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Abstract – In the ever-evolving field of image fusion, the integration of deep learning 

techniques has led to remarkable advancements in the quality and applicability of fused 

images. This review work provides a comprehensive overview of state of art deep 

learning based image fusion techniques. We delve into the fundamental concepts, 

methodologies and challenges that have emerged in this domain.  This work covers 

various aspects of deep learning-based image fusion, including multi-modal, multi-scale 

fusion, and cross modality fusion. This work offers insights into the practical applications 

of deep learning based image fusion across various domains. We highlight the potential 

benefits and limitations in this dynamic field. 

Index Terms – Image fusion, deep learning, CNN, GAN, AE 

I. INTRODUCTION 

  Image fusion is a process of extracting and integrating significant information from various 

images. The advancement of deep learning has greatly accelerated the progress in the image fusion 

domain. Before the rise of deep learning, significant research had been conducted in the realm of image 

fusion. In traditional image fusion techniques like, spatial and frequency domain, image fusion was 

accomplished by applying mathematical transformations to manually asses the activity level and fusion 

rules [1][2][3][4]. Traditional fusion methods encompass a range of techniques, including multi-scale 

transform-based [5], sparse representation-based, subspace-based [6], saliency-based [7], and total 

variation-based methods [8]. These methods are employed to combine information from various sources 

or scales effectively. However, the limitations of these methods have become increasingly noticeable. 

On one hand, to ensure that subsequent feature fusion is feasible, traditional methods are compelled to 

employ identical transformations for various source images when extracting features. Regrettably, this 

approach fails to account for the unique characteristics of the source images, potentially resulting in less 

expressive feature extraction.  
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On the other hand, the conventional feature fusion strategies are so rudimentary that they yield 

severely restricted fusion performance. The reason for incorporating deep learning into image fusion is 

to address the constraints associated with traditional methods [1][ 9] 10]. To begin with, deep learning-

based approaches have the capability to employ distinct network branches for specialized feature 

extraction, allowing for the acquisition of more tailored features. 

Furthermore, deep learning-based techniques have the capacity to acquire a more rational feature 

fusion strategy by leveraging thoughtfully designed loss functions, thereby achieving adaptive feature 

fusion. There is a dearth of a thorough study and analysis of the most recent deep-learning techniques in 

various fusion domains. Rest of the paper is organized in different sections. Deep learning techniques in 

image fusion are covered in Section 2. The real time applications of these techniques in various domains 

are discussed in section 3. Section 4 of the document discusses various challenges.. Finally, the papers 

with an outline of major ideas are concluded. 

II. DEEP LEARNING IMAGE FUSION TECHNIQUES 

 Here, in this work, we review current developments on the usage of deep learning in several 

types of image fusion scenarios, including the sharpening, multi-modal, and image fusion.  Most 

Commonly used deep learning models in image fusion are Convolution Neural Network (CNN), 

Convolution Sparse Representation (CSR) and Stacked Auto Encoder (SAE). 

 Auto Encoders 

The auto-encoders (AE) model is a variant of feed forward neural networks. This model's two 

stages—encoding and decoding—are the same as those in other feed forward neural network models 

[11]. Initially, auto encoder (AE) methods involve training an auto encoder on a publicly available 

dataset like MS-COCO. In this setup, the encoder focuses on extracting valuable features from input 

images, while the decoder's role is to reconstruct the original image from these encoded features 

[12][13]. Subsequently, it becomes evident that the trained auto encoder can effectively tackle two sub-

problems within image fusion: feature extraction and image reconstruction. Consequently, the crux of 

image fusion hinges on crafting effective feature fusion strategies. 

 Convolution Neural Network 

 The convolution neural network is typically introduced into the image fusion process in two 

distinct stages. The initial approach involves the complete implementation of feature extraction, feature 

fusion, and image reconstruction by employing carefully crafted loss functions and network 

architectures. [14]. 

 Generative Neural network 

 In its initial iteration, the GAN was intended to produce more convincing images with 

unsupervised approach. Subsequently, several computer vision tasks have had considerable success with 

it [15]. GANs operate on the foundational concept of setting up a competitive game between a generator 



 

   

282 

and a discriminator, wherein one player's objective is to generate data while the other's is to differentiate 

between real and generated data. The discriminator seeks to discern whether a sample is from the model 

distribution or the data distribution, while the generator attempts to trick it by creating various samples 

out of noise as input [16]. 

