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Abstract 

In computational imaging, multi-focus image fusion is a critical process that aims to produce a single image that covers all-in-focus 

areas from numerous partially focused input images. In this paper, we present a novel approach using a Super-Resolution Generative 

Adversarial Network (SRGAN) specifically designed for multi-focus image fusion. First, we create a new multi-focus image dataset 

from the publicly accessible COCO dataset. This process generates a complete collection of annotated image pairs with different 

focus areas. The generator is designed using a residual learning architecture and upsampling layers. The generator creates a high-

resolution fused image with features and texture preservation by processing two input images. Using PatchGAN-based 

implementation, the discriminator ensures that the fused images maintain global and local coherence through adversarial training. 

Putting emphasis on intensity, structural similarity, and perceptual qualities, we combine content loss with adversarial loss to 

achieve balanced learning. Extensive trials on public multi-focus image datasets show that our SRGAN-based model achieves 

superior fusion quality and texture consistency by outperforming five current state-of-the-art approaches in both quantitative and 

visual evaluations. The proposed method achieves real-time performance, meets the requirements of contemporary image fusion 

applications, and demonstrates its efficacy in generating high-quality fused images. 

 

Keywords- Multi-focus image fusion, Deep learning, Generative adversarial network, Super resolution, Perceptual image quality, 

Computer aided manufacturing. 

 

 

 

1. Introduction 
Multi-Focus Image Fusion (MFIF) is the process by which several images, each of which is focused on a 

distinct region of a given scene, are combined to produce a single, totally in-focus image (Luo et al., 2025). 

In imaging, depth-of-field constraints frequently hinder the simultaneous capture of all objects at different 

depths within a scene in sharp focus. Scenarios such as microscopic imaging (Li et al., 2024b; Song et al., 

2006), medical imaging (Ghandour et al., 2024; Jie et al., 2024), remote sensing (Nagarathinam et al., 2024; 

Zhang, 2022), and visual power patrol inspection (Singh et al., 2023; Wu et al., 2023) make this apparent. 

MFIF addresses this issue by combining many partially focused images into a single, complete image. This 

process improves the depth of field and ensures clarity throughout all regions of interest (Hu et al., 2025). 
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However, the fusion of multi-focus images presents some challenges arising from various factors (Duan et 

al., 2024). It is difficult to accurately identify focused regions in MFIF, especially when the transitions 

between the focused and blurred areas are subtle. Fusion performance may deteriorate further due to 

artifacts, loss of contrast, and sensitivity to variations in noise and lighting. Various approaches for MFIF 

have been presented in the literature by Wang et al. (2024b). These include traditional spatial and transform-

domain methods, as well as advanced computational approaches such as optimization algorithms, deep 

learning frameworks, and hybrid strategies. 

 

Spatial domain techniques in MFIF directly process pixel intensities to detect and merge focused areas. 

Pixel-level methods analyze local intensity or activity measures to identify focused pixels (Bouzos et al., 

2019; Liu et al., 2021; Ma et al., 2019; Zhang et al. 2021b). Block-based methods (Tian et al., 2018; Wu et 

al., 2019) and region-based techniques (Chen et al., 2020; Qiu et al., 2019) attempt to incorporate spatial 

context, but suffer from loss of fine details, block artifacts, and difficulties in managing regions with gradual 

focus transitions. 

 

Transform-domain fusion methods perform MFIF in alternative representations, such as the wavelet domain 

(Manchanda and Gambhir, 2019), Fourier domain (Li and Jiang, 2020), shearlet domain (Wei et al., 2018), 

sparse representation frameworks (Zhang et al., 2020a), and gradient-based domains (Li et al., 2021). These 

approaches can capture multi-scale image features but rely on predefined transforms and handcrafted fusion 

rules. This limits adaptability and leads to suboptimal performance across diverse image structures. These 

constraints have led to the development of data-driven deep learning-based MFIF methods. 

 

In recent years, deep learning algorithms (Ma et al., 2022; Qu et al., 2022) have shown that they can 

automatically learn complex focus-related features. Liu et al. (2017) were the first to deploy a deep 

convolutional neural network for MFIF by generating decision maps that differentiate between focused and 

defocused areas. Bhalla et al. (2022) proposed a Fuzzy CNN that combines fuzzy logic with convolutional 

learning to enhance focus detection and minimize fusion artifacts. Ma et al. (2021) proposed an 

unsupervised encoder-decoder system that identifies discriminative features and utilizes spatial frequency 

metrics for fusion, eliminating the need for ground-truth images. Shao et al. (2024) introduced STCU-Net, 

a U-Net-based architecture that combines Transformer modules and CNNs with depth-information learning 

to capture local structural details and global contextual dependencies simultaneously. Li et al. (2024a) 

presented a denoising diffusion probabilistic model that systematically improved fused outputs through 

iterative noise elimination. 

 

Deep learning-based MFIF approaches have been successful, but they still have certain problems. They 

need large, labeled datasets and have trouble preserving spatial consistency at focus boundaries. These 

constraints make them less reliable in real-world scenarios with complex focus patterns. Generative 

Adversarial Networks (GANs) have emerged to overcome these limitations by utilizing adversarial training 

to enhance the fusion process. These networks allow the model to learn robust, data-driven fusion rules that 

preserve fine details, enhance spatial consistency, and attain superior fusion quality despite limited or 

unlabeled training data. 

 

This paper proposes a GAN-based framework that combines super-resolution and adversarial learning to 

produce fused images with enhanced structural and perceptual details. Designed to strike a balance between 

sharpness, contrast, and information preservation, the model is suitable for complex fusion tasks requiring 

diverse focus areas. 
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1.1 Research Questions 
We formulated a set of research questions to investigate the effectiveness of our proposed method. These 

questions are designed to evaluate the architectural contributions and general performance of the model in 

visual and quantitative aspects. Table 1 shows the research questions and their underlying motivation. 

 
Table 1. Key research questions with corresponding motivations. 

 

Research questions Motivation 

RQ1: How effectively can a GAN model based on 

super-resolution preserve details in multi-focus 
image fusion compared to existing methods? 

The existing CNN and transformer based fusion methods often encounter trade-offs 
between perceptual clarity and the preservation of structural details. SRGAN’s offer a 

promising alternative in this area although its role in multi-focus image fusion is 

underexplored. 

RQ2: How much do architectural advancements 

in the SRGAN framework improve visual and 
quantitative fusion quality? 

The original purpose of the baseline SRGAN architecture was to generate images with 
super-resolution. Adapting the framework for image fusion through refined 

convolutional layers and dual inputs may show improvements. However, the individual 

contributions of architectural changes remain unclear. 

RQ3: Are the improvements achieved by the 
proposed method statistically significant and 

consistent across image fusion metrics? 

Visual improvements are inadequate without strong statistical validation. Fusion 

models often exhibit inconsistent performance across datasets due to variations in focus 

distribution. Hence, there is need to confirm that the observed improvement of 
proposed method is robust and statistically significant. 

 

 

1.2 Contributions and Layout 
This paper presents a GAN-based framework for multi-focus image fusion, designed to overcome the 

limitations of existing fusion approaches in maintaining both high-frequency textures and global 

consistency. The chief contributions of this paper are as follows: 

• A Multi-Focus Super-Resolution Generative Adversarial Network (MF-SRGAN) is proposed by 

redefining multi-focus image fusion as a super-resolution-guided adversarial reconstruction challenge. 

Unlike prior GAN-based fusion methods that depend on decision maps or direct pixel-level blending, the 

proposed method performs end-to-end dual-input feature extraction followed by residual refinement and 

super resolution reconstruction. 

• The framework uses residual learning and pixel-shuffle upsampling to improve the preservation of high-

frequency boundaries. A pre-trained VGG19-based perceptual loss is utilized to ensure structural and 

textural consistency in feature space instead of traditional pixel-wise supervision. 

• A new multi-focus image fusion dataset has been created using a systematic approach derived from the 

COCO dataset. The proposed approach for dataset generation uses binary mask segmentation and 

controlled Gaussian defocus simulation to generate realistic pairs of partially focused images with smooth 

boundary transitions. This technique offers reliable supervision for adversarial learning and improves the 

generalization capacity of MF-SRGAN across various focus patterns. 

 

The remainder of this paper is arranged as follows. Section 2 offers an overview of GAN-based image 

fusion methods in the existing literature and explores the functionality of super-resolution GANs. Section 

3 presents the customized super-resolution GAN model developed specifically for multi-focus image 

fusion. The details of the newly developed dataset, training details, comparative evaluations with state-of-

the-art image fusion methods using visual and quantitative metrics, results of ablation studies, sensitivity 

analysis, significance testing and computational efficiency are outlined in Section 4. Section 5 summarizes 

the findings, provides responses to the research questions, highlights limitations, and explores future 

directions. Section 6 provides the conclusion of this paper. 
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2. Related Works 

2.1 GAN-Based Image Fusion Methods 
Although conventional fusion methods successfully produce reasonably good-quality fused images, they 

display noise and artifacts. These methods have low computational efficiency along with difficulty in 

generalizing the model. In recent years, deep learning techniques have come to the forefront to achieve end-

to-end image fusion through a single model that integrates feature extraction, transformation, and fusion 

steps. Their ability to capture both low-level features such as edges and textures and high-level features 

such as structures is crucial in the field of computer vision (Chai et al., 2021). 

