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Abstract ： For cross-modal image fusion, fused images 
often suffer from imbalanced contributions of cross-modal 
features, while multi-channel activation results in a 
significant increase in intermediate tensor dimensions within 
the fusion network. To address these challenges, we propose 

AdaFuse, a cross-modal image fusion algorithm based on 
negative value calibration and adaptive hierarchical 
activation. By employing a hierarchical feature perception 
strategy and dynamic computational allocation, the 
algorithm routes feature maps into shallow or deep 
processing paths based on their information content, 
enabling adaptive allocation of computational resources 
according to information density. During the fusion stage, 
negative value calibration is used to select attention regions 
for modal guidance, suppressing conflicting activations that 
may cause image distortion. We further introduce CA-Net, a 
cross-modal discriminator that incorporates multi-pathway 
modal information to enhance feature representation during 
training. Visible-infrared image fusion is selected as the 
validation task for the proposed algorithm. Extensive 
experiments on widely adopted benchmarks demonstrate 
that our approach significantly outperforms existing 
methods in terms of computational efficiency and fusion 
quality. Moreover, the proposed framework of hierarchical 
perception and precise control provides a promising 
methodological reference for broader tasks, such as 
hyperspectral and medical image fusion. 
Key Words: Precise Segmentation;  Image Fusion;  
Adaptive Activation;  Negative Value Calibration



1 INTRODUCTION 

Among the various research directions in multi-source 
image fusion, infrared and visible image fusion has attracted 
considerable attention in both academia and engineering due 
to the complementary characteristics of the two modalities 
in complex environments[1]. Infrared images capture thermal 
radiation and enable robust target detection under low-
illumination conditions, such as nighttime and adverse 
weather, whereas visible images preserve rich texture, 
structural, and color details that are crucial for human 
perception and subsequent vision tasks. Effective fusion of 
these modalities not only enhances target detectability but 
also improves the overall visual quality of the fused image, 
thereby contributing to advanced intelligent perception 
systems [2]. 

Traditional fusion methods—such as those based on 
multi-scale transforms (e.g., wavelet transforms[3] and sparse 
representation [4], can be viewed as saliency-driven 
weighting strategies. While they have achieved moderate 
success, they are inherently limited in handling complex 
nonlinear relationships and in extracting high-level semantic 
information. With the advent of deep learning, fusion 
approaches leveraging Convolutional Neural Networks 
(CNNs) and Generative Adversarial Networks (GANs) have 
become mainstream[5]. These methods learn fusion strategies 
directly from data in an end-to-end manner and have 
demonstrated clear advantages over conventional 
approaches. 

Liu et al. [6] designed a residual fusion module based on 
ResNet to fuse residual information rather than the original 
source images. This strategy helps preserve visible color and 
texture while introducing complementary infrared 
information, thereby reducing color distortion. However, the 
residual design introduces a large number of intermediate 
feature maps, increasing channel concatenation complexity 
and computational cost. Zhao et al.[7] employed deep image 
decomposition for region-aware fusion by separating the 
image into a base layer and a thermal-detail layer. This 
design enables finer control of infrared information injection 
and alleviates oversaturation caused by excessive thermal 
energy in the background. However, its strong dependence 
on segmentation-oriented optimization limits generalization 
across datasets, and noise in complex scenes may also be 
amplified when treated as detail information. Xu et al. [8] 
proposed an adaptive fusion loss function based on 
information preservation degree. This function dynamically 
adjusts the fusion weights according to the information 
content of the input image pair, thereby preventing one 
modality (especially the high-energy infrared image) from 
overly dominating the fusion process and fundamentally 
alleviating oversaturation. Nevertheless, its strong pursuit of 
generalization results in performance on final fusion metrics 
that is inferior to specifically constrained models, while the 
complex network layers also lead to lower computational 
efficiency compared to deep networks specifically designed 
for fusion. 

To address these limitations, this paper proposes an 
adaptive hierarchical activation network for infrared-visible 
image fusion. The proposed framework introduces negative 
value calibration to regulate the diffusion of infrared features, 
employs a center-guided diffusion attention mechanism, and 
incorporates multiple perception-driven loss functions 
together with a comprehensive evaluation system. As a result, 

the method effectively improves both structural clarity and 
visual quality in the fused images. 

2 PROPOSED ALGORITHM 

2.1 Adaptively Activated Fusion for Visible and 
Infrared Images 

In this paper, we propose a network architecture based on 
adaptive hierarchical activation connections. This 
architecture adaptively stratifies the visible image, directing 
layers with high mean deviation into the deep network for 
high-level semantic feature extraction, while the remaining 
layers are processed by the shallow network to preserve 
foundational details. The output from the shallow network 
serves as connecting layers, which are ultimately aligned 
with the deeply processed high-mean layers via feature 
alignment. By connecting the original image feature maps 
with intermediate processing layers, details are retained 
while effectively preventing the introduction of excessive 
tensors in the middle stages of the network, thereby 
significantly controlling computational complexity. 
Furthermore, this paper introduces a negative value 
calibration method with restricted diffusion. This method 
employs a gradient variation adjustment strategy between 
network layers, enabling the diffusion gradient to 
synchronize with the degree of variation in each layer. In 
summary, the proposed network can substantially reduce 
computational load compared to traditional methods while 
ensuring that the final fused image achieves enhanced 
thermal target representation and preserved background 
details. 
2.1.1 Adaptive Convolutional Network Based on 
Visible Image Hierarchical Activation 

The activation mechanism is a fundamental component of 
deep neural networks, as it introduces nonlinear 
transformations that enable the model to approximate 
complex nonlinear mappings. Rectified Linear Unit (ReLU) 
and its variants, such as Leaky ReLU, ELU, and GELU, have 
been widely adopted in convolutional neural networks 
(CNNs) and generative adversarial networks (GANs) 
because of their effectiveness in sparse activation and 
gradient propagation. To improve the quality of infrared-
visible fused images while maintaining a reasonable 
computational cost, we introduce channel attention for 
adaptive feature activation, aiming to balance global contrast 
enhancement and local structure preservation. 

