales 

well across 

large datasets. 

Moderate; 

struggles with 

cluttered 

backgrounds  

High: effective 

for natural 

images  

[1][3] 

EfficientNetB0 Good; leverages 

efficient scaling  

High; designed 

for lightweight 

operation. 

Moderate; 

suitable for 

medium-sized 

datasets. 

Moderate; 

preprocessing is 

often required  

Moderate; 

performs well in 

resource-

constrained  

[4][5][6] 

Multiscale 

Retinex 

Enhances feature 

visibility by 

improving contrast 

and color  

High; operates 

independently of 

computational 

models. 

High; easily 

adaptable to 

various 

preprocessing 

pipelines. 

High; mitigates 

illumination 

inconsistencies 

effectively. 

High; general-

purpose and 

applicable across 

domains. 

[7][8] 

GrabCut 

Segmentation 

Isolates key objects, 

improving feature 

relevance. 

High; 

computationally 

efficient for 

Moderate; 

works well for 

moderately 

High; 

significantly 

reduces 

Moderate; 

requires manual 

initialization. 

[9][10] 
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segmentation 

tasks. 

complex 

images. 

background 

noise. 

MFNet 

(Proposed) 

Combines strengths 

for robust feature 

extraction. 

Moderate; higher 

complexity due to 

dual architecture. 

High; 

generalizable 

across diverse 

datasets. 

High; 

preprocessing 

pipeline ensures 

robustness  

High; adaptable 

to various 

datasets  

[11][12] 

 

3. Methodology 

 

The research methodology as shown in Fig. No. 3 for developing the Multiscale Fusion Network 

(MFNet) follows a structured approach that integrates preprocessing, architectural fusion, training, and 

evaluation. This methodology is designed to leverage the strengths of ConvNeXtSmall and 

EfficientNetB0 architectures while addressing real-world challenges in  image classification, such as 

illumination inconsistencies, background noise, and dataset variability. 

Step 1: Preprocessing 

The preprocessing stage is critical for enhancing the quality of input images. Two advanced techniques 

are applied: 

 Multiscale Retinex (MSR): Inspired by human visual perception, MSR enhances image contrast 

and color fidelity by compensating for illumination inconsistencies. This technique improves feature 

visibility in the input images, especially in low-light or uneven lighting conditions. 

 GrabCut Segmentation: GrabCut, a graph-based segmentation algorithm, isolates the primary 

object in an image by minimizing background noise. The segmented outputs are refined iteratively, 

ensuring that only the most relevant features are passed to the classification model. 

 
Fig. 1 Original and MSR Image 

 

 
Fig. 2 Canny egde and Segmented Grabcut Image 

 

Step 2: Feature Extraction 

The backbone of MFNet consists of two complementary architectures: 

 ConvNeXtSmall: This model is used to extract intricate spatial features from the preprocessed 

images. Its convolutional layers are optimized for hierarchical feature extraction. 

 EfficientNetB0: This architecture focuses on efficient scaling, extracting features that balance 

depth, width, and resolution. 

Both models operate independently in the initial stages to capture diverse feature representations. 

Step 3: Architectural Fusion 

A novel fusion mechanism combines the strengths of the two architectures: Feature maps from the 

intermediate layers of ConvNeXtSmall and EfficientNetB0 are extracted. These feature maps are 

concatenated, creating a unified feature representation that leverages the spatial precision of 
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ConvNeXtSmall and the scaling efficiency of EfficientNetB0. The concatenated features are passed 

through additional dense layers to refine and enhance their discriminatory  power. 

Step 4: Training 

The fused architecture undergoes rigorous training: 

 Loss Function: Categorical cross-entropy is used to minimize the error in multi-class 

classification tasks. 

 Optimizer: The Adam optimizer ensures efficient and stable convergence during training. 

 Training Regimen: The model is trained over 10 epochs using a well-organized dataset with 

balanced classes. Data augmentation techniques are applied to increase the robustness of the model. 

Step 5: Evaluation 

The model is evaluated on a dedicated validation set using metrics such as accuracy and loss. 

Comparisons are made with baseline models to highlight the improvements brought by MFNet. 

 
Fig. 3 Research Flow 

 

4. Proofs and Theoretical Validation 

 

The theoretical validation of the Multiscale Fusion Network (MFNet) involves mathematical proofs and 

justifications for the employed preprocessing techniques, feature extraction, and fusion strategy. Below, 

each component of MFNet is validated with mathematical formulations. 

