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Abstract: Aiming at the problems existing in the current infrared and visible light image fusion algorithms, 

such as insufficient perception of typical features, poor visual representation of the fusion results, and 

insufficient utilization of important secondary information, this paper proposes an infrared and visible light 

image fusion algorithm based on shallow-deep feature extraction and dual-channel hybrid attention. Firstly, 

a shallow-deep feature extraction module is constructed. This module utilizes shallow convolutional layers 

and deep multi-scale receptive field units to extract surface-level features and deep semantic information 

from the source images, respectively, thereby achieving multi-level multimodal feature extraction. 

Secondly, Dual-Channel Hybrid Attention Fusion Module (DCAFM) is constructed. Spatial attention is 

focused on the salient areas of the image, and channel attention is used to strengthen the feature channels, 

thereby enhancing the fusion ability of multimodal features. Finally, primary and secondary feature loss 

functions are formulated to constrain both the generator and discriminator, facilitating the extraction of 

latent secondary feature information from the source images. Experimental results on the DroneVehicle 

dataset demonstrate that the proposed algorithm achieves superior performance in both subjective visual 

evaluation and objective metrics. Quantitative evaluations show that our method outperforms seven state-

of-the-art approaches, achieving the highest scores in standard deviation (SD=9.3541), mutual information 

(MI=2.4321), and peak signal-to-noise ratio (PSNR=65.7852), while ranking second in average gradient 
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(AG=3.9854). The fused images generated by our method not only align with human visual perception 

characteristics but also retain rich detailed information, effectively preserving both dominant and subtle 

features from the source modalities.

Keywords: Image Fusion, Multi-Scale Receptive Field, Dual-Channel Hybrid Attention, Loss Of Primary 

and Secondary Features

1.  Introduction

In the construction of smart cities, IoT devices and image fusion technology can be used in a variety of 

fields, such as urban traffic management, environmental monitoring, and public safety. By deploying 

numerous IoT cameras and sensors integrated with image fusion technology, comprehensive urban 

perception and intelligent management can be achieved.

Since the 1980s, growing demands from fields such as military, public security, and border defense for 

multimodal image fusion have significantly driven the research and development of infrared and visible 

image fusion technologies. A relatively comprehensive technical framework has now been established, 

yielding a variety of fusion algorithms that have been successfully applied in numerous domains. These 

algorithms can be broadly categorized into traditional methods and deep learning-based approaches, based 

on their underlying fusion strategies.

Traditional infrared and visible image fusion algorithms typically follow a three-stage pipeline: image 

feature extraction, feature fusion, and image reconstruction, which are executed progressively. Depending 

on the transformation methods employed, traditional approaches primarily include multi-scale 

decomposition, sparse representation, subspace-based methods, saliency-based techniques, and hybrid 

algorithms. Fusion algorithms based on multi-scale decomposition are widely used for multimodal images 

[1, 2]. These methods typically involve three steps: first, performing multi-scale decomposition on the 

source image; second, processing the decomposed features according to specific fusion rules; and finally, 

reconstructing the fused image through an inverse transformation. Common transformation methods 

include pyramid transforms, non-subsampled contourlet transforms, and edge-preserving filters, among 
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others. For instance, Jin et al. [3] developed an improved Laplacian pyramid transform by calculating the 

ratio between adjacent low-pass filtered images in the Gaussian pyramid, thereby enhancing local contrast 

information extraction. Zuo et al. [4] decomposed the source image using a region segmentation strategy 

within the two-tree discrete wavelet transform, enhancing the algorithm's stability and enabling irregular 

sampling. However, the inherent limitations of two-dimensional wavelet transforms make it difficult to 

fully capture the rich directional information present in source images. In this regard, Meng et al. [5] 

employed non-subsampled contourlet transform to achieve multi-directional information extraction and 

fusion, which better preserves texture details in the resultant image, albeit with some residual visual 

artifacts. To further mitigate visual artifacts, Ma et al. [6] proposed a fusion method based on Gaussian and 

rolling guidance filters.. This approach reduces visual artifacts while enhancing the overall visual quality, 

producing results that align more closely with human visual perception.. However, multi-scale 

decomposition-based fusion algorithms remain susceptible to deviations in fusion results caused by image 

registration errors and noise. Further optimization efforts have led to the exploration of sparse 

representation-based fusion algorithms. These methods have garnered significant attention from researchers 

worldwide due to their ability to learn dictionaries from large sets of natural images, thereby enhancing 

image representation. For example, Liu et al. [7] developed an adaptive sparse representation algorithm that 

replaces traditional fixed dictionaries with sub-dictionaries learned directly from source images. This 

approach not only reduces visual artifacts in the fused image but also lowers computational costs.. 

Subspace-based fusion algorithms map high-dimensional image information into lower-dimensional 

subspaces. This process reduces redundant information while enhancing the generalization capability of the 

fusion model. Prominent techniques in this category include principal component analysis (PCA) [8-10], 

independent component analysis (ICA) [11, 12], and non-negative matrix factorization (NMF) [13, 14]. 

These algorithms typically employ a sliding window technique for image decomposition. Saliency-based 

fusion algorithms prioritize salient regions and the objects within them. It mainly includes two categories: 

the calculation of salient feature weights and the extraction of salient features from feature maps. For 
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instance, Ma et al. [6] significantly enhanced contrast in the fused image by extracting target weights from 

source images using visual saliency maps. Zhang et al. [15] addressed the problem of imbalanced 

information retention by constructing saliency maps to guide feature fusion. Recognizing  the respective 

advantages of the above-mentioned algorithms, some scholars have comprehensively improved the fusion 

effect by conducting algorithm fusion. For example, hybrid algorithms integrating multi-scale 

transformation with saliency detection [16, 17] can highlight object information in salient regions while 

simultaneously preserving detailed texture information.

In recent years, the successful application of deep learning in computer vision and image processing has 

led to its widespread adoption for image fusion. Deep learning-based methods, which leverage neural 

networks to autonomously extract features and enhance the adaptability of fusion algorithms, have attracted 

significant scholarly interest. Pioneering work by Li et al. [18] introduced an autoencoder-based framework 

for feature extraction in image fusion. However, the reliance on L1-norm-based fusion rules limited the 

performance and adaptability of this approach.Zhang et al. [19] enhanced the retention of multimodal 

image information by incorporating dense connections and multi-scale attention mechanisms into the 

autoencoder. Liu et al. [20] were among the first to integrate convolutional neural networks (CNNs) into 

the feature fusion stage. Nevertheless, the continued dependence on hand-crafted fusion rules for feature 

extraction ultimately constrained the fusion performance. To address these limitations, Xu et al. [21] 

proposed an end-to-end fusion algorithm by introducing a consistency measurement loss, which mitigated 

the challenge of manual weight allocation during fusion. However, the relatively simple network 

architecture of this model limited its capacity for extracting deep image features. Ma et al. [22] first 

introduced the idea of adversarial game into the field of image fusion and proposed the FusionGAN 

algorithm. Xing et al. [23] developed a network architecture integrating a Variational Autoencoder (VAE) 

compression framework, achieving multi-channel fusion alongside a higher compression ratio. This 

approach not only balances the fusion results but also improves the training stability of the GAN. The 

image fusion algorithm based on Transformer has become an important research direction in the fields of 
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image processing and multimodal fusion. Shi et al. [24] balanced the color distribution in fused images by 

designing a global-local dual adversarial loss and further eliminated color interference using a dedicated 

color loss function. Yao et al. [25] enhanced colors in low-light regions, addressed excessive noise through 

data synthesis and tailored loss functions, and significantly improved model fusion efficiency.This 

algorithm not only improves the quality of image fusion but also enhances the generalization performance 

of the algorithm.