Channel attention mechanisms, represented by the 
Squeeze-and-Excitation (SE) network [9], have substantially 
improved feature representation in deep models. By 
modeling inter-channel dependencies, they allow the 
network to adaptively recalibrate channel-wise responses, 
thereby strengthening informative features while 
suppressing redundant ones. 

In low-light visible images, the RGB channels often 
exhibit noticeable differences in mean intensity, meaning 
that one channel may contain a larger proportion of dominant 
grayscale information. During forward propagation, this 
high-response channel tends to preserve more complete 
feature details because of its stronger signal intensity. In 
contrast, subtle features in low-response channels may be 
compressed into a narrower dynamic range after operations 
such as batch normalization, since they are jointly 
normalized with high-value channels. This distribution shift 
makes weak features more likely to fall into the inactive 



region of subsequent activation functions, such as ReLU, 
thereby limiting their effective propagation and gradually 
weakening their representation in deeper layers. 

To mitigate the issue of gradient diminishment or even 
vanishing in color domain layers with low mean values after 
processing through deep networks, this paper proposes a 
detail-first adaptive hierarchical activation fusion network. 
The specific pipeline is illustrated in Figure 1. It begins by 
performing global feature modeling separately on each RGB 

layer of the visible (VIS) image. Subsequently, a cross-
modal cross-attention mechanism (LowEnhance & IR Guide) 
is utilized to achieve modality guidance and deep 
information interaction. As detailed in the layer stitching 
process shown in Figure 2, the single-channel fusion layer 
obtained from shallow network processing serves as a 
residual connection. This design can replace traditional 
ResNet layers, thereby simplifying channel concatenation 
operations within the network. 

Fig.1. Adaptive Hierarchical Activation Process 

Fig.2. Dual-Stream Fusion 

Linear projections are applied to the feature tensors of the 
infrared-visible image pair. Specifically, separate linear 
mappings are performed on the infrared features and on each 
RGB channel of the visible features, as expressed in 
Equation (1): 

         𝑄 = ௤ܹܨூோ ∈ ܴௗ×ே  

ܭ  = ௞ܹܨ௜௏ூௌ ∈ ܴௗ×ே (1) 

 ܸ = ௩ܹܨ௜௏ூௌ ∈ ܴௗ×ே  

Where ܨ௜௏ூௌ  represents the i-th color channel of the 
visible image, with ݅ ∈ [ܴ, ,ܩ and ௤ܹ,  [ܤ , ௞ܹ , ௩ܹ ∈ ܴௗ×஼ , 
are the learnable projection matrices. Here, ݀ denotes the 
transformed feature dimension and ܰis the number of spatial 
tokens. 

The attention weights are computed from the correlation 
between the Query and Key representations. In our design, 
the Value branch is emphasized to preserve fine details and 
maintain accurate texture contrast in the fused image. 
Channels with large Value-deviation ratios are routed to the 
backbone for deep processing. After concatenation with 
infrared features, negative value calibration with restricted 
diffusion is applied to suppress the excessive spread of 
enhanced infrared responses, thereby reducing color 
deviation and visual distortion in the fused result. 

In contrast, channels with small Value deviations are 
processed in the shallow branch. At this stage, an infrared-

guided low-frequency enhancement module (LowEnhance) 
is introduced to establish cross-modal interaction and 
enhance thermal target contours in the background. Through 
this dual-path parallel design, the overall computational 
burden is reduced because the shallow branch is significantly 
less expensive than the deep branch. In nighttime scenes 
with severe color cast, the computational cost can be further 
decreased because fewer channels are activated for deep 
processing. 
2.1.2 Precise Segmentation of Infrared Thermal 

Targets 

In conventional visible and infrared image fusion 
networks, the energy from high-temperature regions in the 
infrared image often diffuses indiscriminately during the 
fusion process [10]. This diffusion causes abnormal 
brightening in the detailed regions surrounding target 
contours, a phenomenon referred to as highlight 
contamination. As a result, target saliency is weakened and 
the fidelity of non-thermal background details is degraded. 

To address this issue, this paper proposes a limited 
diffusion method for thermal targets based on spatial range 
constraints and negative value symmetric calibration. The 
core objectives of this method are to: enhance the saliency 
of thermal target regions while effectively preserving 



surrounding environmental details, and prevent the 
disordered diffusion of high-temperature energy to adjacent 
pixels. First, a threshold segmentation is applied to the 
infrared image ܨூோ  to extract the thermal target mask MIR 
as shown in Equation (2): ܯூோ(ℎ, (ݓ = ,ூோ(ℎܨ  ,1} (ݓ  ≥  ூܶோ0,             otherwise         (2)                             