III.  APPLICATIONS 

 

 In Multi exposure Image fusion 

 The most popular techniques for multi-exposure picture fusion are CNN and GAN. To create a 

fusion map, which is then utilised to create the final fused image, CNN uses trained networks to extract 

features and pixel positions from source images with varying exposures [17]. Finding a high 

performance non-reference metric to assess fused results is the challenging aspect with CNN. To achieve 

a high-quality multi-exposure fusion, the GAN approach relies on all of the original image's information, 

including the scene's structure and exposure condition. 

 Multi Focus Image Fusions 

CNN and GAN are most widely employed in the fusing multi-focus images.  CNN in this 

instance is based on a decision map that can identify clear and blurred pixels in order to build a decision 

map. The decision map is used to obtain final fused image by selecting and combining pixels [18] [19]. 

The decision map-based GAN approach often uses the generator's decision map to obtain the fused 

result before using adversarial learning to bring the fused result as close to the reference full-clear image 

as possible [20]. To ensure richer texture and visual fidelity, the GAN technique optimises the 

reconstructed fused image [21]. 

 Infrared and visible image Fusion 

 High-contrast, texture-rich infrared and visible image fusion employs AE, CNN, and GAN 

techniques [22]. In AE, the encoder is utilised to extract useful features while the decoder reconstructs 

the input image. The improvement of visible and infrared fused images is not possible with AE since the 

procedures are hand calculated and not learnable [23][24]. CNN constraints the performance of image 

fusion because of the usage of pre-trained networks [25]. High-performance fused images are produced 

using the GAN approach, however maintaining the correct balance of generator to discriminator during 

training is difficult [22]. 

 In medical Imaging 

The CNN and GAN fusion techniques are frequently employed in medical image fusion [26] [27] 

[28]. In the merging of medical images, GAN guarantees outstanding performance. There's a good 

chance that function information will cover over texture information. The GAN in medical image fusion 

must overcome this obstacle [22]. 

 



 

   

283 

IV. CHALLENGES 

In recent years, image fusion has been widely used in a variety of applications, including remote 

sensing, photography, surveillance, and medical diagnosis. Here, several significant challenges 

pertaining to various fields are explored. 

 Finding an authentic and high-quality dataset is a challenging aspect of research in the field of 

image fusion. 

 The majority of deep learning techniques for image fusion make the assumption that the images 

are already registered. Digital and multimodal photographs, however, are not registered because 

the principle sensors differ, the resolution of the source images varies [29].  

 Extracting all the data necessary to create an efficient fused image is another challenge [30].  

 The fused images frequently serve as useful input for later applications. However, the majority of 

fusion algorithms don't take the application of the fused image into account when fusing them.  

 Real-time picture fusion with high performance is required for several practical applications. 

Therefore developing a real time image fusion technique is need of the day. 

 

V. CONCLUSION 

     In summary, deep learning techniques have revolutionized image fusion, enabling applications across 

diverse domains such as medicine, remote sensing, and surveillance. Despite remarkable progress, 

challenges like computational complexity and interpretability persist. Nevertheless, the potential benefits 

of deep learning in image fusion are undeniable, promising improved decision-making and data analysis. 

As technology evolves, image fusion's role in enhancing our understanding of complex data and driving 

advancements in numerous fields remains pivotal. With ongoing research and innovation, the future of 

deep learning-based image fusion appears bright, poised to continue shaping our world in meaningful 

ways. Looking ahead, the future scope of image fusion through deep learning holds exciting 

possibilities. Anticipated developments include more efficient models, enhanced interpretability, and 

adaptation to emerging imaging technologies like hyper spectral and 3D imaging. These advancements 

will further solidify image fusion's position as a transformative tool in various applications. In 

conclusion, while challenges persist, the ever-evolving landscape of deep learning-based image fusion 

promises a future filled with innovative solutions and continued contributions to a wide array of 

domains.  
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