 

GAN was first proposed by Goodfellow et al. (2014) for the purpose of image generation. The basic 

methodology involves two neural networks: a generator that creates realistic samples from random noise 

and a discriminator that can differentiate between real and generated samples. Simultaneously, the two 

networks are trained in a maximum minimum game in which the generator tries to fool the discriminator 

while the discriminator seeks to improve its classification accuracy. This adversarial process, by means of 

backpropagation, enables the generator to approximate the true data distribution without the explicit 

requirement of likelihood estimation. 

 

Several GAN-based methods (Guo et al., 2019; Huang et al., 2020; Li et al., 2023a; Li et al., 2023b; Wang 

et al., 2021; Zhang et al., 2021a) have recently been proposed to use adversarial learning and deep feature 

extraction to improve multi-focus image fusion. These techniques seek to minimize artifacts by improving 

focus region recognition, structural consistency, and boundary region sharpness. Table 2 presents a 

comparative analysis of methods that use GAN variants and their features and limitations. 

 
Table 2. Comparative analysis of existing GAN-based methods. 

 

Reference Method Features Open challenges 

Guo et al. (2019) 

Conditional 

Generative 

Adversarial Network 
(cGAN) 

1. Use of a Siamese network in the generator 

to generate a confidence map. 
2. Implementation of Convolutional 

Conditional Random Fields (ConvCRFs) to 

refine the confidence map. 

1. Training in a limited dataset. 
2. Heavy reliance on confidence maps where 

any inaccuracy can lead to suboptimal fusion. 

Huang et al. (2020) 
Adaptive Constraints 

GAN (ACGAN) 

1. Used adaptive weight blocks to ensure 
fusion without decision maps. 

2. Use of perceptual loss to preserve object 

boundaries. 

1. Lack of structural consistency in complex 
scenes. 

2. Suboptimal performance for images with 

minimal contrast variations. 

Zhang et al. 

(2021a) 
Unsupervised GAN 

1. Used a repeated blur technique to find focus 
areas at the pixel level. 

2. Implemented a joint gradient constraint to 

improve texture details. 

1. Noise in low-light regions may get 

amplified due to network's reliance on 

gradient constraints. 
2. Issues with intricate focus transitions in 

images with highly varying textures. 

Wang et al. (2021) 

Squeeze-and-

Excitation (SE) 

Residual Network 

1. Combines gradient penalty and 

reconstruction loss to enhance edge details. 
2. Mitigated the defocus spread effect by 

generating focus maps for foreground regions. 

1. Increase in computational complexity due 

to the inclusion of multiple parallel branches. 
2. Needs generalization to real-world datasets 

with variations in lighting and textures. 

Li et al. (2023a) 

Siamese Conditional 
Generative 

Adversarial Network 

(SCGAN) 

1. Used Wasserstein Divergence (DIV) 
Optimization to stabilize the discriminator. 

2. Designed structured sparse loss function to 

improve edge clarity. 

1. Complex training process due to joint 
distribution learning and Siamese structure.  

2. Challenges in achieving consistent 

performance over diverse datasets. 

Li et al. (2023b) 

Gradient and 

Intensity Joint 

Proportional 
Constraint GAN 

(GIPC-GAN) 

1. Employed a novel constraint for the 

simultaneous preservation of structural and 

brightness features of the source images. 
2. Use of two encoding paths for better feature 

extraction. 

Increase in computational costs due to dense 

connections and multilayer structure. 
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2.2 Super-Resolution Generative Adversarial Networks 
Traditional GANs in MFIF frequently encounter issues such as unstable training resulting from adversarial 

loss, limitations in accurately capturing fine details of focused areas, and a likelihood of producing artifacts 

in the fused image. They may also lack the ability to adequately preserve the structural integrity of the 

original input images, resulting in unsatisfactory fusion outcomes. The SRGAN framework proposed by 

Ledig et al. (2017) addressed the issue by focusing on the generation of high-resolution images with 

photorealistic features by employing perceptual loss functions to capture texture and fine details. 

 

SRGAN is particularly well suited for MFIF because it can improve the high-frequency content at the fusion 

boundaries. This ensures sharper transitions between focused regions. Transformer-based fusion methods 

depend on global attention mechanisms and often require extensive pre-training. SRGAN is better than 

transformer-based fusion methods because it provides a targeted framework that preserves fine-grained 

textures, local focus regions, and structural boundaries. These qualities are particularly important in multi-

focus fusion tasks. The framework enhances multi-focus image fusion by preserving sharpness and 

structural integrity while reducing artifacts. A novel perceptual loss function integrates content loss, 

calculated from the feature maps of the VGG network, and adversarial loss. The combination of these two 

losses ensures visually combining and structurally precise outputs. The objective function of SRGAN is 

represented as a min-max optimization problem (Goodfellow et al., 2014) as shown below: 

min
𝜃𝐺

max
𝜃𝐷

 𝐸𝐼ℎ𝑟∼𝑃𝑡𝑟𝑎𝑖𝑛(𝐼ℎ𝑟)[log 𝐷𝜃𝐷
(𝐼ℎ𝑟)] + 𝐸𝐼𝑙𝑟∼𝑃𝐺(𝐼𝑙𝑟) [log (1 − 𝐷𝜃𝐷

(𝐺𝜃𝐺
(𝐼𝑙𝑟))]]                                 (1) 

 

Here, min
𝜃𝐺

 max
𝜃𝐷

  represents the adversarial training objective, θG represents the parameters of the generator 

G that seek to minimize the objective of fooling the discriminator, and θD represents the parameters of the 

discriminator D, which aims to maximize the objective of differentiating real images from fake ones. 

 

The term 𝐸𝐼ℎ𝑟∼𝑃𝑡𝑟𝑎𝑖𝑛(𝐼ℎ𝑟) depicts the expectation over high-resolution images Ihr drawn from the real data 

distribution 𝑃𝑡𝑟𝑎𝑖𝑛(𝐼ℎ𝑟) . The discriminator D aims to maximize the log probability of accurately 

recognizing high-resolution images as real (DθD(Ihr) ≈ 1). 

 

The term 𝐸𝐼𝑙𝑟∼𝑃𝐺(𝐼𝑙𝑟) depicts the expectation for low-resolution images (Ilr) processed through the generator 

G to produce super-resolved images (𝐺𝜃𝐺
(𝐼𝑙𝑟)). The discriminator D seeks to maximize the log-probability 

of classifying these generated images as fake (1 − 𝐷𝜃𝐷
(𝐺𝜃𝐺

(𝐼𝑙𝑟))). 

 

The generator’s optimization step is shown in Equation (2). The objective is to train generator G to generate 

high-resolution images 𝐺𝜃𝐺
(𝐼𝑚

𝑙𝑟)). that accurately correspond to the respective high-resolution images of 

the ground truth 𝐼𝑚
ℎ𝑟 . Training minimizes the super-resolution loss function ℒ𝓈𝓇  in all training samples to 

modify the generator’s parameters θG. 

𝜃𝐺̂ = arg min
𝜃𝐺

 
1

𝑀
∑ ℒ𝓈𝓇(𝐺𝜃𝐺

(𝐼𝑚
𝑙𝑟), 𝐼𝑚

ℎ𝑟)𝑀
𝑚=1                                                                                                  (2) 

 

Here, arg min
𝜃𝐺

 represents the process of identifying the generator’s parameters that optimize the specified 

objective function. M is the number of training samples in the current batch. ℒ𝓈𝓇  is super-resolution loss 

function consisting of perceptual loss, which combines content loss and adversarial loss. This loss function 

is crucial to producing high-quality, visually appealing super-resolution images. 
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3. Proposed Method 
MF-SRGAN is an improved version of super-resolution GAN (Ledig et al., 2017) and consists of a 

generator and a discriminator. Unlike existing GAN-based fusion methods, MFSRGAN focuses on 

adversarial training to preserve both global and local textures. In addition, MF-SRGAN upscales fused 

images to enhance clarity and sharpness, while the other techniques operate at standard resolutions. The 

subsequent sections provide details of the architecture of the generator and discriminator, and the loss 

functions used. 

 

3.1 Architecture of Generator 
The generator architecture is shown in Figure 1. A pair of multifocus images are passed as input to 

convolution layer blocks Conv1 and Conv2 with a kernel size of 9 × 9 to preserve spatial information. The 

parametric ReLU function is applied after each convolution for non-linearity. 

 

 
 

Figure 1. Architecture of MF-SRGAN generator network. 

 

 

The core of the generator network consists of 16 residual blocks (Block 1-16) with an identical layout first 

proposed by Gross and Wilber (2016). Each residual block has two convolutional layers with 3 × 3 kernels 

and 64 feature maps followed by batch normalization and PReLU activation functions. The residual blocks 

help the model learn complex residual mappings while preventing the vanishing gradient problem. The 

features extracted from previous layers are further refined using a second convolutional layer with a kernel 

size of 3 × 3 and batch normalization. 
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Two blocks of upsampling layers (blocks 17 and 18) are used to increase the spatial resolution of the feature 

maps. The architecture of this layer has convolutional operations with stride 3 × 3 to introduce learnable 

parameters, batch normalization for stabilization of training, pixel shuffle for upsampling by a factor of 2 

in order to produce a high-resolution image, and a PReLU activation function to introduce nonlinearity. 