where,  ூܶோ denotes the segmentation threshold, 
and (ℎ, (ݓ  represents the spatial coordinates of each 
pixel. ,ூோ(ℎܯ (ݓ = 1  indicates a high-temperature region, 
whereas ܯூோ(ℎ, (ݓ = 0  corresponds to the background. 
During fusion, enhancement of thermal responses is 
restricted to the spatial region defined by ܯூோ = 1. For each 
high-temperature pixel (ℎ0, an s , (0ݓ × s  window is 
centered on it. Corresponding feature patches are then 
extracted from the thermal region and from a symmetric non-
thermal background region, denoted as the thermal 
window ℎࣱ௢௧  and the background window ௕ࣱ௚ , 
respectively. The thermal window centered at (ℎ0,  is  (0ݓ
defined as ℎࣱ௢௧ = ூோ[h0ܨ − Δ: h0 + Δ, w0 − Δ: w0 + Δ] 
     ௕ࣱ௚ = ௏ூௌ[ℎ0ܨ − Δ: ℎ0 + Δ, 0ݓ − Δ: 0ݓ + Δ] (3) Δ = min (Δmax, ⌊ ,ℎ)ߚூோmaxܨ (ݓ  ⌋) 

Where Δdetermines the spatial radius of the local window. 
The background window ௕ࣱ௚  is selected from a 
symmetric non-thermal region with respect to the thermal 
center. For each pixel inside ℎࣱ௢௧  , negative value 
calibration is imposed on pixels in the surrounding non-
thermal region at an equivalent spatial distance. The key idea 
is to apply a calibration window of the same size around 
high-temperature pixels while using spatially symmetric 
background points as constraints. 

During the later upsampling stages, this strategy creates a 
clearer gradient contrast between thermal and non-thermal 
regions, thereby enhancing thermal target saliency while 
suppressing excessive diffusion to nearby non-target pixels. 
In the fusion network, saliency detection or threshold 
segmentation is first performed on the infrared image to 
obtain a thermal saliency mask, ܯூோ .Under conventional 
attention mechanisms—such as Self-Attention (SA)[11], Co-
Attention (CA)[12], and Window-Attention (WA)[13] , high-
response thermal features are further emphasized after 
attention computation. However, after downsampling and 
subsequent upsampling, these strong responses tend to 
spread into neighboring low-temperature regions, producing 
pseudo-halo artifacts. 

To address this issue, this paper introduces a Distance-
Decay Modulation with Suppressed Diffusion. This 
mechanism achieves a gradient attenuation, radiating 
outward from the central pixel where negative value 
calibration is applied, as detailed in Equation (4), The 
distance-decay coefficient is defined as ߚ(ℎ, (ݓ = ݔܽ݉ ݌ݔ݁) (− ௗ2(ℎ,௪)2σ2 ) ,  ௕௚)    (4)ߚ 
where ݀(ℎ, (ݓ  denotes the distance from the pixel at 
location(ℎ,  to the nearest thermal target boundary. The (ݓ
parameter ߪ  controls the rate of attenuation, and ߚ௕௚  denotes the minimum brightness gain for the 
background region. A learnable strategy is adopted 
for ߚ௕௚ to adapt to images with varying contrast levels. 
A visualization of this diffusion mechanism is presented in 

Figure 3, and its concrete implementation is given by 
Equation (5): ܨ௖௔௟ = { ,ூோ(ℎܨ  ,ℎ)               ,(ݓ (ݓ ∈ ℎࣱ௢௧1 − ߚ · ,ூோ(ℎ௦ܨ ,(௦ݓ (ℎ௦, (௦ݓ ∈ ௕ࣱ௚       (5)                               
where(ℎ௦,  ௦) denotes the background pixel symmetricallyݓ
corresponding to the thermal center (ℎ0, ߚ , and (0ݓ > 0 is 
the suppression coefficient defined in Equation (4). Here, ܨூோ is normalized to [0,1] . Therefore, the term 1 ,ℎ)ߚ− ,ூோ(ℎ௦ܨ(ݓ  ௦) serves as a symmetric suppressionݓ
response for non-thermal background regions. This 
coefficient is determined by the local distance-decay pattern 
around the thermal target. The calibrated feature map ܨ௖௔௟  is 
then fed into the upsampling module to recover the original 
spatial resolution:  ܨ௨௣(ℎ, ,௖௔௟(ℎܨ)Upsample=(ݓ ((ݓ (6) 

Because thermal regions are positively preserved while 
non-thermal regions are suppressively calibrated, a clear 
gradient contrast is formed at the boundary between thermal 
and non-thermal areas. This effect can be measured by ܩ௘ௗ௚௘(ℎ, (ݓ = ,௨௣(ℎܨ| (ݓ − ,′௨௣(ℎܨ |(′ݓ (7)                            
where (ℎ′, (′ݓ ∈ ࣨ(ℎ, , (ݓ ࣨ(ℎ, (ݓ  denotes the non-
thermal neighborhood of pixel (ℎ,  This mechanism can .(ݓ
be explicitly integrated into the feature flow of the fusion 
network and further strengthened by the edge loss term: ܮedge = 1ܰ ∑ ,edge(ℎܩ ℎ,௪(ݓ (8) 

where N denotes this is used in the calculation of the loss 
function. ߪ   denotes a non-linear activation function, 
and ܨVIS represents the visible light features. 