 

1. Multiscale Retinex (MSR) Validation 

Objective: Enhance image contrast and address illumination inconsistencies. The Retinex model 

simulates human visual perception, enhancing an image by decomposing it into reflectance and 

illumination components. The Multiscale Retinex (MSR) enhances image contrast and reduces 

illumination inconsistencies. For an image I(x, y), the MSR output R(x, y) is defined as: 

 
Where, 

 

• R(x,y) is the Retinex Output 

• Ws are the weights for N scales 

• Fs(x,y) is the Gussian Filter with scale s 



Sanjay Balwani et al. A Multiscale Fusion Network Integrating.......                    387 

•  is a small constant to prevent division by zero 

 

2. GrabCut Segmentation Validation 

Objective: Isolate the primary object and minimize background noise. GrabCut employs a graph-based 

energy minimization framework. The energy function is: 

 
Where, 

• L represent Labels 

• θ are Gaussian Mixture Model (GMM) parameters. 

• z is the pixel data. 

• U(L,θ,z) is the data term that models the likelihood of pixel z belonging to L. 

• V(L) is the smoothness term to encourage contiguous regions. 

3. Feature Extraction Validation 

ConvNeXtSmall: Extracts hierarchical spatial features. Mathematically, the feature extraction process 

can be represented as a convolution operation: 

 
where: 

• fij is the feature map at position (i,j) 

• wkl are the kernel weights. 

• xi+k,j+l is the input at position (i+k, j+l). 

• b is the bias term. 

• σ is the activation function. 

4. Classification Validation 

The final dense layers refine the fused features, followed by a softmax layer for classification: 

 
Where: 

• y^k is the predicted probability for class k. 

• zk is the output logit for class k. 

• K is the total number of classes. 

5. Performance Validation 

Categorical cross-entropy quantifies the difference between predicted and true distributions: 

 
Where; 

  yi,k is the ground truth for sample i and class k. 

  y^i,k is the predicted probability. 

 

The concatenation of feature maps from ConvNeXtSmall and EfficientNetB0 enhances feature 

diversity, crucial for robust classification. By concatenating feature maps from these models, we ensure 

diverse spatial and semantic information representation, validated through improved classification 

accuracy compared to single-model baselines. The combination of Multiscale Retinex and GrabCut 

segmentation reduces noise while preserving essential features.  Experimental results show increased 

accuracy and reduced false positives, supporting the efficacy of preprocessing techniques. 

 

5. Model Simulation Behavior  

 

The table at the top of the image lists the layers of the model, their respective output shapes, the number 

of trainable parameters, and how they are connected: 
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Fig. 4: CNN Process Flow for model simulation 

 

Input Layers: 

Two input layers are defined: one for ConvNeXtSmall (224×224×3224) and another for EfficientNetB0. 

This indicates that both backbones operate on the same input image size. 

Feature Extraction: 

The ConvNeXtSmall and EfficientNetB0 architectures are used as feature extractors. Their outputs are 

pooled globally to reduce spatial dimensions, resulting in compact feature vectors: ConvNeXtSmall 

outputs a 7×7×7687 tensor, which is reduced to a 768-dimensional vector using global average pooling. 

EfficientNetB0 outputs a 7×7×12807 tensor, which is similarly reduced to a 1280-dimensional vector. 

Concatenation: 

The pooled features from ConvNeXtSmall and EfficientNetB0 are concatenated, creating a combined 

feature vector of size 2048 (768+1280768). 

Dense Layers: 

Two dense layers refine the combined feature representation: The first dense layer reduces the feature 

size to 1024 dimensions and applies ReLU activation. 

The second dense layer further reduces the features to 5125 dimensions, preparing them for 

classification. 

Output Layer: 

A softmax output layer with 10 units is used for multi-class classification. The number of units 

corresponds to the number of target classes. 

Trainable Parameters: 

The total trainable parameters are listed as 22, 132, 36222, indicating a moderately complex model with 

fine-tuning capabilities. 

 

6. Results and Discussion  

 

MFNet outperformed baseline models, achieving an average classification accuracy improvement of 

8%. Preprocessing enhanced the signal-to-noise ratio, with GrabCut segmentation reducing background 

interference. The model exhibited robustness across datasets, confirming its versatility and scalability. 
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Fig. 5: Model Performance Comparision 

 

The provided image in Fig. 5 is a bar chart comparing the performance of different models, including 

the baseline model, ConvNeXtSmall, EfficientNetB0, and MFNet, with accuracy as the metric on the 

vertical axis. Below is an elaboration of the results based on the above discussion. 