To sum up, although traditional image fusion algorithms achieve image fusion through mathematical 

transformation and artificially designed rules, reducing the requirements for hardware to a certain extent, 

their limitations are becoming increasingly obvious due to the influence of image registration and image 

noise. Deep learning, leveraging its advantages in adaptive feature extraction and processing efficiency, has 

emerged as a prominent research focus in the image fusion field. However, several challenging issues 

persist in existing deep learning-based methods that require urgent attention.

1) Inherent differences in scene information captured by infrared and visible sensors pose a challenge. 

The prevalent use of sequential convolutional layers for feature extraction often fails to adequately capture 

the complementary information from both modalities. This leads to insufficient perception of objects in 

salient regions and difficulties in simultaneously preserving global intensity distribution from infrared 

images and fine texture details from visible images.

2) Fused images are often prone to visual artifacts, which arise from both the inherent limitations of 

multi-source sensors and the instability of algorithm training. Consequently, despite achieving promising 

results on quantitative metrics, the perceptual quality of the fused image for human observers can be 

unsatisfactory, failing to meet the requirements for high-quality fusion.

3) Existing algorithms primarily rely on loss functions to enforce consistency of multi-source features in 

the fused image. However, in practical scenarios, depending on the conditions, visible images may 

sometimes reveal more distinct target features, while infrared images might occasionally provide clearer 

texture details. Such important, albeit secondary, information is often overlooked during the fusion process.
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To tackle the aforementioned issues, this paper proposes a novel infrared and visible image fusion 

algorithm named DHAFGan, which integrates Shallow-Deep Feature Extraction and a Dual-channel 

Hybrid Attention mechanism. Firstly, a Shallow-Deep Feature Extraction (SDFE) module is designed to 

enable simultaneous learning of low-level details and deep semantic information through multi-receptive 

field processing. Secondly, a Dual-channel Hybrid Attention Fusion Module (DCAFM) is developed. This 

module decomposes features along spatial and channel dimensions for hierarchical fusion, facilitating the 

mining of important secondary information from the source images. Furthermore, a dual-discriminator 

architecture, guided by primary and secondary feature loss functions, is employed to enhance the 

complementarity of heterogeneous image information. Finally, Comprehensive experiments verify that the 

proposed DHAFGan algorithm generates fused images that are visually natural, rich in detail, and 

effectively preserve both primary and secondary information from the source images.

The main contributions of this study are summarized as follows:

1) We design a novel Shallow-Deep Feature Extraction (SDFE) module that enhances the perception of 

target information in salient regions. This leads to more abundant and accurate information representation 

in key areas of the fused image, thereby facilitating improved performance in downstream applications like 

target recognition and detection.

2) The proposed method effectively addresses the suboptimal human perceptual quality often associated 

with traditional fusion algorithms. The generated fused images exhibit more natural and clearer visual 

effects with reduced artifacts, thereby meeting the demands for high-quality visual perception and 

broadening the application scope of fused images in vision-related tasks.

3) We propose a Dual-channel Hybrid Attention Fusion Module (DCAFM) that enables the fused image 

to fully utilize important secondary information from less salient areas of the source images. This includes 

unique textures and details from either modality that may be prominent under specific conditions.  This not 

only enriches the informational content of the fused result but also enhances its adaptability and robustness 

in complex and varying scenes.
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4) We introduce a dual-discriminator adversarial training framework, optimized with primary and 

secondary feature loss functions. This design enhances the complementarity of heterogeneous image 

information. This ensures that the fused image retains critical source information while achieving a better 

balance of contributions from different modalities. Consequently, it generates high-quality, information-

complete fused images, providing a more reliable foundation for subsequent image analysis and processing 

tasks.

2. Related Work

2.1. Overall framework of the algorithm

Fig.1.  DHAFGan algorithm overall frame diagram
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As shown in Fig.1, the core network framework of the proposed DHAFGan algorithm comprises a 

Generator and dual discriminators (Dir, Dvi). Among them, the generator mainly includes the shallow-deep 

feature extraction module, the dual-channel hybrid attention fusion module and the decoder. The generator 

operates in an end-to-end manner. It leverages the complementary representations of infrared and visible 

modalities for the same scene to map the input image pairs into a fused feature representation. Furthermore, 

this paper adopts the image cascade preprocessing strategy, that is, the dual-modal images are concatenated 

and then fed into the encoder. This design enables the network to have dual-modal perception capabilities 

from the initial stage. This enables the generated images to retain fundamental infrared intensity 

characteristics and visible light gradient features even in the absence of the discriminator's constraints. 

Meanwhile, multi-receptive field deep feature extraction was constructed. This mechanism employs three 

parallel convolutional branches with kernel sizes of 3×3, 5×5, and 7×7 to simultaneously extract multi-

scale deep features. The features from these heterogeneous receptive fields are first enhanced and then 

cascaded and integrated before being passed to the feature fusion module for multi-scale fusion. Finally, a 

fused image with dual-modal complementary characteristics is reconstructed by the decoder.

In this paper, a dual-channel hybrid attention fusion module is also constructed in the generator network, 

aiming to achieve the directional enhancement of single-source modal features based on the selective 

focusing characteristics of the attention mechanism. Specifically, in view of the characteristic that infrared 

images focus on the perception of intensity targets and the feature that visible light images emphasize the 

representation of gradient textures, the spatial-channel joint attention framework is constructed 

respectively. The multi-scale deep features extracted by three heterogeneous receptive field channels are 

processed in parallel. This process selectively enhances salient feature information while suppressing 

redundant components in both the spatial and channel dimensions. In the decoding stage, a hierarchical 

fusion strategy integrates the attention weights derived from different receptive field scales. This cross-

scale integration ensures efficient feature transfer while mitigating information loss. Furthermore, an 

adversarial game architecture is established between the generator and the dual discriminators. Specifically, 
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the infrared discriminator (Dir) ensures the fused image inherits the radiation characteristics of the infrared 

source through pixel-level intensity constraints. Conversely, the visible light discriminator (Dvi) enforces 

the preservation of fine texture details from the visible source through texture fidelity constraints. The 

adversarial training reaches an equilibrium when neither discriminator can reliably distinguish the 

generated image from its corresponding source image, indicating that the fusion result has met the desired 

objectives.