 

Fig.3. Segmentation algorithm 

2.2 Loss Function Design 

The proposed method mainly consists of an adaptive 
cross-activation architecture and a precise thermal-source 
segmentation module. Through specially designed loss 
functions, the model is encouraged to fully exploit the ability 
of DDCGAN to balance multi-source information 
preservation. As a result, the fused images not only preserve 
critical information from the infrared and visible inputs, but 
also better satisfy the requirements of human visual 
perception and downstream vision tasks. 
2.2.1 Adaptive Activation Loss 

To preserve low-detail and low-brightness features that 
may otherwise be weakened in excessively deep networks, 
and to adaptively determine whether visible features should 
be routed to deeper processing, we introduce the adaptive 
activation loss ܮ஺஺ெ , defined as ܮAAM = 1ே ∑ [ α(ℎ, (ݓ ⋅ ,out(ℎܨ| (ݓ − ,ூோ(ℎܨ |(ݓ +ℎ,௪(1 − α(ℎ, ((ݓ ⋅ ,out(ℎܨ| (ݓ − ,௏ூௌ(ℎܨ [ |(ݓ                         (9)            
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where ܨ௢௨௧(ℎ,  denotes the fused output value (or feature(ݓ
response) at position (ℎ, ,ூோ(ℎܨ while , (ݓ ,௏ூௌ(ℎܨ and (ݓ  denote the corresponding infrared and visible (ݓ
values (or features), respectively. The adaptive weight ߙ(ℎ, (ݓ ∈ [0,1] is dynamically generated by the Adaptive 
Activation Module (AAM) according to local content. It 
indicates the relative preference of the fused output toward 
the infrared or visible modality: a larger ߙ(ℎ,  places (ݓ
greater emphasis on infrared information, whereas a smaller 
value favors visible features. In practice, ߙ(ℎ,  can be (ݓ
jointly determined by the thermal mask, regional saliency, 
feature intensity, and learnable network 
parameters.The ܮAAM loss primarily consists of two terms: 
1.Infrared Guidance Term: ߙ(ℎ, (ݓ ⋅ ,out(ℎܨ| (ݓ ,ூோ(ℎܨ− ,In regions with a large α(ℎ . |(ݓ  the network , (ݓ
output is strongly constrained to resemble the infrared 
features, reflecting infrared dominance (e.g., in thermal 
target regions).  

2.Visible Guidance Term: [1 − α(ℎ, [(ݓ ⋅ ,out(ℎܨ| (ݓ ,௏ூௌ(ℎܨ− ,In regions with a small α(ℎ .|(ݓ  the output is ,(ݓ
primarily guided to match the visible features, emphasizing 
visible light dominance (e.g., in environmental, detail-
rich areas). Here, in 1ே ∑ℎ,௪ the ܰ is the total number of 
pixels in the image, and the final loss is the average over 
all pixels. 
2.2.2 Precise Thermal-Source Segmentation Loss 

To encourage strong responses in thermal-source regions (ܯூோ(ℎ, (ݓ = 1) while suppressing direct thermal 
contamination in nearby non-thermal areas, this paper 
introduces a center- and neighborhood-weighted 
segmentation loss. This loss enhances thermal target saliency, 
allows moderate luminance transition in adjacent regions, 
and preserves structural details in distant background areas 
without introducing abnormal enhancement or excessive 
darkening. It is defined as ܮ௠௢ௗ = ௖ߣ · cܮ + ௡ߣ · ௡ܮ + ఉߣ ·  β  (10)ܮ

where Lc (Eq. 11), Ln (Eq. 13), and Lβ (Eq. 14) denote the 
thermal-center constraint, thermal-neighborhood constraint, 
and background constraint, respectively, while ߣ௖, ߣ௡, and 

 ௕ are their corresponding weighting coefficients. Theߣ
thermal-center constraint is formulated as ܮc = 1|ெ಺ೃ| ∑ ,out(ℎܨ|| ெ಺ೃ∋(ℎ,௪)(ݓ − ,ூோ(ℎܨ  (11)  ||(ݓ

and the corresponding fused response is computed as ܨout(ℎ, (ݓ = ,ℎ)ߚ ,ூோ(ℎܨ(ݓ (ݓ +  [1 − ,ℎ)ߚ ,௏ூௌ(ℎܨ[(ݓ (ݓ (12) 

Here, ܮ௖encourages the output in thermal-center regions to 
remain strongly aligned with infrared responses while still 
retaining visible contextual information. This design 
prevents uncontrolled diffusion of infrared energy and 
allows a moderate luminance elevation around the thermal 
source. In Eq. (12), ߚ(ℎ,  is the calibration coefficient (ݓ
produced by the precise segmentation mechanism.The 
neighborhood constraint is defined as ܮ௡ = 1|ே಺ೃ| ∑ ,out(ℎܨ|| ே಺ೃ∋(ℎ,௪)(ݓ − [β(ℎ, ,ூோ(ℎܨ(ݓ (ݓ +(1 − β(ℎ, ,௏ூௌ(ℎܨ((ݓ  (13)           ||[(ݓ

where ூܰோdenotes the set of pixels surrounding the thermal 
center region. This term complements the center loss by 
constraining the local transition structure around thermal 
targets, thereby helping the model generate more reasonable 
boundaries, richer textures, and clearer details.To further 
regulate distant background regions, a background 
constraint term is introduced: ܮB = 1|஻| ∑ ,out(ℎܨ|| ஻∋(ℎ,௪)(ݓ − ,ூோ(ℎܨ௕௚ߚ] (ݓ +(1 − ,௏ூௌ(ℎܨ(௕௚ߚ  (14)               ||[(ݓ

where ܤdenotes the background region, and ܨூோ(ℎ, ,௏ூௌ(ℎܨ and(ݓ ,are the infrared and visible inputs at location (ℎ (ݓ ,ℎ)ߚ ,respectively. In thermal-center regions ,(ݓ (ݓ ≈ 1, 
so the output is dominated by infrared information and the 
targets remain salient. In neighborhood regions, ߚ(ℎ,  decreases gradually, allowing adaptive luminance (ݓ
transition while preventing direct contamination of nearby 
details. In distant background regions, ߚ(ℎ,  ௕௚, so the output is mainly determined by visible featuresߚ is reduced to(ݓ
with only limited infrared contribution, which prevents the 
background from becoming overly dark without causing 
over-enhancement or unnatural contrast.