 

These upsampling layers, which are based on super-resolution methods, improve the spatial resolution of 

the fused output. They also play an important role in the retention of fine-grained details from source 

images. In multi-focus fusion, high-frequency information at focus boundaries is often lost or blurry. The 

use of pixel-shuffle-based upsampling enhances texture sharpness and elevates spatial clarity in the fused 

image. The super-resolution component improves fusion quality by allowing feature-level refinement 

before the final image is produced. 

 

The final output layer produces the fused image by transforming the feature maps produced by the preceding 

layers. The architecture has two convolutional layers, Conv4 and Conv5, to map the features into the output 

image space. Conv4 has a kernel of size 9 ×  9 to extract more abstract features along with a PReLU 

activation function. Also, Conv4 reduces the size of the feature maps by down sampling the spatial 

dimensions. Conv5 performs another set of convolutional operations to transform the feature maps into 3 

output channels. The tanh activation function is also applied to ensure that the pixel values of the output 

image are within a valid range. Table 3 shows the configuration of each convolutional layer used in the 

generator. 

 
Table 3. Detailed summary of the generator. 

 

Generator Layer Input channels 
Output 

channels 
Kernel size Stride 

Activation 

function 

Input convolution layer Conv1 3 32 9 × 9 1 PReLU 

 Conv2 3 32 9 × 9 1 PReLU 

Residual blocks Block 1-16 64 64 9 × 9 1 PReLU 

Second convolution layer Conv3 64 64 3 × 3 1 - 

Upsampling layer Block 17-18 256 64 3 × 3 1 PReLU 

Output convolution layer Conv4 32 32 9 × 9 2 PReLU 

 Conv5 32 3 5 × 5 2 Tanh 

 
 

3.2 Architecture of Discriminator 
Figure 2 shows the discriminator architecture where several discriminator blocks precede a final 

convolutional layer. 

 

The initial convolutional block, Conv1, has a convolutional layer with a kernel size of 3 ×  3 and a 

LeakyReLU activation function. This layer preserves the spatial dimensions of the input image. The 

subsequent seven blocks (Conv2 - Conv8) all consist of a convolutional layer, a batch normalization layer, 

and a LeakyReLU activation function layer. These sequences of discriminator blocks have filters of 

increasing size (64, 128, 256, 512). Each block increases the number of feature maps while reducing the 

spatial dimensions by 2. The final layer, Conv9, is a 3 × 3 convolutional layers with a single output channel 

that reduces the feature map to a single-channel output to perform the final classification, indicating a real 

or fake image. Table 4 presents the convolutional layer settings used in the discriminator. 
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Figure 2. Architecture of discriminator network. 

 

 

Table 4. Detailed summary of the discriminator. 
 

Layer Input channels Output channels Kernel size Stride Activation function 

Conv1 1 64 3 × 3 1 LeakyReLU 

Conv2 64 64 3 × 3 2 LeakyReLU 

Conv3 64 128 3 × 3 1 LeakyReLU 

Conv4 128 128 3 × 3 2 LeakyReLU 

Conv5 128 256 3 × 3 1 LeakyReLU 

Conv6 256 256 3 × 3 2 LeakyReLU 

Conv7 256 512 3 × 3 1 LeakyReLU 

Conv8 512 512 3 × 3 1 LeakyReLU 

Conv9 512 1 3 × 3 1 - 

 

 

3.3 Loss Functions 
Loss functions in GANs are crucial for balancing the adversarial game between the generator and the 

discriminator. These functions guide the generator to provide realistic outputs while allowing the 

discriminator to differentiate between real and generated data. The MF-SRGAN network uses generator 

loss and discriminator loss. 

 

3.3.1 Loss Function of Generator 
The generator loss is intended to train the generator to create high-quality and perceptually precise high-

resolution images and is a combination of content loss (ℒ𝒸ℴ𝓃𝓉ℯ𝓃𝓉 ) and adversarial loss (ℒ𝒶𝒹𝓋) . The 

mathematical equation is shown as follows: 

ℒ𝐺 = ℒ𝒸ℴ𝓃𝓉ℯ𝓃𝓉 + 𝜆ℒ𝒶𝒹𝓋                                                                                                                             (3) 
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Here, λ = 10−3 is a scaling factor to balance the influence of adversarial loss. 

 

The content loss guides the generator to prioritize high-level structural fidelity and ensures that the fused 

image preserves relevant details (e.g., edges, textures) from both the input images. We compute the content 

loss as the L1 norm of the difference between the feature representations of the generated fused image and 

the fully focused ground truth image as extracted by pretrained VGG19 network which is shown in Equation 

(4). The feature extractor uses the first 18 layers of VGG19 to capture hierarchical texture and structure 

information. These layers are known to be good at maintaining perceptual similarity. 

ℒ𝑐𝑜𝑛𝑡𝑒𝑛𝑡 =
1

𝑁
∑ ||𝑁

𝑖=1 Φ(𝑓(𝐼𝑎 , 𝐼𝑏))
𝑖

− Φ(𝐼𝑔𝑡)
𝑖
||                                                                                          (4) 

 

Here, ∥ · ∥ represents the L1 norm or the mean absolute error. f(Ia,Ib) is the fused image generated by the 

model. Igt is the ground truth image. Φ(f(Ia,Ib) represents the feature map of the fused image, while Φ(Igt) is 

the feature map of the ground truth image. The function Φ(.) is the output of the first 18 layers of a VGG19 

network pretrained on ImageNet. It turns images into a high-dimensional feature space that captures 

perceptual content. 

 

The adversarial loss ensures that the generator produces fused images that the discriminator is unable to 

differentiate from real, fully focused images. This is accomplished by training the generator to maximize 

the discriminator’s probability of categorizing the fused image as a real, fully focused image. The 

generator’s goal is to minimize the adversarial loss, which is defined as follows: 

ℒ𝒶𝒹𝓋= −𝐸𝐼𝑎,𝐼𝑏∼𝑃𝑑𝑎𝑡𝑎
[log 𝐷 (𝑓(𝐼𝑎, 𝐼𝑏))]                                                                                                      (5) 

 

Here, EIa,Ib∼Pdata represents the expectation for all pairs of input images Ia, Ib sampled from the true data 

distribution Pdata. The negative sign signifies that this loss is minimized throughout training to encourage 

the generator’s production of more realistic outputs. f(Ia,Ib) is the fused image created by the generator. The 

discriminator D assigns a probability score to f(Ia,Ib), determining if it is real (closer to 1) or fake (closer to 

0). The term logD(f(Ia,Ib)) represents the logarithm of the discriminator’s score, highlighting the confidence 

of classification. 

 

3.3.2 Loss Function of Discriminator 
The discriminator loss for the fused image ensures that the discriminator acquires the ability to differentiate 

between real, fully focused images and the generated fused images. It is a combination of two components: 

loss for real images and loss for generated fake images. 

 

For real images, the discriminator should output a value close to 1, signifying accurate identification of the 

image as real. The loss for real images is computed using Mean Squared Error (MSE) as shown below: 

ℒ𝑟𝑒𝑎𝑙 =
1

𝑁
∑ (𝐷 (𝐼𝑔𝑡

(𝑖)
) − 1)

2
𝑁
𝑖=1                                                                                                                    (6) 

 

Here, 𝐷 (𝐼𝑔𝑡
(𝑖)

) represents the output of the discriminator for the i−th real image, and N is the batch size. 

 

For generated (fused) images, the discriminator should output a value close to 0, signifying accurate 

identification of the image as fake. The loss for generated or fake images is shown below: 

ℒ𝑓𝑎𝑘𝑒 =
1

𝑁
∑ (𝐷 (𝑓 (𝐼𝑎

(𝑖)
, 𝐼𝑏

(𝑖)
)) − 0)

2
𝑁
𝑖=1                                                                                                     (7) 
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Here, 𝐷 (𝑓 (𝐼𝑎
(𝑖)

, 𝐼𝑏
(𝑖)

)) represents the output of the discriminator for the i-th fake image. N is the batch size, 

i.e., the number of images processed in a single forward/backward pass during model training. 

 

The total discriminator loss is computed as the average of the losses for real and fake images, as shown in 

the following equations: 

ℒ𝒟 =
1

2
(ℒ𝑟𝑒𝑎𝑙 + ℒ𝑓𝑎𝑘𝑒)                                                                                                                               (8) 

ℒ𝒟 =
1

2𝑁
∑ [(𝐷 (𝐼𝑔𝑡

(𝑖)
) − 1)

2
+ (𝐷 (𝑓 (𝐼𝑎

(𝑖)
, 𝐼𝑏

(𝑖)
)) − 0) 2]𝑁

𝑖=1                                                                      (9) 

 

Here, 1/2 represents a scaling factor to ensure that the inputs of the real and fake terms are equal. The term 
𝟏

𝑵
∑  𝑵

𝒊=𝟏 represents the average of a batch of size N. The term 𝐷 (𝐼𝑔𝑡
(𝑖)

) is the output of the discriminator for 

the i−th real image. The term 𝐷 (𝑓 (𝐼𝑎
(𝑖)

, 𝐼𝑏
(𝑖)

)) represents the output of the discriminator for the i−th fake 

image generated by f. 