2.2  Generator Network Architecture

Fig. 2.  Generator network structure diagram

As shown in Fig. 2, the proposed generator architecture sequentially consists of the Shallow-Deep 

Feature Extraction Module (SDFE), the Dual-channel Hybrid Attention Fusion Module (DCAFM), and the 

decoder. This cascaded architecture facilitates efficient inter-modality information fusion. The end-to-end 

design ensures computational efficiency while maximizing the retention of contrast information from 

infrared sources and texture details from visible sources. Consequently, it generates high-quality fused 

images that incorporate the advantages of both modalities.

2.2.1  ShAllow-Deep Feature Extraction Module (SDFE)

1) Shallow feature extraction

As shown in Fig. 2, the Shallow Feature Extraction (SFE) module serves as the foundational unit of the 
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network. It first constructs a primary feature representation of the input image by stacking convolutional 

layers. This module employs a convolutional network built with two 3×3 kernels, each followed by a 

LeakyReLU activation function (stride=1). This design effectively captures the basic semantic information 

present in the image. Furthermore, by performing spatial filtering operations on the input source image 

information using convolution kernels, low-level visual features such as edges and textures can be 

accurately extracted and mapped to the high-dimensional feature space to enhance the feature expression 

ability. This extraction strategy not only generates a preliminary abstract representation of the input data 

but also lays the groundwork for subsequent deep feature fusion. The shallow feature mapping process is 

defined as follows:

𝐹1
𝑆𝐹,𝐹2

𝑆𝐹 = 𝐻𝑆𝐸(𝐼1),𝐻𝑆𝐸(𝐼2)(1)

In the formula, 𝐹1
𝑆𝐹 and𝐹2

𝑆𝐹 are the dual-modal shallow feature representations extracted from the visible 

light image I1 and the infrared image I2; 𝐻𝑆𝐸(·) is the feature extraction operation containing 3×3 

convolution kernels and LeakyReLU. After the shallow feature extraction is completed, the obtained 

feature maps 𝐹1
𝑆𝐹 and 𝐹2

𝑆𝐹 will be input into the deep feature extraction module of the multi-receptive field 

for further processing. This module realizes the feature aggregation of local receptive fields through the 

cascading convolutional neural network architecture and the sliding window mechanism. Firstly, each 

convolutional kernel performs the weighted summation operation of the local region on the feature map, 

and introduces feature transformation through the nonlinear activation function, thereby constructing a deep 

feature representation with spatial invariance and hierarchical expression ability. Enhance the model's 

perception ability of multi-scale features.

2) Multi-receptive field deep feature extraction encoder

The performance of an image fusion algorithm hinges on the design of an efficient encoder architecture 

capable of accurately extracting core features from the source images and achieving comprehensive feature 

representation. Existing studies [26] have shown that the feature extraction capability of the encoder 

directly determines the upper bound of fused image quality. Conventional deep learning methods often 
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enhance multi-scale feature extraction by simply increasing network depth or channel capacity. Although 

this can expand the receptive field and capture deeper semantics, it invariably leads to an exponential 

growth in parameters, increasing the risk of unstable training (e.g., vanishing gradients). Moreover, 

information attenuation commonly occurs during cross-layer feature transfer, ultimately degrading fusion 

results. Therefore, it is necessary to balance the characterization ability and computational efficiency of the 

encoder.

To enhance the integrity of the model's feature extraction from the source image and expand the coverage 

of the receptive field, as shown in Fig.2, this paper constructs a multi-scale feature extraction module 

containing three types of convolution kernels: 3×3, 5×5, and 7×7. However, increasing the receptive field 

to improve feature extraction accuracy also leads to an exponential growth in the number of parameters. To 

this end, this paper draws on the network optimization strategy of Inception V3[27] and adopts a composite 

convolution kernel alternative scheme: decomposing a single 5×5 convolution into two serialized 3×3 

convolution layers, and decomposing a 7×7 convolution into a cascading structure of three 3×3 convolution 

layers. This decomposition method enables the model to reduce the number of model parameters by 

approximately 61% (5×5→2×3×3, 7×7→3×3×3) while maintaining the equivalent receptive field, and 

significantly reduces the computational complexity of the model. Furthermore, a parameterized PRelu 

activation function is introduced in the convolution module. By introducing a negative response interval, 

the nonlinear expression ability of the network is enhanced, thereby improving the discriminative 

performance of the model.

The multi-receptive field feature extraction module designed in this paper adopts a unified architecture 

design. Each receptive field branch consists of three sequentially connected convolutional blocks. Each 

block contains a convolutional layer, a Batch Normalization (BN) layer, and a PReLU activation layer. To 

ensure the consistency of feature representation, the channel dimension of all convolutional layers is 32, the 

fixed step size is 1, and the spatial resolution of the feature map is maintained through Zero Padding, 

thereby avoiding the loss of spatial information during the feature extraction process. Furthermore, this 
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module introduces the dense connection mechanism of DenseNet [28]. By establishing feedforward 

connections between each layer and all previous layers, it achieves an exponential growth of the feature 

propagation path. This architectural design enables the network to capture richer semantic information, 

effectively extract the more complementary multi-scale feature representations in the source images, and 

provide high-quality feature input images for the subsequent fusion stage.

2.2.2  Feature Generator Architecture

The feature generator, as a key module of deep feature fusion, its core function lies in the refined 

processing of cascaded multi-receptive field deep features, and significantly improves the accuracy of 

feature representation through feature reconstruction and enhancement. This module incorporates three 

core components: a 3×3 convolutional layer (stride=1), a Batch Normalization (BN) layer, and the PReLU 

activation function. This lightweight architecture ensures computational efficiency while enabling in-depth 

mining of multi-scale features and optimizing feature fidelity.

2.2.3  Decoder Architecture

As the final part of generating the fused image, the decoder's input image comes from the multi-scale 

feature output of the feature generator, aiming to generate a fully information-complete fused image by 

fusing multimodal deep features. The decoder employs a five-layer progressive convolutional architecture: 

The first block consists of a 3×3 convolutional layer (32 channels) followed by PReLU. The second to 

fourth blocks each contain a 3×3 convolution (with channels set to 32, 32, and 16, respectively), a BN 

layer, and a PReLU activation. The final block uses a 3×3 convolutional layer (1 channel) with a Tanh 

activation function for output normalization. In particular, the first three convolutional layers establish a 

direct association with the multi-receptive field deep attention map in the encoder through skip 

connections. This design effectively mitigates semantic information attenuation caused by deep 

convolution and enhances cross-layer feature fusion capability. Furthermore, the consistent use of the 

PReLU activation function throughout the decoder leverages its adaptive parameter learning mechanism, 

which not only improves model convergence but also enhances the network's adaptability to complex 
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scenarios.