Fig.4. PTS Generator 



 

Fig.5. Negative Value Calibration Diffusion Attention Mechanism 

3 Network Architecture Design 

3.1 PTS Generator Module 

To address overflow, boundary blurring, and brightness 
contamination in high-temperature regions during infrared-
visible image fusion, we design a Precise Thermal Source 
(PTS) segmentation module, as illustrated in Fig. 4. The 
module takes the infrared image as input and first extracts 
multi-scale features through convolution and downsampling. 
The attention range is then determined by the Negative Value 
Calibration Diffusion mechanism (Fig. 5), which restricts 
attention to a ܹ × ܹlocal window to reduce computational 
cost.Within this local region, a lightweight Convolutional 
Block Attention Module (CBAM) [14] is introduced for 
feature enhancement. By applying channel and spatial 
attention, the module selectively strengthens salient 
responses and highlights thermal-source regions. A Sigmoid 
activation is then used to generate a normalized thermal 
saliency mask. 

During training, the PTS module is jointly optimized 
with the fusion generator. The segmentation branch is 
supervised by a thermal saliency loss composed of binary 
cross-entropy and a learnable ߚ-related term, which helps 
improve thermal-region localization while preserving 
brightness in low-temperature areas. The resulting 
segmentation output, shown in Fig. 6, exhibits enhanced 
saliency in thermal targets and clear luminance separation 
from the background. 

Meanwhile, the fusion branch is guided by multiple loss 
terms, including structural similarity (SSIM), gradient 
preservation (edge loss), and pixel reconstruction loss. This 
combined optimization strategy effectively suppresses 
highlight overflow and improves contrast, structural fidelity, 
and overall visual quality in the fused image. 

 

 

Fig.6. 00735N Segmentation Result 
3.2 Multi-Channel Discriminator with Weighted 

Cross-Attention 

To constrain the generated fused image to approximate 
the real distribution in both the intensity domain (RGB) and 
the high-frequency structural domain (gradient), this paper 
designs a dual-branch discriminator composed of a main 
RGB branch and a gradient-aware branch. Built on a patch-
based discrimination framework, the discriminator further 
incorporates a weighted cross-attention network (CA-Net). 
This design jointly models global contrast and color 
consistency while emphasizing high-frequency information 
such as edges and textures, thereby improving the clarity and 
structural fidelity of the fused results. 

The main discriminator branch takes a three-channel 
image ܺ ∈ ܴு×ௐ×3 as input. It employs hierarchical 
downsampling blocks constructed by stacking multiple 4 × 4 convolutional layers with stride 2, each followed by 
Instance Normalization. 

 



 
Fig.7. CA-Net Network Architecture 

and a LeakyReLU activation. The process culminates in a 
3×3 convolution that maps the features to a single-channel 
response map (ݔ)ோீ஻ܦ  ∈ ܴு′×ௐ′ , achieving patch-wise 
authenticity discrimination.Building upon this foundation, a 
gradient-aware branch is introduced to enhance supervision 
over high-frequency details. The input is first converted to 
grayscale using BT.601 coefficients, as shown in the 
following equation: ܺ௚௥௔௬ = 0.299ܺோ + 0.587ܺீ + 0.114ܺ஻ (15) 

then extracted using Sobel operators: ܩ = ௫2ܩ√ + ௬2ܩ + ϵ ௫ܩ (16) = ܺ௚௥௔௬ ∗ ܵ௫，ܩ௬ = ܺ௚௥௔௬ ∗ ܵ௬ 

where ܵ௫  and ܵ௬  denote the horizontal and vertical Sobel 
kernels respectively, and ε is a numerical stability term set 
to 0.01 ×  ௫ܩ] + ܩ ௬] . The gradient magnitude mapܩ  is 
processed through a lightweight downsampling stack 
architecturally consistent with the main branch but with 
reduced parameters, producing the gradient response 
map ܦ௚௥௔ௗ(ܩ) ∈ ܴு′×ௐ′ . The discriminator loss is 
formulated as: ܮ஽ = ௫∈௑ܧ [ϕ (1 − ((ݔ)௥௚௕ܦ + λ௚  ϕ (1 [(((ݔ)ܩ)௚௥௔ௗܦ− + ௫̂∈௒ܧ [ϕ (1 + ((ݔ̂)௥௚௕ܦ + λ௚  ϕ (1  (17)        [(((ݔ̂)ܩ)௚௥௔ௗܦ+

Adversarial Loss for the Generator: ܮ௔ீௗ௩ = ௫̂∈௒ܧ [ϕ ((ݔ̂)௥௚௕ܦ−) + λ௚  ϕ [(((ݔ̂)ܩ)௚௥௔ௗܦ−) (18) 

where ϕ(⋅) denotes the adversarial criterion (e.g., ϕ(ݖ) 0,1)ݔܽ݉= + (ݖ  for hinge loss or ϕ(ݖ) = 2ݖ  for LSGAN), 
and λ௚  regulates the importance of gradient-domain 
adversarial learning. During training, LGadv can be combined 
with weighted reconstruction terms—such as SSIM, 
perceptual loss, and edge preservation loss—to 
simultaneously enhance global realism and local sharpness. 
2.2.1 CA-Net Attention Module 