 

4. Experiments and Results 
This section provides details of the datasets utilized, including a description of the test dataset and the 

methodology followed to generate the training dataset. We also specify the training configuration of the 

proposed model, including hyperparameters, optimization strategies, and implementation details. The 

environment configuration used for the experiments is also discussed. We present both visual and 

quantitative evaluation results, comparing the performance of our method with that of a few baseline multi-

focus MFIF models. The results of sensitivity analysis and significance testing are also provided. Finally, 

we present the results of the ablation experiments performed on the proposed model. 

 

4.1 Datasets 
We used four datasets for our experiments. The Lytro dataset (Nejati et al., 2015), MFIWHU dataset (Zhang 

et al., 2021a) and a real-world dataset were used for testing purposes. Another multi-focus dataset was 

constructed for training purposes by segmenting and processing images from the publicly available COCO 

dataset. This dataset was selected for its extensive representation of indoor (e.g. kitchens, drawing rooms) 

and outdoor scenes (e.g. parks, urban areas). The dataset has objects from several categories such as 

humans, animals, vehicles, and small portable items. This ensures diversity in terms of spatial structure, 

object scale, and texture. 

 

Each image of the COCO dataset was split into two separate focus areas based on binary masks. Both binary 

masks were dilated utilizing a structuring element (elliptical kernel of dimensions 21× 21) to ensure a 

smoother transition at the boundaries of the mask and prevent artifacts resulting from dark pixels. The 

image was split into two regions using binary masks, and random blur was applied using odd-numbered 

kernel size to introduce variation in blur. For each segmented region, the blurred area was merged with the 

original image via binary masks to produce two partially focused images. Figure 3 provides a side-by-side 

visual comparison of real and synthetically generated blur. The first image is an all-focus scene, while the 

second image depicts real-world blur obtained under practical imaging conditions. The subsequent images 

depict the synthetically generated near-focus and far-focus counterparts created using complementary 

binary masks and Gaussian blur. 
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Figure 3. Side-by-side comparison of real and synthetically generated defocus blur. 

 

 

The generated multi-focus image pair is represented by the equations below: 

𝐼𝑎(𝑚, 𝑛) = 𝑀𝑎(𝑚, 𝑛) ⋅ 𝐼(𝑚, 𝑛) + 𝑀𝑏(𝑚, 𝑛) ⋅ (𝐺(𝑚, 𝑛; 𝐾) × 𝐼(𝑚, 𝑛))                                                        (10) 

𝐼𝑏(𝑚, 𝑛) = 𝑀𝑏(𝑚, 𝑛) ⋅ 𝐼(𝑚, 𝑛) + 𝑀𝑎(𝑚, 𝑛) ⋅ (𝐺(𝑚, 𝑛; 𝐾) × 𝐼(𝑚, 𝑛))                                                    (11) 

 

Here, Ia(m, n) is the partially focused image A and Ib(m, n) is the partially focused image B. I(m, n) is the 

original input image from the COCO dataset that serves as the source to produce partially focused images. 

Ma(m, n) represents the binary mask that defines the region of the image that needs to retain sharpness, 

while Mb(m, n) is the binary mask that defines the region of the image that needs to be blurred. The term 

G(m, n; K) × I(m, n) represents the convolution of the Gaussian blur kernel G of size K × K with the original 

image I, which simulates a defocus effect for the image. 

 

The fully focused ground truth image is represented by equation below: 

𝐼𝑅𝐸𝑆(𝑚, 𝑛) = 𝐼(𝑚, 𝑛)                                                                                                                                 (12) 

 

Here, I(m, n) is the original input image from the COCO dataset. 

 

Three corresponding images were generated for each image in the COCO dataset. These were Image A 

(focused on Mask A), Image B (focused on Mask B), and Image Res (original image as reference image). 

This process provided 30,000 images for the training process from the 10,000 images initially selected from 

the COCO dataset. The dataset generation pipeline is available at https://github.com/Shatabdi22/MF-

SRGAN-DatasetGeneration 

 

The Lytro dataset contains 20 image pairs of categories such as Golf, Scuba, Gym, Lock, Model, etc. The 

MFI-WHU dataset comprises 120 image pairs specially designed for research in multi-focus image fusion. 

Each pair consists of images with distinct focal points, generated by employing Gaussian blurring to 

simulate diverse focus settings. Both Lytro and MFI-WHU were used as test datasets without any 

augmentation. The real-world data set consisted of 5 pairs of indoor and 5 pairs of outdoor images. These 

images were acquired under controlled conditions using a fixed camera arrangement to ensure spatial 

alignment while altering the focal depth. 

 

4.2 Training Details 
Algorithm 1 gives a brief overview of the training process. 

 

 

 

https://github.com/Shatabdi22/MF-SRGAN-DatasetGeneration
https://github.com/Shatabdi22/MF-SRGAN-DatasetGeneration
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Algorithm 1 The Training Process 

 
1: Network Initialization: 

2: Set loss functions (Content Loss and Adversarial Loss); 

3: for 100 epoch do 

4: for each iteration in the training dataset do 

5: Step 1: Train the Generator 

6: Select input multi-focus image pairs (Ia,Ib); 

7: Generate the fused image If; 

8: Compute the Content Loss between If and the ground truth image Igt; 

9: Compute the Adversarial Loss using the Discriminator’s output; 

10: Compute the total Generator Loss; 

11: Update the Generator G; 

12: Step 2: Train the Discriminator 

13: Compute the Discriminator Loss for the real image Igt; 

14: Compute the Discriminator Loss for the generated image If; 

15: Compute the total Discriminator Loss; 

16: Update the Discriminator D; 

17: end for 

18: Save model checkpoints periodically; 

19: end for 

 
 

The training time epochs are set to n epochs =100. The batch size is configured to 4 at a time during each 

iteration of the training. The Adam optimizer is used to calculate the adaptive learning rates, which helps 

to achieve faster convergence by adjusting the learning rate of each parameter. The exponential decay rate 

for the first moment estimate β1 is set to 0.5, while the exponential decay rate for the second moment 

estimate, β2, is set to 0.999. The learning rate of the generator and discriminator is set to 0.0002. The entire 

training process took about 16 hours. 

 

The hyperparameters of the loss functions in our model for multi-focus image fusion are determined based 

on existing literature (Ledig et al., 2017) and experimental validation. The generator loss function integrates 

content loss and adversarial loss, weighted by a parameter λ = 10−3 that maintains the balance between 

perceptual similarity and realism in the fused images produced. To compute content loss, we apply L1 loss 

to the feature maps of the generated and ground-truth images, which are obtained by a pre-trained feature 

extractor (VGG). The adversarial loss, computed as the MSE loss, evaluates the discriminator’s ability to 

categorize the generated images as real. In this implementation, real and fake labels are chosen as yreal = 1 

and yfake = 0, respectively. 

 

4.3 Experimental Comparisons 

4.3.1 Fusion Performance Metrics 
Assessing the quality of fused images in multi-focus image fusion is an essential and complex task that 

necessitates a combination of visual and quantitative evaluation techniques. The qualitative/visual 

evaluation emphasizes human perception, examining the visual appeal and efficacy of the fusion in relation 

to the human visual system. It ensures that the fused image maintains perceptual clarity, with both focused 

areas and transitions appearing natural to the human eye. 
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Quantitative evaluation is crucial for delivering an objective assessment of fusion performance. The process 

entails the analysis of the fused image through mathematical and statistical methods to verify its effective 

integration of information from all source images and its accurate representation of the scene. The 

combination of both approaches ensures a comprehensive assessment, in which visual metrics evaluate 

perceptual significance, and quantitative metrics offer statistical confirmation of fusion accuracy and 

information retention. 

 

To ensure a comprehensive evaluation, we utilize four categories of metrics typically employed in multi-

focus image fusion (Liu et al., 2012): information theory-based metrics, image feature-based metrics, image 

structural similarity metrics, and human perception inspired metrics. 

 

In this paper, we select six performance metrics such as Entropy, Mutual Information (information theory-

based metrics), Standard Deviation and Spatial Frequency (image feature-based metrics), Correlation 

Coefficient (image structural similarity metric), and Visual Information Fidelity (human perception-

inspired metric). The description and calculation formula for the metrics is provided in Table 5. 

 
Table 5. Computation of performance metrics. 

 

Metric Description Formula Best value 

Entropy  
Li et al. (2023b) 

Measures the amount of 
information in a fused image 

𝐸𝑁 = ∑ 𝑃𝑖
255
𝑖=0 log (

1

𝑃𝑖
)  

 

where, 

𝑃𝑖 shows the normalized frequency of intensity level i in an 8-

bit grayscale image. 

Higher 

Mutual Information 
Feng et al. (2022) 

Measures the consistency of 

content between source and 

fused images 

𝑀𝐼 = 𝑀𝐼𝐵𝐹 + 𝑀𝐼𝐻𝐹 

 

where, 

𝑀𝐼𝐵𝐹 = ∑ ∑ 𝑝𝐵𝐹(𝑏, 𝑓) log2
𝑝𝐵𝐹(𝑏,𝑓)

𝑝𝐵(𝑏)𝑝𝐹(𝑓)
𝐿
𝑏=0

𝐿
𝑓=0  ,  

𝑀𝐼𝐻𝐹 = ∑ ∑ 𝑝𝐻𝐹(ℎ, 𝑓) log2
𝑝𝐻𝐹(ℎ,𝑓)

𝑝𝐻(ℎ)𝑝𝐹(𝑓)
𝐿
ℎ=0

𝐿
𝑓=0   

 

Here, 𝑀𝐼𝐵𝐹   and 𝑀𝐼𝐻𝐹  quantify the mutual information 

between the source images and the fused image. 𝑝𝐵(𝑏), 𝑝𝐻(ℎ) 

and 𝑝𝐹(𝑓) represent the probability distribution of the source 

and fused images. 