2.2.4  Dual-Channel Hybrid Attention Fusion Module (DCAFM)

The multi-attention mechanism, as the core technology of visual saliency detection, has shown extensive 

application value in the field of computer vision. Given that infrared and visible light images represent 

different feature dimensions of the same scene as typical multimodal data, this paper constructs a dual-

channel hybrid attention fusion module, as shown in Fig.3 This module synchronously captures salient 

feature regions from both modalities via its dual-channel attention mechanism. And based on the modal-

specific weight allocation strategy, the differentiated representations of the same scene features in different 

modalities are weighted and enhanced, so that the feature maps generated by the convolutional neural 

network simultaneously contain the semantic information of the channel dimension and the position 

information of the spatial dimension. The Attention features from both dimensions carry critical 

discriminative information. Furthermore, the weight matrices of spatial attention and channel attention are 

calculated in parallel, and the hierarchical fusion of multi-scale features is carried out based on the 

receptive field hierarchy. The designed deep attention fusion module adopts a cascading architecture and, 

through a progressive feature fusion mechanism, enhances the local detail representation while retaining 

the global semantic association.
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Fig. 3. Dual channel hybrid attention fusion module

1) Fusion of channel attention

First of all, according to the three characteristics of the reception field channel 𝑓1 ∈ ℝ𝐻×𝑊×𝐶, 𝑓2 ∈

ℝ𝐻×𝑊×𝐶 and 𝑓3 ∈ ℝ𝐻×𝑊×𝐶, In this paper, Global Average Pooling (GAP) and Global Max Pooling 

(GMP) operations are implemented in parallel in the spatial dimension (𝐻 × 𝑊) to generate three 1 × 1 × 𝐶 

feature vectors with the channel dimension of C. Subsequently, the obtained feature vectors are subjected to 

nonlinear transformation through a two-layer fully connected network, and the ReLU activation function is 

introduced to enhance the feature expression ability. On this basis, the Sigmoid activation function is used 

to normalize the processed feature map to generate the channel attention weight matrix 𝑊𝑐 ∈ ℝ𝐶×1×1. 

Finally, the weight matrix is fused with the original feature map through channel weighted summation to 

obtain the feature representation 𝑓𝑐
𝑜𝑢𝑡 with enhanced channel dimensions, which is defined as follows:

𝑓𝑐
𝑜𝑢𝑡 =

3

𝑖=1
𝜎 (𝐷2(𝐷1(𝑎𝑣𝑔𝑝(𝑓𝑐

𝑖 )))) × 𝑓𝑐
𝑖 (2)
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In the formula, 𝑖 = 1,2,3, 𝑓𝑐
1, 𝑓𝑐

2 and 𝑓𝑐
3 are the channel features extracted by the convolution kernels 

with 3×3, 5×5 and 7×7 sensing fields, 𝐷1 and 𝐷2 are the two-layer fully connected operations, avgp 

represents the global average pooling operation, and 𝜎(·) is the Sigmoid activation function. 𝐻, 𝑊 and 𝐶 

are the height, width and channel dimension of the feature map.

2) The integration of spatial attention

First of all, according to the three characteristics of the reception field channel 𝑓1 ∈ ℝ𝐻×𝑊×𝐶, 𝑓2 ∈

ℝ𝐻×𝑊×𝐶 and 𝑓3 ∈ ℝ𝐻×𝑊×𝐶, In this paper, Global Average Pooling (GAP) and Global Max Pooling 

(GMP) operations are implemented in parallel on the channel dimension to generate 𝐻 × 𝑊 × 1 feature 

maps with three spatial dimensions of 𝐻 × 𝑊. Subsequently, the three feature maps are cascaded along the 

channel dimension and feature transformation is carried out through a convolutional neural network 

composed of two layers of 3×3 convolutional kernels. Among them, the activation function ReLU is 

adopted to enhance the nonlinear expression ability of the model. Furthermore, the Sigmoid activation 

function is adopted to normalize the intermediate feature map, generating the spatial attention weight 

matrix 𝑊𝑐 ∈ ℝ𝐻×𝑊×1. Finally, by weighted fusion of the spatial attention weight matrix and the channel 

attention fusion feature 𝑓𝑐
𝑜𝑢𝑡, the deep attention feature map 𝐴𝑡𝑡𝑐

𝑜𝑢𝑡 is obtained, which is defined as follows:

𝐴tt𝑐
𝑜𝑢𝑡 = 𝜎(𝐶𝑜𝑛𝑣2(𝐶𝑜𝑛𝑣1(𝐶(𝑎𝑣𝑔𝑝(𝑓𝑐

𝑖 ))))) × 𝑓𝑐
𝑜𝑢𝑡(3)

In the formula, 𝑖 = 1,2,3, 𝑓𝑐
1, 𝑓𝑐

2 and 𝑓𝑐
3 are the channel features extracted by the convolution kernels 

with 3×3, 5×5 and 7×7 sensing fields respectively. 𝐶𝑜𝑛𝑣11 and 𝐶𝑜𝑛𝑣2 are two stacked convolution 

operation layers respectively, with the convolution kernel size being 3×3. avgp represents the global 

average pooling operation. 𝜎(·) is the Sigmoid activation function, and 𝐻, 𝑊, and 𝐶 represent the height, 

width, and channel dimension of the feature map respectively.

2.3  Discriminator Network Architecture

For the multimodal attribute fusion task of infrared and visible light image fusion, since the two types of 

source images have both modal differences and feature complementarity, this section constructs a dual 

discriminator architecture - infrared discriminator (Dir) and visible light discriminator (Dvis). This 
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architecture is designed to maintain a balance between multimodal attributes through joint optimization, 

while accurately identifying the distribution discrepancies between the generated fused image and the 

corresponding modal source images. Specifically, the Dir discriminator focuses on constralizing the 

retention ability of the fusion result for the intensity characteristics of the infrared mode, while the Dvis 

discriminator enhances the characterization ability of the detailed texture of the visible light mode. This 

differentiated constraint strategy effectively mitigates inter-modal information conflict and facilitates the 

effective integration of complementary features. During the network training process, it is necessary to 

strictly ensure the dynamic balance between the generator and the dual discriminator. When the training 

efficiency of any one of the three networks - the generator (G), the infrared discriminator (Dir), and the 

visible light discriminator (Dvis)-is significantly improved, it will lead to the suppression of the optimization 

processes of the other two networks. The dominant network would then impose its specific modal 

constraints more strongly, biasing the fusion result towards its modality and thereby weakening the 

influence of the other networks. Such imbalance directly disrupts the information retention mechanism in 

the fused image, ultimately degrading its overall performance. Therefore, establishing an effective network 

balance strategy is crucial for ensuring the collaborative optimization of multimodal features.