During discriminator fusion, a dynamic weighting 
strategy guided by cross-modal attention is introduced to 
enable more effective extraction of complementary 
information from infrared and visible images, as illustrated 
in Fig. 7. First, the infrared and visible images are converted 
to grayscale and projected into embedded feature 
representations through convolutional mapping. The visible 
grayscale features are used as the Query ( 𝑄 ), while the 
infrared grayscale features serve as the Key (ܭ) and Value 
(ܸ). Cross-modal attention is then computed at the scale of 
the main discriminator branch output, as defined in Equation 
(19): 

,𝑄)݊ݐݐܣ ,ܭ ܸ) = ݔܽ݉ݐ݂݋ܵ (𝑄்ܭ√݀ ) ܸ (19) 

where d denotes the embedding dimension and is used for 
normalization to maintain numerical stability. The resulting 
cross-modal contextual features are further processed by a 
convolutional layer followed by a Sigmoid activation, 
producing a single-channel spatial weight map ߛ ∈[0,1]஻×1×ℎ×௪, whose spatial resolution matches that of the 
discriminator logits. Guided by this weight map, the outputs 
of the RGB branch and the gradient branch are fused as ܦout = γ ⋅ gradܦ + (1 − γ) ⋅ rgbܦ (20) 

This cross-modal attention mechanism[15] enables the 
discriminator to perform adaptive discrimination based on 
the modality dominance in different regions: it enhances the 
constraint from the gradient branch in infrared-dominant 
areas (e.g., thermal targets or edges), while preserving more 
texture and detail in visible-dominant regions, thereby 
obtaining more discriminative supervisory signals. 
4 Experimental Results and Analysis 

The proposed method was evaluated on a workstation 
equipped with an AMD EPYC 9754 CPU and an NVIDIA 
RTX 4090D GPU. The model was implemented in Python 
using the PyCharm integrated development environment. 
Both the proposed method and all comparison methods were 
trained and evaluated in full precision. 
4.1 Datasets 

Publicly available MSRS (Multi-Spectral Road Scenarios) 
and M3FD datasets were used for evaluation. Both datasets 
are designed for multi-spectral image fusion and multi-
modal perception tasks, and each contains registered pairs of 
infrared (IR) and RGB visible (VIS) images. Focusing on 
road and traffic scenes, they cover diverse weather and 
illumination conditions, including daytime, nighttime, fog, 
and rain, thereby reflecting sensor imaging characteristics in 
complex environments. All images have a unified resolution 
of 640 × 480 pixels and are carefully aligned to ensure 
spatial correspondence between the infrared and visible 
modalities. 

In this study, the number of low-visibility samples in the 
original MSRS dataset was increased to 4,252 image pairs 
through cropping and sample generation. The test set was 
constructed by uniform interval sampling with a ratio of 20:1, 
and an additional 20 images were reserved for convergence 
monitoring after each training epoch. 
4.2 Training Configuration 

The maximum number of training epochs was set to 100. 
To avoid unnecessary training and overfitting, an early 
stopping strategy was adopted: training was automatically 
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terminated if no performance improvement was observed for 
five consecutive epochs.  

4.3 Fusion Performance Evaluation Metrics 

Information-theoretic metrics are mainly used to quantify 
the overall information content contained in fused images. 
Representative indicators include entropy (EN), mutual 
information (MI), average gradient (AG), and standard 
deviation (SD). Specifically, EN reflects the richness and 
distribution uniformity of image intensity, MI measures the 
amount of shared information between the fused image and 
the source images, SF and AG characterize detail sharpness 
and texture richness, and SD evaluates grayscale contrast. In 
general, higher values of these metrics indicate that the fused 
image preserves more useful information information [16]. 

Structural similarity metrics are used to evaluate how well 
the fused image preserves the structural and textural 
characteristics of the source images. Commonly used 
indicators include the structural similarity index (SSIM), 
peak signal-to-noise ratio (PSNR), mean squared error 
(MSE), and correlation coefficient (CC). Among them, 
SSIM assesses similarity from the perspectives of luminance, 
contrast, and structure; PSNR and MSE measure 
reconstruction differences between the fused and source 

images; and CC reflects the consistency of grayscale 
variation trends [17]. 

Perceptual quality metrics place greater emphasis on 
human visual perception and task-relevant characteristics. 
For example, visual information fidelity (VIF) evaluates 
information preservation based on natural scene statistics, 
while the gradient-based fusion performance index 𝑄஺஻/ி measures how effectively edge and gradient 
information from the source images is transferred to the 
fused result. 