 

𝑝𝐵𝐹(𝑏, 𝑓)  and 𝑝𝐻𝐹(ℎ, 𝑓)  depict the co-occurrence histograms 

between the source images and fused image, respectively. 

Higher 

Standard Deviation 
Liu et al. (2024) 

Measures the dispersion of 

pixel intensity values relative 

to the mean 

𝑆𝐷 = √
1

𝑆×𝑅
∑ ∑ (𝐹𝑖𝑚 − 𝐹̅)2𝑅

𝑚=1
𝑆
𝑖=1   

 

where, 

𝐹̅ =
1

𝑆×𝑅
∑ ∑ |𝐹𝑖𝑚|𝑅

𝑚=1
𝑆
𝑖=1   

 

Here, S is height of the image and R is width of the image. 𝐹𝑖𝑚 

is the value of intensity at row i and column m. 𝐹̅ is the mean 

intensity calculated as the average of all pixel values in an 
image. 

Higher 
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Table 5 continued… 

 

Spatial Frequency 

Li et al. (2023c) 

Measures the variations in 

pixel intensity 

𝑆𝐹 =
1

𝑀×𝑄
∑ ∑ 𝐺(𝑚, 𝑞)𝑄

𝑞=1
𝑀
𝑚=1   

 

where, 

𝐺(𝑚, 𝑞) = √(𝐹𝑥(𝑚, 𝑞))
2

+ (𝐹𝑦(𝑚, 𝑞))
2

  

 

The term 𝐹𝑥(𝑚, 𝑞) = 𝐹(𝑚, 𝑞) − 𝐹(𝑚, 𝑞 − 1)  shows the 

horizontal gradient approximations using finite differences. 
 

The term 𝐹𝑦(𝑚, 𝑞) = 𝐹(𝑚, 𝑞) − 𝐹(𝑚 − 1, 𝑞)  shows the 

vertical gradient approximations using finite differences. M and 

Q are the dimensions of the image. 

Higher 

Correlation Coefficient 

Wang et al. (2024a) 

Measures the linear 
relationship between source 

and fused image 

𝐶𝐶 = √∑ ∑ (𝐹𝑡(𝑗,𝑘)−𝐹𝑓(𝑗,𝑘))
2

𝑆
𝑘=1

𝑀
𝑗=1

𝑀×𝑆
  

 
where, 

M and S shows number of columns and rows in the images 

respectively, 𝑀 × 𝑆  represents the total number of pixels, 

𝐹𝑡(𝑗, 𝑘)  and 𝐹𝑓(𝑗, 𝑘)  represents the pixel intensity values of 

source images and fused image at location (𝑗, 𝑘). 

Closer to +1 

Visual Information 

Fidelity 
Feng et al. (2022) 

Measures the accuracy of 

visual information preserved 

in the fused image through 
human visual perception 

model 

𝑉𝐼𝐹 =
∑ ∑ log(1+

𝑔𝑛
2 𝜆𝑑
𝜎𝑣

2 )𝐷
𝑑=1

𝑁
𝑛=1

∑ ∑ log(1+
𝜆𝑑
𝜎𝑛

2 )𝐷
𝑑=1

𝑁
𝑛=1

  

 

where, 

𝜆𝑑 represents the eigenvalues of the covariance matrix of the 

source image in the 𝑑 − 𝑡ℎ spatial block. 𝜎𝑣
2 and 𝜎𝑛

2 shows the 

variance of noise in the fused and source image respectively. 

The term 𝑔𝑛  indicates the gain factor modeling fusion in 

subband 𝑛. 
 
N is the count of subbands and D is the number of spatial 

blocks. 

Higher 

 

 

To assess the effectiveness of the proposed model, we compare our MF-SRGAN model with five state-of-

the-art fusion techniques i.e., IFCNN (Zhang et al., 2020b), MFIF-GAN (Wang et al., 2021), ECNN (Amin-

Naji et al., 2019), MiT (Karacan, 2023), and MADCNN (Lai et al., 2019). 

 

4.3.2 Visual Analysis on Lytro Dataset 
We chose two image pairs from the Lytro dataset and visually examined them to confirm the advantages of 

our MF-SRGAN model over other current methods. 

 

Each pair has near-focused and far-focused images. Figure 4(a) is a near-focused image, since the man 

holding the golf club in the foreground appears clear. But the flag and the grass field in the background are 

clearly blurred. This shows that the camera was focused on objects closer to the lens. On the other hand, 

Figure 4(b) is called “far-focused” because the background, notably the checkered flag and the distant grass 

field, is quite clear. However, the man in the foreground looks blurry. This shows that the camera was set 

up to focus on distant objects rather than the nearby things. These two images show a typical multi-focus 

image pair, where different parts of a scene are in focus in each image. 
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The results of fusion are shown in Figures 4 to 6. We chose two details among these two sets of image pairs 

for analysis. These details were marked with green and red rectangles and magnified. We have shown the 

zoomed-in portions from the “Gym” image pair as a representative set for further visual analysis. 

 
   

 
(a) Near-focused (b) Far-focused (c) IFCNN (d) MFIF GAN 

   

 
(e) ECNN (f) MiT (g) MADCNN (h) MF-SRGAN (ours) 

 

Figure 4. Visual comparison of MF-SRGAN with five state-of-the-art methods on the “Golf” image pair from the 

Lytro dataset. Green and red boxes show zoomed regions of the field texture and the golf club, respectively, used to 

assess detail preservation after fusion. 

 

 

 

 

  

(a) Near-focused (b) Far-focused (c) IFCNN (d) MFIF GAN 

 

   

(e) ECNN (f) MiT (g) MADCNN (h) MF-SRGAN(ours) 
 

Figure 5. Visual comparison of MF-SRGAN with five state-of-the-art methods on the “Gym” image pair from the 

Lytro dataset. Green and red boxes show zoomed regions of the chain link fence and player in jersey, respectively, 

used to assess detail preservation after fusion. 
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As observed in the enlarged part of Figure 4, our model shows a good focus and sharpness of the golf club 

in the boundary region. Clear fusion artifacts are visible in the transition regions between the nearby field 

and the golf club for the other five methods, emphasizing the challenges in seamlessly merging the focal 

planes. The color tones in the green highlighted regions of our method are well preserved, demonstrating a 

natural mixing of hues without discernible distortions. For the other methods, the grass and field areas 

exhibit irregular color blending or fading. 

 

Figure 5 shows the fusion results of the six methods in the “Gym” image pairs. Initial inspection of the 

images shows that the proposed method provides better visual coherence between foreground and 

background. 

 

   

 
(a) IFCNN (b) MFIF-GAN 

   

 
(c) ECNN (d) MiT 

   

 
(e) MADCNN (f) MF-SRGAN 

 

Figure 6. Zoomed-in visual comparison of MF-SRGAN with five state-of-the-art methods on the “Gym” image pair 

from the Lytro dataset. 

 

 

To enable better analysis, Figure 6 provides zoomed-in visual comparisons of the green highlighted area 

(fence) and the red highlighted area (player in jersey). It can be observed from the green highlighted area 

in Figure 6 that our model effectively preserves the fine details of the chain link fence with the contrast 

between the fence and the background being sharply defined to ensure clear separation. In the other five 

methods, the chain link fence either dominates or interferes, resulting in ambiguous blending and uneven 
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focus distribution. The player in the red highlighted region stands vividly against the background with 

recognizable details of the jersey. In the other methods, the details are partially defocused, reducing the 

visual realism of the fused image. 

 

4.3.3 Comparative Analysis on Lytro Dataset 
The six metrics mentioned in this section are used for the quantitative evaluation of 20 pair of images from 

the Lytro dataset with the MF-SRGAN model and five different methods. The results are shown in Figures 

7 to 12. The top three averages of each metric have been highlighted with red, green, and blue fonts, 

respectively, on the chart. 

 

As shown in Figure 7, MF-SRGAN achieves the highest average Spatial Frequency (SF) value with a 

4.75% improvement over MFIF-GAN. This shows that the proposed model improves texture sharpness 

better than its counterparts. 

 

 
 

Figure 7. Comparison of spatial frequency metric on twenty image pairs of Lytro dataset. 

 

 

The entropy values for all methods are shown in Figure 8, and MF-SRGAN achieves the highest Entropy 

(EN) of 7.5339. With a 0.105% improvement over the next-best-performing model of MFIF-GAN, the 

proposed model shows a slight but consistent advantage in retaining image information. 
 
 

 
 

Figure 8. Comparison of entropy metric on twenty image pairs of Lytro dataset. 
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Figure 9 compares the values of Mutual Information (MI) for different models. With an average MI value 

of 6.1251, MF-SRGAN shows better preservation of common information between source and fused 

images. The proposed model has a 1.8% improvement over MADCNN, which is the next best-performing 

model. 