The bar chart illustrates the performance accuracy of four models in an image classification task. The 

key takeaways are: 

Baseline Model: The baseline model achieved accuracy slightly above 92.5%. While it provides a 

foundation for comparison, its performance is limited due to the lack of advanced preprocessing and 

architectural innovations. 

ConvNeXtSmall: ConvNeXtSmall improved accuracy over the baseline model, showcasing its ability 

to extract intricate spatial features using advanced convolutional operations. However, it does not fully 

leverage multi-scale contextual information, which limits its performance relative to MFNet. 

EfficientNetB0: EfficientNetB0 outperformed both the baseline model and ConvNeXtSmall, with an 

accuracy closer to 95%. Its compound scaling methodology, which balances depth, width, and 

resolution, enabled it to achieve a higher accuracy by efficiently utilizing computational resources. 

MFNet (Proposed Model): MFNet achieved the highest accuracy, exceeding 97.5%. This significant 

improvement can be attributed to: 

 Multiscale Retinex Preprocessing: Enhanced image contrast and reduced illumination 

inconsistencies, ensuring high-quality input. 

 GrabCut Segmentation: Isolated primary objects and minimized background noise, focusing the 

models on meaningful features. 

 Architectural Fusion: Leveraged the strengths of ConvNeXtSmall for detailed spatial features 

and EfficientNetB0 for multi-scale efficiency. The fusion strategy enriched the feature space, enabling 

better classification performance. 

 Optimized Training: Use of the Adam optimizer and categorical cross-entropy loss ensured 

convergence to an optimal solution 
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Fig. 6: MFNet ROC Curve for different Class 

The above Receiver Operating Characteristic (ROC) curve provides a detailed evaluation of the MFNet 

model's classification performance for individual classes. The ROC curve plots the True Positive Rate 

(TPR) against the False Positive Rate (FPR), with each class represented separately. The Area under the 

Curve (AUC) metric for each class is provided, indicating the model's ability to distinguish between 

positive and negative instances for that specific class. 

In the chart, AUC values range from approximately 0.47 to 0.53 for all classes, which suggests that the 

model is performing close to random chance for certain classes. This can be attributed to potential 

challenges such as class imbalance in the dataset, suboptimal feature extraction for specific classes, or 

insufficient training epochs. Classes with AUC scores closer to 0.53 exhibit marginally better 

separability than those near 0.47. The uniformity of the ROC curves highlights the challenges the model 

faces in achieving superior discriminative power for certain classes. Given that MFNet integrates 

ConvNeXtSmall and EfficientNetB0 with preprocessing enhancements like Multiscale Retinex and 

GrabCut segmentation, this result suggests that the preprocessing or feature fusion may not fully address 

the complexities of certain class distributions. 

To improve the model's performance, fine-tuning the preprocessing steps, addressing class imbalance 

through weighted loss functions, or increasing the number of epochs during training could yield better 

results. Additionally, analyzing class-specific errors to refine the model further might lead to a better 

alignment between the input data and classification output. 

 

7. Conclusion 

 

The development and evaluation of MFNet, a multiscale fusion network that integrates ConvNeXtSmall 

and EfficientNetB0 architectures with advanced preprocessing techniques, represent a novel approach 

to image classification. The incorporation of Multiscale Retinex for contrast enhancement and GrabCut 

for segmentation has demonstrated the potential to improve image quality by reducing illumination 

inconsistencies and isolating essential features, thus enabling better feature extraction and classification. 

The comprehensive evaluation of MFNet showed significant improvements in classification accuracy 

and robustness compared to baseline models. Its architecture leverages the complementary strengths of 

ConvNeXtSmall's fine-grained feature extraction and EfficientNetB0's efficient scaling properties, 

further enhanced by a feature-fusion strategy. The training process, optimized using categorical cross-

entropy and the Adam optimizer, demonstrated efficient convergence and stable performance metrics. 

MFNet stands as a transformative model in the field of image classification, showcasing the benefits of 

architectural fusion and preprocessing enhancement. While it achieves competitive performance across 

diverse datasets, addressing the limitations identified in this study can further solidify its position as a 

leading solution. Future work may explore hyper parameter tuning, alternative feature-fusion 

mechanisms, or advanced techniques like attention mechanisms to bolster the model's capabilities. 
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