Because no single metric can fully characterize fusion 
quality, this study adopts a multi-metric evaluation protocol 
including EN, AG, SD, MI, SSIM, VIF, and 𝑄஺஻/ி. These 
metrics provide a comprehensive assessment of the proposed 
method from the perspectives of information content, 
structural consistency, and perceptual quality. Such a 
multidimensional evaluation framework not only verifies 
whether the fused image effectively preserves 
complementary information from infrared and visible 
images, but also demonstrates its advantages in visual 
quality and task adaptability. 
4.4 Results Analysis and Comparison 

 

Fig.8. Grayscale Distribution of RGB Channels in MSRS Dataset

4.4.1 Color Balance Variation 

In the infrared-guided analysis experiment, two 
representative samples, 00735N and 00023N, from the 
MSRS dataset were selected for visual comparison. These 
samples contain multiple thermal targets and weak thermal 
targets, respectively, allowing evaluation of the network’s 
sensitivity to targets of different scales as well as its image 
reconstruction capability. After channel decomposition and 
statistical analysis of these two samples (Fig. 8), it was 
observed that the green channel had a significantly higher 
mean intensity than the red and blue channels in the original 
visible images. After further processing, the mean values of 
the three channels changed by −6.82% in R, −11.26% in 
G, and −5.79% in B relative to their original values, with 
the reduction in the green channel being substantially larger 
than those in the red and blue channels. 

This result indicates that the proposed processing 
strategy effectively suppresses overall color cast. By 

reducing the dominance of the green channel, the 
distribution of the three channels becomes more balanced, 
thereby improving color reproduction and visual realism. 
Such adjustment not only weakens the excessive influence 
of the green channel on the overall tone of the image, but 
also enhances image stability and reliability for subsequent 
fusion and perception tasks. 

Furthermore, taking sample 00735N as an example, the 
grayscale distribution during intermediate processing stages 
(Fig. 9) shows that the infrared responses are effectively 
constrained within the visible component. As a result, the 
final fused image achieves better consistency with both 
modalities in terms of visual quality and quantitative 
performance. This targeted suppression of high-mean 
channel intensity further improves color consistency, 
making the fused result more consistent with human visual 
expectations. 



Fig.9. 00735N Post-Accurate-Segmentation Distribution 

During inference, the input visible image is decomposed 
into three channels. The channel with the lowest grayscale 
mean is taken as the reference and normalized to 1.000. The 
deviation ratio of each remaining channel is then calculated 
as the ratio between its mean value and that of the reference 
channel. Under the adaptive hierarchical activation 
mechanism, the computational cost of image fusion varies 
with the chromatic deviation of the visible image, as 
summarized in Table 1. 

For images in the MSRS dataset with larger inter-channel 

mean deviations, such as 00023N, 01011N, and 00735N, the 
deviation ratio of the green channel exceeded the adaptive 
threshold (initialized to 0.05 and dynamically updated 
through weighted averaging during processing). As a result, 
these channels were routed to the deep branch for further 
processing. In the final fused images, the dominance of the 
green channel was reduced, leading to a more visually 
balanced chromatic distribution. 

By contrast, some images from the M3FD dataset, such as 
04037 and 00359, exhibited much smaller deviations among 
the three visible channels, indicating a more uniform 
chromatic distribution. Consequently, their channel 
distributions remained largely consistent with the original 
images after fusion. For image 01443 from the same dataset, 
however, the larger deviations in the green and blue channels 
triggered deeper processing. Overall, the computational cost 
is positively correlated with the number of channels whose 
mean-deviation ratios exceed the adaptive threshold. 

 

TABLEⅠ. The Impact of Mean Chromatic Deviation on Computational Load 

Image R_C/mean G_C/mean B_C/mean R_C/bias G_C/bias B_C/bias Flops/G 

00023N 20.09 27.03 18.69 1.074 1.446 1.000 112 

00735N 20.64 22.39 20.20 1.022 1.108 1.000 112 

01011N 14.50 20.72 13.78 1.000 1.146 1.017 112 

04037 86.99 88.56 88.35 1.000 1.018 1.017 157 

01443 75.63 84.56 83.35 1.000 1.118 1.102 132 

3.4.2 Comparative Evaluation 

To validate the effectiveness of the proposed method, we 
conducted comparative experiments against typical fusion 
methods, including DDcGAN [18],[19] and SwinFusion [20], as 
well as several state-of-the-art methods with excellent 
performance, namely CrossFusion [21], DenseFusion [22], and 
FreeFusion [23]. To further verify the algorithm's reliability, 
representative images from the M3FD dataset were selected 
for testing. 

A visual comparison on typical images from the MSRS 
dataset (Figs.10-11) reveals that, due to the dataset's 
generally simple background heat sources and low color 
saturation, the challenge of fusing detailed textures is 
relatively low. Consequently, the compared methods 
demonstrate similar performance in representing 
background features and pedestrian heat sources in the 
fusion results. Among them, Cross Fusion excels in 
scenarios with smaller thermal targets, as it enhances the 
contrast between the heat source and the background through 
cross-modal interaction, leading to superior performance for 
small thermal objects.Compared to these methods, the 
proposed fusion network not only achieves a better balance 
between infrared target enhancement and visible detail 
preservation but also shows consistent improvements across 
multiple objective metrics. This indicates that our method 
significantly enhances the information utilization and visual 
presentation of the fused image while ensuring structural 

fidelity. However, there remains room for improvement in 
the overall sharpness of the fused result. In multimodal 
image fusion and its downstream tasks (e.g., object 
detection), clear and sharp target contours can enhance the 
distinction between foreground and background, thereby 
improving the localization accuracy of regions of interest 
and the expressiveness of their features. 