 

 
 

Figure 9. Comparison of mutual information metric on twenty image pairs of Lytro dataset. 

 

 

Our model is second in the Standard Deviation (SD) metric as shown in Figure 10, where it is 0.0382 lower 

than the top-ranked method of MADCNN. 

 

 
 

Figure 10. Comparison of standard deviation metric on twenty image pairs of Lytro dataset. 

 

 

The graph in Figure 11 shows the values of the Correlation Coefficient (CC) for six methods. MF-SRGAN 

achieves the highest CC value of 0.9790 with a 0.307% improvement over IFCNN, which is the second 

best-performing model. This result demonstrates that the proposed model achieves superior preservation of 

structural details and essential features in the fused image. 



Basu et al.: MF-SRGAN: A Super-Resolution Generative Adversarial Network for Multi … 
 

1245 | Vol. 11, No. 3, 2026 

 
 

Figure 11. Comparison of correlation coefficient metric on twenty image pairs of Lytro dataset. 

 

 

The Visual Information Fidelity (VIF) metric measures how effectively the fused image preserves the 

perceptual information compared to the source images. As shown in the graph of Figure 12, MF-SRGAN 

has the highest VIF score with an improvement of 1.21% over MADCNN. This indicates a better 

preservation of structural and perceptual information compared to other models. 

 

 
 

Figure 12. Comparison of visual information fidelity metric on twenty image pairs of Lytro dataset. 

 

 

The results in Table 6 indicate that the MF-SRGAN model exhibits the best fusion performance compared 

to the other five methods for the Lytro dataset. The improvements noted in SF, MI, and VIF demonstrate 

that MF-SRGAN successfully preserves high frequency components at focus boundaries. Unlike the 

traditional methods, the super resolution framework in MF-SRGAN improves feature representations 

before reconstruction. This makes it easier to reconstruct boundary areas where focused and defocused 

areas intersect. 
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Table 6. Average score of six performance metrics on Lytro dataset. 
 

Metric IFCNN MFIF-GAN ECNN MiT MADCNN MF-SRGAN 

SF 19.3977 19.4915 19.4377 19.4770 19.3647 20.4175 

EN 7.5240 7.5260 7.5206 7.5244 7.5215 7.5339 

MI 5.0056 5.7633 5.7247 5.7653 6.0168 6.1251 

SD 61.5134 61.6046 61.5620 61.6116 61.6622 61.6240 

CC 0.9760 0.9741 0.9741 0.9742 0.9744 0.9790 

VIF 0.9345 0.9380 0.9340 0.9376 0.9412 0.9526 

 

 

4.3.4 Visual Analysis on MFI-WHU Dataset 
The visual analysis of the MF-SRGAN model with other existing algorithms has been carried out on three 

image pairs from the MFI-WHU data set. The results are shown in Figures 13 to 15. 

 

As observed in the zoomed-in portions of Figure 13, our model shows sharp edge preservation and fine 

details of the tree that easily differentiate it from its background. The five existing methods demonstrate 

blurring and loss of high-frequency details in the region surrounding the tree trunk and branches. In 

addition, edge artifacts result in inconsistent focus and soft edges. The magnified sections of the rock 

formation capture the natural texture of the surface and are devoid of any noticeable boundary artifacts. The 

images of the rock from existing methods exhibit a loss of texture fidelity. This results in unnaturally smooth 

surfaces and reduced sharpness in all methods. 

 

 

   

 
(a) Near-focused (b) Far-focused (c) IFCNN (d) MFIF GAN 

   

 
(e) ECNN (f) MiT (g) MADCNN (h) MF-SRGAN (ours) 

 

Figure 13. Visual comparison of MF-SRGAN with five state-of-the-art methods on the “Desert Plant” image pair 

from the MFI-WHU dataset. Green and red boxes show zoomed regions of the tree and rock formation, respectively, 

used to assess detail preservation after fusion. 

 

 

Figure 14 shows the fusion results of the six methods in the “Diner” image pairs. The result of the proposed 

method makes the overall visual balance between the foreground and background appear more natural. 
 

 

 



Basu et al.: MF-SRGAN: A Super-Resolution Generative Adversarial Network for Multi … 
 

1247 | Vol. 11, No. 3, 2026 

   

 
(a) Near-focused (b) Far-focused (c) IFCNN (d) MFIF GAN 

   

 
(e) ECNN (f) MiT (g) MADCNN (h) MF-SRGAN (ours) 

 

Figure 14. Visual comparison of MF-SRGAN with five state-of-the-art methods on the “Diner” image pair from the 

MFI-WHU dataset. Green and red boxes show zoomed regions of the route 66 sign and blue door, respectively, used 

to assess detail preservation after fusion. 
 

 

   

 
(a) IFCNN (b) MFIF-GAN 

   

 
(c) ECNN (d) MiT 

   

 
(e) MADCNN (f) MF-SRGAN 

 

Figure 15. Zoomed-in visual comparison of MF-SRGAN with five state-of-the-art methods on the “Diner” image 

pair from the MFI-WHU dataset. 

 

For a more detailed assessment, Figure 15 displays zoomed-in comparisons of the areas marked in green 

(Route 66 sign) and red (blue door and wall boundary). The green highlighted area in Figure 15 shows the 
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route 66 sign from our model with easily readable text. The edges of the sign are sharp, and the background 

seamlessly integrates without loss of detail. The other five methods demonstrate blurring and loss of 

sharpness in the route 66 sign characterized by soft text edges. This feature disrupts the clarity expected in 

flat areas with high contrast. The door area indicated in the red highlighted box exhibits color accuracy and 

edge sharpness in our model. The magnified portion of the door area shows over-smoothing and inconsistent 

focus blending, resulting in an unnatural appearance across all other methods. 

 

4.3.5 Comparative Analysis on MFI-WHU Dataset 
To further evaluate the efficacy of the fusion of the MF-SRGAN model, we compared it with five other 

existing methods on 20 image pairs from the MFI-WHU dataset. The results are presented in Figures 16 to 

21. The top three averages of each metric have been highlighted with red, green, and blue fonts, respectively, 

on the chart. 

 

Figure 16 shows the Spatial Frequency values for the comparative models. This metric measures the degree 

of texture and edge information in an image. MF-SRGAN shows a 0.67% improvement over the second-

best ECNN model and has the highest SF score in the MFI-WHU dataset. This shows that the proposed 

model can preserve finer details and leads to sharper and visually enriched fused images. 

 

 
 

Figure 16. Comparison of spatial frequency metric on twenty image pairs of MFI-WHU dataset. 
 

 

 
 

Figure 17. Comparison of entropy metric on twenty image pairs of MFI-WHU dataset. 
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Figure 17 shows that MF-SRGAN achieves the highest entropy value of 7.4805, surpassing the nearest 

performing model of IFCNN by 0.53%. This implies that MF-SRGAN preserves better feature diversity 

and contrast, thereby creating more informative fused images compared to other models. 
 

Figure 18 shows the values of the Mutual Information metric for the comparative methods. This metric 

measures the degree of shared information between the fused and source images. MF-SRGAN outperforms 

the second-best ECNN model by 2.25% by achieving the highest MI value. 

 

 
 

Figure 18. Comparison of mutual information metric on twenty image pairs of MFI-WHU dataset. 

 

 

 
 

Figure 19. Comparison of standard deviation metric on twenty image pairs of MFI-WHU dataset. 

 

 

The values of the Standard Deviation metric for the six models, which evaluates the intensity and contrast 

variations in the fused images, are shown in Figure 19. MF-SRGAN surpasses ECNN by 1.12% in the 

MFI-WHU dataset with the best SD value of 52.5694. This shows that MF-SRGAN improves the variation 

in pixel intensities and produces visually richer fused images compared to the other five methods. 
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As observed in Figure 20, the value of the correlation coefficient for MF-SRGAN is 0.0061 lower than the 

top-ranked model of ECNN. 

 

 
 

Figure 20. Comparison of correlation coefficient metric on twenty image pairs of MFIWHU dataset. 

 

 

 
 

Figure 21. Comparison of visual information fidelity metric on twenty image pairs of MFI-WHU dataset. 

 

 

Figure 21 shows that MF-SRGAN achieves the highest Visual Information Fidelity score of 0.9740, which 

is 0.66% better than ECNN. MF-SRGAN is therefore a preferable option for high-fidelity image fusion 

since it preserves finer image details and improves perceptual similarity to the reference image better than 

competing methods. 

 

The scores in Table 7 indicate that the fused images produced by MF-SRGAN display enhanced sharpness, 

richer details, and better retention of relevant features from the source images of MFI-WHU dataset while 
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maintaining superior perceptual quality. The steady gains in SF and MI indicate that edge energy and 

structural content are better preserved at focus boundaries. Higher VIF scores show that focus areas have 

better perceptual sharpness. 

 
Table 7. Average score of six performance metrics on MFI-WHU dataset. 