The proposed DHAFGan framework addresses this balance through a combination of its architectural 

design and carefully formulated loss functions. Since the discriminator, as a binary classifier, has 

significantly lower structural complexity than the generator, its core function lies in accurately determining 

the true and false attributes of the input image. Consequently, we adopt a symmetrical Siamese network 

architecture to construct the dual discriminators. As shown in Fig. 4, where the infrared discriminator and 

the visible light discriminator have the same network architecture but independent parameters. Each 

discriminator contains four cascades of convolutional blocks: Firstly, a single convolutional layer is used in 

combination with the LeakyReLU activation function to construct the first convolutional block; Secondly, a 

composite structure of convolutional layers, batch normalization (BN), and LeakyReLU is adopted to 

construct the second and third convolutional blocks; Finally, the fully connected layer and the Tanh 
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activation function are used to form the fourth convolutional block. The size of all convolution kernels is 

uniformly set to 3×3, and the step size is set to 1 to ensure that the size of the feature map decreases 

according to the step size. The channel dimension expands progressively through the network, set to 32, 64, 

and 128 in successive blocks, thereby establishing an effective feature abstraction hierarchy. 

Fig.4.  Network framework of discriminator

2.4  Loss Function

The loss function is pivotal for ensuring the dynamic balance between the generator and the discriminator. 

Through adversarial training, the generator and discriminators contend to balance feature retention. The 

generator must produce outputs whose data distribution aligns with that of the source images. Therefore, 

our loss function imposes constraints from two perspectives: spatial structural similarity and semantic 

content fidelity. Structurally, adversarial loss encourages the generated image's distribution to match that of 

the real source images. In terms of content, multi-scale feature loss is introduced to preserve key semantic 

information from the sources. This dual-constraint mechanism not only enhances the realism of the fused 

image but also effectively 'deceives' the discriminators, making it difficult to distinguish the generated 

result from real sources, thereby accelerating adversarial training convergence. The total loss of DHAFGan 

in this paper consists of two parts: the discrimination loss ℒ𝐺 and the content loss ℒ𝐷, which are defined as 

follows:
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𝑚𝑖𝑛ℒ𝐺 = ℒ𝑎𝑑𝜈 + 𝜆ℒ𝑐
ℒ𝑐 = 𝜉1ℒ𝑠𝑠𝑖𝑚 + 𝜉2ℒ𝑡𝑒𝑥𝑡 + 𝜉3ℒ𝑔𝑟𝑎𝑑

𝑚𝑖𝑛ℒ𝐷 =
ℒ𝐷𝑖𝑟
ℒ𝐷𝑣𝑖𝑠

(5)

In the formula, ℒ𝐺 is the generator loss; ℒ𝑎𝑑𝜈 is the generator adversarial loss; ℒ𝑐 is the feature loss; 𝜆,𝜉1,

𝜉2,𝜉3 are hyperparameters;  ℒ𝑠𝑠𝑖𝑚 is the structural similarity loss; ℒ𝑡𝑒𝑥𝑡 is the texture loss; ℒ𝑔𝑟𝑎𝑑 is the 

gradient loss; ℒ𝐷 is the discriminator loss; ℒ𝐷𝑖𝑟 is the infrared discriminator loss. Loss of ℒ𝐷𝑣𝑖𝑠 visible light 

discriminator.

2.4.1  Generator adversarial loss 𝓛𝐆

This loss includes the adversarial loss component based on the infrared discriminator, which is used to 

constrain the authenticity of the fusion result in the infrared feature space, and the adversarial loss 

component based on the visible light discriminator, aiming to ensure the visual fidelity of the generated 

image in the visible light mode. This dual-branch adversarial mechanism facilitates collaborative 

optimization across the multimodal feature space via a strategy of differentiated constraints. It ensures that 

the fused image accurately represents infrared target features while fully retaining visible light scene details. 

It is defined as follows:

ℒ𝑎𝑑𝜈 = ― 𝐸𝐼𝑓~𝑃𝐺 𝐷𝑖𝑟(𝐼𝑓) ― 𝐸𝐼𝑓~𝑃𝐺 𝐷𝑣𝑖𝑠(𝐼𝑓) (5)

In the formula, 𝐼𝑓 is the sample of the fused image of the generator; 𝑃𝐺 is the data distribution of the 

fused image; 𝐷𝑖𝑟 and 𝐷𝑣𝑖𝑠 are the infrared and visible light source images respectively.

The structural similarity loss ℒ𝑠𝑠𝑖𝑚 is defined as follows:

ℒ𝑠𝑠𝑖𝑚 = 𝜃1 1 ― 𝑠𝑠𝑖𝑚(𝐼𝑓,𝐼1) + 𝜃2 1 ― 𝑠𝑠𝑖𝑚(𝐼𝑓,𝐼2) (6)

In the formula, 𝜃1 and 𝜃2 are hyperparameters, both with a value of 0.5; 𝐼1, 𝐼2 and 𝐼𝑓are the infrared 

image, visible light image, and fused image respectively; 𝑠𝑠𝑖𝑚(·) is the structural similarity operation.

The texture loss ℒ𝑡𝑒𝑥𝑡 is defined as follows:

ℒ𝑡𝑒𝑥𝑡 =
‖|∇𝐼𝑓| ― 𝑚𝑎 𝑥(|∇𝐼1|,|∇𝐼2|)‖

𝐻𝑊 (7)

In the formula, ∇ is the Sobel gradient operator, used to calculate texture information, |·| is the absolute 
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value of the calculation, ‖·‖1 is the 1-norm of the matrix, and 𝐻 and 𝑊 are the length and width of the 

image respectively.

The gradient loss ℒ𝑔𝑟𝑎𝑑 is defined as follows:

ℒ𝑔𝑟𝑎𝑑 = ℒ𝑔𝑟𝑎𝑑𝑚𝑎𝑖𝑛 + ℒ𝑔𝑟𝑎𝑑𝑎𝑢𝑥

= 𝛿1‖𝐼𝑓 ― 𝐼𝑖𝑟‖2
𝐹 + 𝛿2‖∇𝐼𝑓 ― ∇𝐼𝑣𝑖𝑠‖2

𝐹
+ 𝛿3‖𝐼𝑓 ― 𝐼𝑣𝑖𝑠‖2

𝐹 + 𝛿4‖∇𝐼𝑓 ― ∇𝐼𝑖𝑟‖2
𝐹

(8)

In the formula, ℒ𝑔𝑟𝑎𝑑𝑚𝑎𝑖𝑛 is the primary gradient loss, ℒ𝑔𝑟𝑎𝑑𝑎𝑢𝑥 is the secondary gradient loss, 𝛿 is the 

hyperparameter, 𝐼𝑓, 𝐼𝑖𝑟 and 𝐼𝑣𝑖𝑠 are the source image data sampling and source image data sampling 

respectively, and ∇ is the Laplacian operator, which is used to extract the edge information of the fused 

image. ‖ ∙ ‖2
𝐹 is the L2 norm.