 

Metric IFCNN MFIF-GAN ECNN MiT MADCNN MF-SRGAN 

SF 22.1149 24.1970 24.3340 24.2421 21.1437 24.4985 

EN 7.4410 7.2012 7.2651 7.2314 7.1942 7.4805 

MI 5.6606 5.7782 5.8332 5.6910 5.6306 5.9646 

SD 51.3597 51.9082 51.9878 51.9193 51.3273 52.5694 

CC 0.9590 0.9658 0.9814 0.9699 0.9563 0.9753 

VIF 0.9539 0.9566 0.9676 0.9650 0.9525 0.9740 

 
 

4.3.6 Visual Analysis on Real-World Images 
The visual analysis of the MF-SRGAN model with other existing algorithms has been carried out on two 

image pairs from the real-world data set. The results for the pair of indoor images are shown in Figures 22 

to 23. As shown in Figure 22, the proposed MF-SRGAN produces images with visually sharper structures 

and more natural foreground-background transitions than the comparative methods. 

 

   

 

(a) Near-focused (b) Far-focused (c) IFCNN (d) MFIF GAN 

   

 

(e) ECNN (f) MiT (g) MADCNN (h) MF-SRGAN (ours) 

 

Figure 22. Visual comparison of MF-SRGAN with five state-of-the-art methods on the indoor image pair from the 

real-world dataset. 

 

 

Figure 23 shows the zoomed-in comparisons of areas highlighted in green (the text “DATA”) and red (the 

character “C”). The fine text structures in “DATA” are preserved with sharper stroke boundaries. The 

character contours in the red highlighted region are well defined with minimal smoothing. This shows 

retention of high-frequency details and consistent focus blending. The five comparative methods show 

attenuation of edge sharpness in green and red highlighted areas. Text strokes appear slightly diffused and 

softened, suggesting inadequate preservation of discriminative details during fusion. 
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(a) IFCNN (b) MFIF-GAN 

   

 
(c) ECNN (d) MiT 

   

 
(e) MADCNN (f) MF-SRGAN 

 

Figure 23. Zoomed-in visual comparison of MF-SRGAN with five state-of-the-art methods on the indoor image 

pair from the real-world dataset. 

 

 

   

 
(a) Near-focused (b) Far-focused (c) IFCNN (d) MFIF GAN 

   

 
(e) ECNN (f) MiT (g) MADCNN (h) MF-SRGAN (ours) 

 

Figure 24. Visual comparison of MF-SRGAN with five state-of-the-art methods on the outdoor image pair from the 

real-world dataset. 
 
 

The results for the outdoor image pair are shown in Figure 24. The proposed method preserves the fine 

texture details of the flower petals and the structural contours of the building arch in the background. The 



Basu et al.: MF-SRGAN: A Super-Resolution Generative Adversarial Network for Multi … 
 

1253 | Vol. 11, No. 3, 2026 

comparative approaches show substantial blur retention in the backdrop arches. The images show slight 

loss of high-frequency features in the floral region. This indicates incomplete focus integration. 

 

4.3.7 Comparative Analysis on Real-World Images 
We conducted a comparative assessment on 10 pairs of real-world images to confirm the generalization 

capacity of the proposed model. Table 8 shows the average quantitative results for six performance metrics, 

comparing MF-SRGAN with five other methods. According to the table, MF-SRGAN achieves the highest 

values in all metrics except the correlation coefficient. This indicates superior information retention and 

preservation of details. These results show the effectiveness of the proposed model in real-world scenarios. 

 
Table 8. Average score of six performance metrics on real-world dataset. 

 

Metric IFCNN MFIF-GAN ECNN MiT MADCNN MF-SRGAN 
SF 14.6742 14.9631 15.1057 15.2625 13.9833 16.4268 
EN 6.9183 7.1065 7.2312 7.2156 6.7334 7.2527 
MI 2.6514 2.7655 2.9614 2.8433 2.5742 4.0024 
SD 46.5391 46.8346 47.1771 47.0621 46.1821 48.3927 
CC 0.7536 0.7672 0.8036 0.7827 0.7486 0.7941 
VIF 0.7883 0.7968 0.8257 0.8179 0.7627 0.9036 

 
 

4.3.8 Statistical Significance Testing 
T-tests are important for ascertaining if the variations in performance metrics between methods are 

statistically significant or occurred by random chance. We conducted paired t-tests between MF-SRGAN 

and the next best-performing method for each metric. The results for the Lytro dataset are presented in 

Table 9 and for the MFI-WHU dataset are shown in Table 10. Statistically significant differences (p < 

0.05) are in bold. 

 
Table 9. Statistical significance testing (t-test) results for the Lytro dataset. 

 

Metric Comparison p-value t-statistic Result 

SF MF-SRGAN vs MFIF-GAN 4.7536E-23 59.4357 ✓ 

EN MF-SRGAN vs MFIF-GAN 0.448 0.7747 × 

MI MF-SRGAN vs MADCNN 1.7124E-06 6.8001 ✓ 

CC MF-SRGAN vs IFCNN 0.0008 3.9427 ✓ 

VIF MF-SRGAN vs MADCNN 8.4965E-08 8.3707 ✓ 

 

 

Table 10. Statistical significance testing (t-test) results for the MFI-WHU dataset. 
 

Metric Comparison p-value t-statistic Result 

SF MF-SRGAN vs ECNN 0.002 3.5649 ✓ 

EN MF-SRGAN vs IFCNN 0.0001 4.8065 ✓ 

MI MF-SRGAN vs ECNN 1.3947E-05 5.7937 ✓ 

SD MF-SRGAN vs ECNN 1.8676E-24 70.5267 ✓ 

VIF MF-SRGAN vs ECNN 1.1247E-08 9.5361 ✓ 

 

 

Compared to the best baseline approaches, the T-tests in the Lytro dataset show that MF-SRGAN achieves 

statistically significant gains (p < 0.05) in SF, MI, CC and VIF. Although no significant improvement is 

visible for Entropy (p = 0.448), the proposed method still outperforms other metrics. 
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The results of paired t tests on the MFI-WHU dataset show that MF-SRGAN delivers statistically 

significant improvements (p < 0.05) in metrics such as SF, EN, MI, SD and VIF. 

 

4.3.9 Ablation Experiments 
We performed a series of ablation experiments to analyze the impact of various architectural and loss 

function choices on the performance of our proposed model. The ablation experiments were conducted on 

ten pairs of multi-focus images from the Lytro dataset. 

 

The variations were as follows: 

• Reduced residual blocks: The number of residual blocks was reduced from 16 to 8 to investigate how 

deep feature extraction affects fusion quality. 

• Only content loss (Lcontent): The model was trained solely with content loss and excluding adversarial loss. 

• No upsampling layer: The upsampling layer was eliminated from the generator architecture to examine 

its necessity. 

• Only adversarial loss (Ladv): The model was trained only with adversarial loss and elimination of content 

loss. 

 

Figures 25 to 30 shows the experimental result comparison between the proposed method and module 

variations on six metrics. 

 

 
 

Figure 25. Result of the ablation experiment on spatial frequency for ten pairs of images from Lytro dataset. 
 
 

 
 

Figure 26. Result of the ablation experiment on entropy for ten pairs of images from Lytro dataset. 
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Figure 27. Result of the ablation experiment on mutual information for ten pairs of images from Lytro dataset. 
 

 

 
 

Figure 28. Result of the ablation experiment on standard deviation for ten pairs of images from Lytro dataset. 
 

 

 
 

Figure 29. Result of the ablation experiment on correlation coefficient for ten pairs of images from Lytro dataset. 
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Figure 30. Result of the ablation experiment on visual information fidelity for ten pairs of images from Lytro 

dataset. 

 

 

It is clear that decreasing the number of residual blocks led to a decline in image quality due to loss of fine 

details. This confirms the need for deeper feature extraction for optimal fusion. The experiment with only 

content loss generated fused images with strong structural consistency. However, the images lacked 

perceptual sharpness, therefore highlighting the need for adversarial loss to improve visual details. 

Conversely, training with only adversarial loss led to better outputs but impaired content fidelity and caused 

structural inconsistencies. Eliminating the upsampling layer of the generator greatly reduced the quality of 

the image. This underlines the importance of the upsampling layer for high quality reconstruction of the 

fused image. These variations produced varying degrees of blurring, loss of contrast, and degraded fusion 

quality at focus boundaries compared to the proposed model. 

 

These results indicate that both content and adversarial losses help to achieve a balance between structure 

and sharpness. Also, deeper architectures and upsampling layers are needed for effective multi-focus image 

fusion. 

 

4.3.10 Sensitivity Analysis 
We performed sensitivity analysis using the VIF metric, which indicates perceptual quality, and the MI 

metric, which reflects structural fidelity in the fused image. This analysis evaluated the impact of adversarial 

loss weight (λ) on fusion performance. We ran a number of tests on the Lytro and MFI-WHU datasets with 

different (λ) values and then presented the corresponding metric values. The results are shown as bar charts 

in Figures 31 to 32. 
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Figure 31. Sensitivity analysis of VIF for Lytro and MFI-WHU datasets. 

 

 

 
 

Figure 32. Sensitivity analysis of MI for Lytro and MFI-WHU datasets. 

 

 

The selected λ is highlighted in dark colors (navy blue and dark orange). The bar charts show that λ = 10−3 

yields the highest VIF and MI scores for both datasets. This makes it the best choice for adversarial loss 

weight. The graph shows that both perceptual and structural scores improve, reaching a peak at λ = 10−3, 

after which the performance goes down. This clearly shows that a moderate adversarial influence is a good 

way to balance perceptual enhancement and structural preservation. 