2.4.2  Discriminator loss 𝓛𝐃

In this paper, a dual-discriminator architecture is adopted for design, and two independent optimization 

objectives, namely visible light discrimination loss and infrared discrimination loss, are constructed 

respectively. This dual-branch design, with its modality-specific constraints, enables the fused image to 

inherit distinct characteristics from each source: Dvis focuses on preserving high-frequency information 

like detailed textures, while Dir emphasizes maintaining contrast features such as target contours. 

Compared with the single discriminator architecture, the dual discriminator not only enhances the feature 

complementarity between modalities, but also realizes the efficient integration of cross-modal information, 

thereby significantly improving the representation ability of the fusion results in the multi-dimensional 

feature space. The loss function is defined as follows:

ℒ𝐷𝑖𝑟 = ― 𝐸𝑥~𝑃𝑖𝑟[𝐷𝑖𝑟(𝑥)] + 𝐸𝐼𝑓~𝑃𝐺 𝐷𝑖𝑟(𝐼𝑓)
+ 𝜙1𝐸𝑥~𝑝𝑒𝑛𝑎𝑙𝑡𝑦 ‖∇𝑥𝐷𝑖𝑟(𝑥)‖2 ― 1

2 (9)

ℒ𝐷𝑣𝑖𝑠 = ― 𝐸𝑥~𝑃𝑣𝑖𝑠[𝐷𝑣𝑖𝑠(𝑥)] + 𝐸𝐼𝑓~𝑃𝐺 𝐷𝑣𝑖𝑠(𝐼𝑓)
+ 𝜙2𝐸𝑥~𝑝𝑒𝑛𝑎𝑙𝑡𝑦 ‖∇𝑥𝐷𝑣𝑖𝑠(𝑥)‖2 ― 1

2 (10)

In the formula, 𝑃𝑖𝑟 and 𝑃𝑣𝑖𝑠 are the source data samples; 𝑃𝐺 is the fused image sample; 𝑥 is the uniform 

sampling points in the continuous area formed by the real sample space and the generated sample space; 𝜙1 
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and 𝜙2 are the hyperparameters to ensure the balance of the loss function.

3.  Experimental

3.1  Experimental Setup

All experiments were conducted on a computing platform equipped with an Ubuntu 18.04 operating 

system, an NVIDIA GeForce RTX 3060 GPU (12GB VRAM), and the PyTorch deep learning framework. 

The algorithm parameters are set as follows: 𝛿1 = 1, 𝛿1 = 1, 𝛿1 = 3 and 𝛿1 = 0.2, =1=2=9, the initial 

learning rate is 0.0001, the attenuation coefficient is set to 0.9, the epoch is set to 100, and the batchsize is 

set to 8; Update the parameters using the Adam optimizer. Furthermore, to mitigate potential training 

instability caused by the discriminator becoming too proficient too quickly, we employed a training 

schedule where the generator and discriminators were updated at a frequency ratio of 2:4 (generator : 

discriminators).To verify the performance of the algorithm, this paper selects the DroneVehicle dataset for 

experiments. The DroneVehicle dataset is a large-scale public benchmark containing paired infrared and 

visible images captured by Unmanned Aerial Vehicles (UAVs). It comprises 56,878 aligned infrared and 

visible image pairs, covering diverse road scenes (e.g., highways, communities, residential areas) and 

environmental conditions (e.g., daytime, nighttime). The imagery contains various vehicle categories, 

including vans, trucks, and hazardous chemical transport vehicles. The original images are surrounded by a 

100-pixel white border, which we removed in a pre-processing step prior to training. Fig.5 shows some 

image pairs of the DroneVehicle dataset. In the testing phase, 30 sets of images from the DroneVehicle 

dataset were used to form the test set, while the remaining image pairs were all used for model training.
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Fig. 5. Some typical image pairs in the DroneVehicle dataset

3.2  Evaluation index

This paper mainly evaluates the fusion results from both subjective and objective aspects. Subjective 

evaluation involves human observers assessing the fused images based on criteria such as target 

distinctness, overall clarity, richness of texture details, and visual naturalness. The overall quality is then 

rated using a qualitative scale (e.g., "excellent," "good," "fair," "poor"). Different from subjective 

evaluation methods, objective evaluation methods mainly quantitatively evaluate image quality through 

statistical calculations of information such as the gradient, intensity, and contrast of the target object in the 

fused image. Since a ground-truth fused image is unavailable for real-world fusion tasks, objective 

evaluation relies on the characteristics of the source images. We adopt several widely-used metrics: The 

Average Gradient (AG) [29] measures the ability of the fused image to preserve detailed texture 

information, which is prominent in visible images. The Standard Deviation (SD)[30] was adopted to 

measure the gray level and contrast of the salient regions in the fused image, and Mutual Information 

(MI)Error! Reference source not found. was used to determine whether the fused image evenly retains 

the salient features in the source image. Finally, the peak signal-to-noise ratio (PSNR)[32] was used to 

measure the difference between the fused image and the ideal image.

3.2.1  Average gradient (AG)

The average gradient measures the ability of the fused image to retain the texture detail information in the 
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source image by statistically fusing the gradient information in the horizontal and vertical directions of the 

image and then calculating the mean value. The larger its value is, the more abundant the texture details of 

the fused image are retained. It is defined as follows:

𝐴𝐺 =
1

𝑀 × 𝑊

𝑀―1

𝑖=1

𝑊―1

𝑗=1

1
2 𝑓2

𝑖 (𝑖,𝑗) + 𝑓2
𝑗 (𝑖,𝑗) (11)

In the formula, 𝑀 and 𝑊 are  the height and width of the fused image; 𝑓(𝑖,𝑗) is the gray value magnitude 

of the fused image at position; 𝑓2
𝑖 (𝑖,𝑗) is the gradient information of the fused image in the horizontal 

direction, and 𝑓2
𝑗 (𝑖,𝑗) is the gradient information of the fused image in the vertical direction.

3.2.2  Standard Deviation (SD)

The standard deviation represents the fluctuation between pixel values by statistically analyzing the 

contrast and the dispersion degree of distribution in the fused image. The larger its value is, the more 

obvious the contrast feature in the infrared part of the fused image is, and the clearer the detailed 

information in the visible light part is. It is defined as follows:

𝑆𝐷 =
𝑀

𝑖=1

𝑊

𝑗=1
(𝐹(𝑖,𝑗) ― 𝜇)2(12)

In the formula, 𝜇 is the average gray value of the fused image, representing the overall brightness.

3.2.3  Mutual Information (MI)

Mutual information measures the degree of information sharing between the source image and the fused 

image by calculating the normalized histogram. The larger the value, the better the fused image retains the 

object information in the salient regions of the source image, and there is less secondary information loss in 

the non-salient regions. It is defined as follows:

𝑀𝐼 𝐼,𝐽 =
1
2 (𝑀𝐼A,F + 𝑀𝐼B,F) =

1
2

𝐿―1

𝑖=1

𝐿―1

𝑗=1
𝑞𝐴,𝐹 (𝑖,𝑗)•log2

𝑞𝐴,𝐹(𝑖,𝑗)
𝑞𝐴(𝑖)𝑞𝐹(𝑗) +

𝐿―1

𝑖=1

𝐿―1

𝑗=1
𝑞𝐵,𝐹 (𝑖,𝑗)•log2

𝑞𝐵,𝐹(𝑖,𝑗)
𝑞𝐵(𝑖)𝑞𝐹(𝑗) (13)

In the formula, 𝐿 is the gray scale number of the fused image; 𝑀𝐼A,F and 𝑀𝐼B,F are the normalized 
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calculation of the single-source image and the fused image respectively; 𝑞𝐴(𝑖), 𝑞𝐵(𝑖), and 𝑞𝐹(𝑗) are the 

normalized histogram distribution maps of the source image A, source image B, and the fused image 𝐹 

respectively.

3.2.4  Peak Signal-to-Noise Ratio (PSNR)

The peak signal-to-noise ratio is calculated as the ratio of the maximum pixel value of the fused image to 

the mean square of the pixel values between the fused image and the ideal image to measure the distortion 

between the source image and the fused result image. The larger the value, the less distortion of the fused 

image. It is defined as follows:

𝑃𝑆𝑁𝑅 = 10 ⋅ log10
𝑀𝐴𝑋2

𝐼
𝑀𝑆𝐸 (14)

𝑀𝑆𝐸 =
1

𝑀 × 𝑊

𝑀

𝑖=1

𝑊

𝑗=1
[𝐼(𝑖,𝑗) ― 𝐾(𝑖,𝑗)]2(15)

In the formula, 𝑀𝑆𝐸 is the mean square deviation of the overall pixel values between the source image 

and the fused image; MAXI is the maximum possible pixel value of the fused image.

4.  Analysis and Discussion

4.1  Ablation Experiment

This section designs three groups of experiments to verify the effectiveness of the module designed in 

this paper. The qualitative and quantitative results of the ablation study are presented in Fig. 6 and Table 1, 

respectively. In Table 1, the best results are highlighted in bold. Firstly, experiments were conducted by 

replacing the shallow-deep feature extraction module (w/o M1) in the encoder with continuous ordinary 

convolutional blocks. The experimental results showed that key indicators such as SD, AG, MI and PSNR 

all presented a significant downward trend. This demonstrates that the multi-receptive field design in SDFE 

is crucial for effectively extracting contrast information of vehicle targets from infrared images while 

simultaneously preserving the texture details of road markings from visible images. The experimental 

results fully verify the effectiveness of the M1 module design. Secondly, when the dual-channel hybrid 
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attention fusion module (w/o M2) was removed, indicators such as SD, AG, MI and PSNR all decreased 

significantly. This phenomenon underscores the critical role of the dual-channel attention mechanism in 

enhancing target saliency and preserving structural information. These results confirm that the DCAFM 

(M2) successfully enhances salient feature information through its dual-channel attention mechanism, 

thereby proving the rationality and effectiveness of its design. In summary, the module designed in this 

paper can effectively improve the effect of fused images.

(a) Infrared image (b) Visible light 
image

(c) w/o M1 (d)w/o M2 (e)DHAFGan

Fig. 6. Visualization result graph of the ablation experiment

Table 1. Quantitative Comparison Of Ablation Experiments
Method SD AG MI PSNR

w/o M1 7.5459 2.994 2.0543 62.735

w/o M2 8.4375 2.849 1.8572 60.254

DHAFGan 9.3541 3.9854 2.4321 65.7852

4.2  Comparative Experiment

4.2.1  Subjective qualitative evaluation

To systematically validate the performance advantages of the proposed algorithm, this section conducts a 

qualitative comparative analysis on three sets of representative fusion images selected from the test results on 
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the DroneVehicle dataset. The experimental results are presented in Fig. 7. The figure displays the fusion results 

of visible light images, infrared images, and eight different fusion algorithms, including Anisotropic Diffusion 

Fusion (ADF), Guided Filtering Fusion (GFF), Gradient Transfer Fusion (GTF), Ratio Pyramid (RP), 

Convolutional Neural Networks (CNN), Fusion Generative Adversarial Network (FusionGAN), Generative 

Adversarial Network with Multi-Class Constraints (GANMcC), and the proposed Dense Hybrid Attention 

Fusion Generative Adversarial Network (DHAFGan). As shown in Fig. 7, significant differences can be 

observed among the algorithms in terms of information retention, contrast enhancement, texture sharpness, and 

visual naturalness. The detailed analysis is as follows:

The fusion results of the ADF algorithm generally exhibit low overall brightness and insufficient image 

contrast, leading to poor distinction between targets and the background. Edge information in certain regions is 

blurred, particularly in details such as vehicle contours and road markings, resulting in an ineffective 

preservation of texture features from the visible light image.

Although the GFF algorithm can preserve the intensity information of the infrared image to some extent, the 

fusion images exhibit noticeable edge blurring. Texture information of vehicle targets is almost entirely lost, and 

background details are poorly represented, resulting in an overly smooth overall visual effect lacking in 

layering.

The GTF algorithm demonstrates prominent performance in enhancing target saliency and effectively 

preserves intensity information from the infrared image. However, excessive sharpening of moving vehicles 

leads to halo effects and artifacts in certain areas, causing visual distortion and compromising the naturalness of 

the image.

The fusion results of the RP algorithm achieve a relatively balanced performance in overall contrast and 

brightness. However, it still falls short in preserving detailed textures, with over-smoothing observed in certain 

regions, particularly in road textures and vehicle contours, leading to noticeable information loss.

Compared with traditional methods, the CNN algorithm performs better in balancing information, effectively 

retaining texture details from the visible light image and intensity information from the infrared image. The 
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fusion results are visually natural with high edge sharpness, though slight overexposure occurs in some 

highlight regions.

The FusionGAN algorithm preserves target intensity information from the infrared image relatively well but 

inadequately retains texture details from the visible light image, resulting in blurring and artifacts in some areas. 

The overall visual effect is somewhat dark, and the visual naturalness requires improvement.