 

 

4.3.11 Computational Efficiency 
Given that the source image for MFIF is generally in the RGB color space, our preprocessing pipeline 

transforms the input image into many formats to ensure compatibility and appropriate data handling during 

training and inference. We converted images from the RGB color space to the BGR colour space with 

OpenCV for efficient image processing. For tasks necessitating tensor-based processing, the images are 

then transformed into PyTorch tensors. The processed images are converted into the RGB color space, 

facilitating consistent visualization and generation of fused images. 
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The GPU configuration used in this paper is NVIDIA GeForce RTX 3080 Ti. The CPU configuration 

employed for traditional methods and additional computations is the AMD Ryzen 9 3900X, which features 

12 cores, a clock speed of 3.8 GHz, and 32 GB of RAM. This configuration ensures effective handling of 

computationally demanding tasks, such as training deep learning models and preprocessing large datasets. 

The software environment comprises PyTorch, the CUDA Toolkit, and additional libraries for GPU-

accelerated operations. 

 

The computational efficiency is evaluated by comparing the average execution time of different methods 

on ten image pairs of Lytro and MFI-WHU datasets as shown in Table 11.  

 
Table 11. Comparison of average execution times on Lytro and MFI-WHU datasets. 

 

Method Average time for Lytro Average time for MFI-WHU 

IFCNN 3.214 s 3.015 s 

MFIF-GAN 4.537 s 4.203 s 

ECNN 3.041 s 2.976 s 

MiT 5.162 s 5.048 s 

MADCNN 3.514 s 3.187 s 

MF-SRGAN 3.737 s 3.564 s 

 

 

CNN-based methods such as IFCNN, ECNN, MADCNN are faster than transformer-based models such as 

MiT due to lower computational overhead. GAN-based methods such as MFIF-GAN are slightly slower 

due to adversarial training. The execution time of the proposed method is equal to that of the other deep 

learning-based methods and offers a balanced trade-off between speed and performance. MF-SRGAN 

model has approximately 6.4 million parameters (1.7 million in the generator and 4.7 million in the 

discriminator). During inference, processing a 520×520 image pair requires less than 1 GB of GPU memory 

and takes a few milliseconds per pair depending on the runtime configuration. Although adversarial training 

increases the complexity of the training, inference remains computationally efficient. This makes the model 

suitable for real-time deployment with model compression. 

 

5. Discussions, Limitations, and Future Directions 

5.1 Discussions 
The proposed MF-SRGAN effectively addresses the limitations of traditional image fusion techniques such 

as SEWML (Wang et al., 2022), LSDGF1 (You and Yang, 2022)) and deep learning-based methods (Amin-

Naji et al., 2019; Karacan, 2023; Lai et al., 2019; Wang et al., 2021; Zhang et al., 2020b) by using a Super-

Resolution Generative Adversarial Network. Mo st techniques rely on decision maps or hand-crafted rules 

for the fusion of images. However, MF-SRGAN employs a dual-path generator with residual learning and 

upsampling layers. This ensures high-resolution fusion and improved textual consistency. Additionally, the 

PatchGAN-based discriminator ensures both global and local coherence in the fused output. This reduces 

issues such as boundary artifacts and information loss. Moreover, the generated dataset derived from COCO 

helps the model to be adaptable to real-world scenarios, since it is trained on diverse focus patterns. 

 

We provide a response to the research questions raised in Section 1.1 as follows: 

 

(a) RQ1: How effectively can a GAN model have based on super-resolution preserve details in multi-

focus image fusion compared to existing methods? Sections 4.3.2 - 4.3.7 provides a detailed response 

to this question in terms of visual and quantitative analysis. The comparisons show that the proposed 

method preserves edge sharpness and object boundaries across varying depth regions. Furthermore, as 

observed from Tables 6, 7, and 8, MF-SRGAN achieves superior performance in most metrics with the 
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Lytro and MFI-WHU datasets. The use of super-resolution in its methodology ensures better image 

clarity and contrast retention. 

 

(b) RQ2: How much do architectural advancements in the SRGAN framework improve visual and 

quantitative fusion quality? Sections 3.1 - 3.2 describes the architectural enhancements done on the 

baseline SRGAN model to adapt it for multi-focus image fusion. Dual-stream convolutional pathways 

are used to handle the two input images, and the upsampling layer block is tailored for fusion tasks. 

These adjustments help maintain spatial consistency and improve texture detail in the fused output. The 

contribution of each component is shown through ablation studies in Section 4.3.9. This shows that the 

proposed improvements make the baseline SRGAN model much better in multi-focus scenarios. 

 

(c) RQ3: Are the improvements achieved by the proposed method statistically significant and 

consistent across the image fusion metrics? Section 4.3.8 shows that the improvements made by MF-

SRGAN are statistically significant for most fusion metrics. The p-values for important metrics such as 

MI, SF, CC, and VIF are significantly below 0.05 for both the Lytro and MFI-WHU datasets. This 

demonstrates the robustness of the proposed method. Although entropy does not exhibit significance in 

one comparison, the fact that the results are consistent across datasets and metrics is notable. 

 

5.2 Limitations 
The proposed MF-SRGAN model has certain limitations as follows: 

(a) Adversarial training, VGG19-based feature extraction, and complex generator architecture increase 

computational overhead, making real-time performance challenging. 

(b) The architecture uses high-resolution image processing, multiple convolutional pathways which lead 

to high GPU consumption. This limits scalability for large datasets or edge devices. 

(c) The effectiveness of MF-SRGAN depends on large training datasets with varied focus patterns. 

However, any bias in the dataset may affect its generalization to unseen multi-focus image pairs. 

(d) The proposed MF-SRGAN requires more training time than traditional fusion techniques. This is due 

to its complex adversarial training process and loss calculations. 

(e) Optimizing MF-SRGAN is challenging, as its performance is dependent on hyperparameter settings, 

including adversarial balance, learning rates, and loss function weights. 

(f) The existing implementation does not use optimization techniques like model pruning, quantization, or 

lightweight architectural alternatives, which limits its use in real-time or low-power environments. 

 

5.3 Future Directions 
Although the proposed MF-SRGAN shows superior performance in multi-focus image fusion, some 

challenges still remain that need to be addressed for broader applicability. 

(a) Evaluation across multiple datasets: The proposed MF-SRGAN can be evaluated on datasets of 

medical, thermal-visible, and hyperspectral images to ascertain its generalization across varied fusion 

scenarios. Future research may explore whether the same generator-discriminator configuration works 

across modalities or needs domain-specific adaptation. 

(b) Adaptive weight balancing: Dynamic weight modification of several loss components, such as 

content, perceptual, and adversarial losses based on image complexity or focus variations, can help to 

further enhance the fusion performance. Attention driven or reinforcement learning can be explored to 

adjust loss functions during training. 

(c) Model optimization for deployment: The network architecture of MF-SRGAN can be optimized by 

incorporating efficient convolutional layers and pruning techniques. This can expedite both training 

and inference while preserving fusion quality. Additionally, lightweight backbone architectures such as 

MobileNet and neural architecture search (NAS) may be studied to further reduce computing cost. 
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Quantization methods can also be used to enable real-time deployment on edge devices with limited 

resources. 

(d) Emerging models: Transformer-based models and uncertainty-aware diffusion frameworks present 

promising directions to improve preservation of focus boundary and fine-detail fusion. These models 

can improve spatial attention, texture reconstruction, and uncertainty modeling in ambiguous areas. 

Future research will also involve benchmarking MF-SRGAN against recent transformer-based fusion 

models, namely SwinFusion and TransMEF, to thoroughly assess comparative performance. 

(e) Unsupervised and semi-supervised learning: There are many challenges in obtaining paired ground 

truth data in the domain of multi-focus image fusion. Future research can investigate unsupervised and 

semi-supervised learning frameworks. Using unlabelled or weakly labelled data for training can be 

made more effective with methods like cycle-consistency and contrastive learning. 

 

6. Conclusions 
This paper presented a novel approach for multi-focus image fusion customizing a SRGAN framework. We 

utilized a newly developed dataset derived from the COCO dataset to efficiently fuse multi-focus input 

images into a single, high-resolution, all-in-focus image. The proposed MF-SRGAN model addresses key 

limitations of current GAN-based MFIF methods by improving texture preservation, boundary sharpness, 

and incorporating perceptual loss to preserve structural consistency. Unlike other methods, MF-SRGAN 

generates high-quality fused images without depending on decision maps by using a customized super-

resolution framework, hence minimizing information loss. Extensive experiments and resultant 

comparative analysis with ECNN, MiT, MFIF-GAN, MADCNN, and IFCNN reveal that MF-SRGAN 

achieves superior performance with improvements ranging from 0.3-4.75% across various metrics on the 

Lytro dataset and 0.53-2.25% on the MFI-WHU dataset. Although MF-SRGAN’s complex network 

architecture causes slower computational speed than IFCNN, ECNN, and MADCNN, its improved fusion 

quality and capacity to preserve fine details makes it a promising solution for multi-focus image fusion 

applications. Further optimizations and evaluations on additional datasets could investigate the method’s 

wider application and scalability. Overall, the proposed MFSRGAN shows that integrating super-resolution 

with adversarial learning can be useful for advanced image fusion tasks. 
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