The GANMcC algorithm exhibits moderate performance in integrating multi-modal information. The fusion 

images suffer from severe loss of background texture details and information loss in certain target regions, 

leading to poor overall visual quality and failing to meet the requirements of high-quality image fusion.

Compared with the aforementioned seven algorithms, the proposed DHAFGan algorithm demonstrates 

significant advantages in subjective visual performance. Specifically, DHAFGan completely preserves the 

structural features of the iron framework of occluded vehicles from the visible light image while effectively 

extracting and integrating salient target information from the infrared image, achieving a balanced 

representation of multi-modal features. The fusion results exhibit high visual similarity to the source images, 

without noticeable distortion, artifacts, or noise interference. The overall image brightness is moderate, and the 

contrast is natural, aligning well with human visual perception. In detailed regions such as road markings, 

vehicle contours, and background buildings, DHAFGan maintains high sharpness and texture integrity, 

effectively avoiding issues such as excessive sharpening and information loss commonly observed in traditional 

methods.

In summary, from a subjective visual perspective, the fused images generated by the DHAFGan algorithm 

achieve a high degree of consistency in apparent quality with visible light images while fully retaining the 

salient target information from infrared images. The algorithm significantly outperforms the other seven 

comparative algorithms in terms of information retention, visual naturalness, and texture sharpness, thereby 

fully validating its superior performance in multi-modal image fusion tasks.
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（f）RP

（g）CNN

（h）FusionGAN

（i）GANMcC

（j）DHAFGan
Fig.7.  A comparison chart of the fusion results of the DroneVehicle dataset

4.2.2  Objective quantitative evaluation

The experimental results are shown in Table 2. The DHAFGan algorithm proposed in this paper performs the 

best in the SD index, and its value is significantly better than that of other comparison algorithms, fully 

This manuscript is a preprint and has not been peer reviewed. The copyright holder has made the manuscript available under a  Creative Commons Attribution 4.0 International
(CC BY) license and consented to have it forwarded to EarthArXiv for public posting.license EarthArXiv

http://creativecommons.org/licenses/by/4.0/
https://eartharxiv.org/


29

verifying the significant advantage of this method in improving the contrast of fused images. This translates to 

outstanding visual performance in the fused images. In terms of the AG index, the DHAFGan algorithm ranks 

second, indicating that its fusion results have certain advantages in maintaining texture gradient information. 

DHAFGan also ranks first on the MI metric, with a quantitative result substantially higher than other methods. 

This proves its superior ability to retain feature information from both source modalities. Finally, DHAFGan 

attains the top PSNR value, indicating its effectiveness in suppressing image distortion and resulting in the 

lowest level of visual noise among all compared algorithms. In summary, the quantitative analysis reveals that 

DHAFGan demonstrates dominant performance across three key metrics (SD, MI, PSNR). It is only slightly 

outperformed by the RP method on the AG index. This overall performance profile thoroughly validates the 

comprehensive superiority of our proposed method for the multimodal image fusion task, particularly 

highlighting its significant advantages in preserving source information integrity and enhancing visual quality.

Table 2. Quantitative comparison results of multiple fusion algorithms in the dronevehicle dataset
ADF FusionGAN GANMCC GFF GTF CNN RP DHAFGan

SD 8.4684 8.1253 9.1548 8.4526 8.3261 8.7536 8.6951 9.3541

AG 2.9132 2.2356 1.8732 3.3561 2.5943 3.7634 4.4125 3.9854

MI 1.8536 2.1873 0.8941 2.1357 2.3148 1.8549 1.8261 2.4321

PSNR 65.4816 61.2894 62.6542 61.3781 62.9155 63.5732 65.4561 65.7852

Note：The bolded results are the optimal results, and the results underlined are the second-best results.

4.2.3  Comparison of computational efficiency

This section conducts a quantitative comparative analysis of the fusion efficiency based on the test data. The 

experimental results are shown in Table 3. Compared to other deep learning-based fusion algorithms, the 

computational efficiency of our DHAFGan is slightly lower than that of FusionGAN. This difference is 

primarily attributed to the increased model complexity introduced by the multi-receptive field feature extraction 

and dual-channel hybrid attention fusion modules. Although the improvement in the model network architecture 

will lead to a relative increase in computing time, it can be known through the comprehensive analysis of 
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subjective evaluation and objective indicators that this algorithm shows significant advantages in the quality of 

fused images. Therefore, the design strategy of trading a moderate increase in inference time for a substantial 

improvement in fusion quality is justified and holds practical value for applications where image quality is 

paramount. 

Table 3. Comparison of the average fusion time of the algorithm

ADF FusionGAN GANMCC GFF GTF CNN RP DHAFGan

Dronevehicle

Mean(s)
0.7892 0.1918 0.2717 1.0226 3.8966 0.2638 0.5627 0.5437

Note：The bolded results are the optimal results, and the results underlined are the second-best results.

5.  Conclusion

This paper has addressed key limitations in existing image fusion algorithms, including inadequate 

perception of salient features, generated images that are inconsistent with human visual perception, and 

underutilization of important secondary information. To this end, we have proposed DHAFGan, a novel 

infrared and visible image fusion algorithm based on shallow-deep feature extraction and dual-channel 

hybrid attention. Firstly, The core of our framework features a hierarchical feature extraction module, 

which integrates a shallow feature extraction component with a deep multi-receptive field fusion unit. This 

design enables parallel processing of low-level detail features and cross-scale high-level semantics, 

achieving a more comprehensive capture of multimodal features. Secondly, a dual-channel hybrid attention 

fusion module (DCAFM) was designed to perform adaptive, modality-specific feature weighting for the 

infrared and visible light streams. By reinforcing critical information and suppressing redundant 

components, it ensures the precise extraction of modal features that contribute most significantly to the 

fusion result. Furthermore, a dual-discriminator adversarial training architecture was also constructed. This 

architecture facilitates the dual optimization of feature fidelity and visual consistency through adversarial 

training, ensuring the fused image retains source features while conforming to human visual characteristics. 
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Finally, primary and secondary feature loss functions were formulated. These losses model the 

complementarity between intensity and gradient features for infrared images, while emphasizing the 

correlation between gradient and intensity information for visible images. This differentiated constraint 

strategy fully exploits the potential complementary information inherent in the dual-modal data. The 

experimental results show that the fused images generated by the algorithm in this paper achieve better 

fusion effects in subjective visual expression and are superior to seven typical fusion algorithms in 

objective indicators such as AG, MI and PSNR. The primary limitation of the current work is the increased 

computational time resulting from the model's complexity, which affects its fusion efficiency. Therefore, 

our future work will focus on developing fusion algorithms that maintain high performance while 

significantly improving computational efficiency, potentially through network lightweighting or knowledge 

distillation techniques.
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