On the widely used MSRS dataset, the average metrics of 
our method, compared to the best-performing baseline, 
demonstrate significant gains: Entropy (EN) increased by 
7.83%. These improvements in information-theoretic 
metrics indicate superior detail retention and richer 
grayscale level distribution in the fused images. Metrics for 
structural similarity also showed substantial improvements: 
Correlation Coefficient (CC) increased by 13.14%, and 
Structural Similarity (SSIM) increased by 4.23%, 
confirming that our method better preserves structural 
consistency and textural details from the source images. 
Meanwhile, in terms of perceptual quality metrics, Standard 
Deviation (SD) increased by 6.71%, and the gradient-based 
fusion performance 𝑄஺஻/ி  increased by 14.96%, both 
reaching higher values, which further validates the 
advantages of our fusion results in visual quality and edge 
preservation. The average inference time was 0.0065s/image. 



  

Fig.10 01011N Comparison of Results                    Fig.11 00735N Comparison of Results  

TABLE Ⅱ. Objective Evaluation Metrics for MSRS Fused Images 
Image EN MI QAB/F AG CC SD SSIM VIF 

01011N 7.913 6 3.957 2 0.709 2 4.842 4  0.649 8 48.634 3 0.811 7 0.799 7 

00735N 7.950 1 3.994 5 0.742 3 4.544 7 0.673 6 48.323 5 0.800 1 0.791 1 

 

TABLE Ⅲ. Average Objective Evaluation Metrics on the MSRS Dataset

In the algorithm reliability test, the network trained on the 
MSRS dataset was applied to fuse image pairs from the 
M3FD dataset. The results in Fig.12 demonstrate that on the 
M3FD image pairs, while the CrossFusion method 
successfully enhances the infrared thermal targets within the 
region of interest (marked by the red box), its cross-modal 
interaction mechanism introduces excessively high contrast 
in the background areas outside the pedestrians. This leads 
to an overall image with overly strong sharpness. DDcGAN 
shows improvement in balancing the infrared target and 

visible details. However, constrained by its limited receptive 
field, it still suffers from local blurring in edge regions and 
deta ， iled borders. DenseFusion achieves satisfactory 
highlighting of infrared targets with superior computational 
efficiency. Yet, the extensive use of skip connections causes 
the infrared components to disproportionately dominate the 
fusion result, resulting in significant loss of background 
details, particularly in high-frequency texture regions 
(marked by the yellow box), where its performance is 
suboptimal. 

  

Fig.12. M3FD 04037 Comparison of Results               Fig.13. 01443 Comparison of Results 

TABLE Ⅳ. Generalization Evaluation of the Proposed Method on the M3FD Dataset 
Image EN MI QAB/F AG CC SD SSIM VIF 

04037 7.964 5 3.993 2 0.763 7 4.534 6   0.696 7 49.543 4 0.891 6 0.846 3 

01443 7.925 2  3.921 6 0.754 9 4.556 5   0.689 3 49.633 8 0.893 2 0.858 4 

Method EN MI QAB/F AG CC SD SSIM VIF Time/s 

FusionGAN 6.350 0 2.159 6 0.312 3 2.587 5 0.547 6 27.435 3 0.674 7 0.442 0 0.015 1 

DDcGAN 7.350 3 2.058 0 0.346 3 5.722 5 0.526 3 44.014 0 0.528 3 0.485 3 0.018 1 

DenseFuse 6.369 0 2.436 3 0.348 3 3.967 3 0.595 9 26.829 0 0.733 7 0.572 7 0.010 4 

SwinFusion 6.872 0 3.846 7 0.562 3 3.948 7 0.542 0 44.159 7 0.711 0 0.800 0 0.034 4 

FreeFusion 7.228 0 4.134 2 0.674 3 4.032 6 0.528 6 45.382 0 0.772 9 0.769 0 0.004 9 

CrossFuse 7.140 9 4.462 7 0.638 7 3.965 1 0.438 3 42.292 3 0.758 4 0.918 5 0.018 5  

Ours 7.920 8 3.993 2 0.734 3 4.528 7 0.674 2 48.428 4 0.804 0 0.799 0 0.006 5 



For the smoke-scene sample 01443 (Fig.13), the 
comparative results show that both DDcGAN and 
SwinFusion enhanced thermal targets but introduced over-
sharpening in fine details. CrossFusion and DenseFusion 
exhibited noticeable color distortion and tended to amplify 
image noise. FreeFusion preserved details relatively well, 
but its fusion result was overly dominated by infrared 
information, leading to degraded visual quality metrics. 

By contrast, under the challenging conditions of low-
intensity thermal targets in smoke scenes, the proposed 
method effectively highlights salient infrared targets while 
preserving the structural details of the visible image. As a 
result, the fused image achieves better target 
distinguishability and higher background-fidelity 
preservation than the compared methods. Nevertheless, in 
terms of robustness, all methods showed some degree of 
color cast in this scenario, and the thermal enhancement 
effect was weaker than that observed on the MSRS dataset. 

Quantitative results in Table 4 further demonstrate the 
effectiveness of the proposed method. Owing to the more 
balanced chromatic distribution in the M3FD dataset, the 
proposed method achieved stronger performance on 
structural and perceptual similarity metrics than on the 
MSRS dataset. Specifically, it reached an SSIM of 0.8916, a 
CC of 0.6834, and a VIF of 0.8373. These results indicate 
that the proposed method achieves a favorable balance 

between infrared saliency enhancement and visible texture 
preservation, providing clear advantages for both visual 
perception and downstream applications. 
5. Conclusion 

Experimental results on both the M3FD and MSRS 
datasets comprehensively demonstrate the effectiveness of 
the proposed method. From a qualitative perspective, the 
proposed approach achieves a favorable balance between 
infrared target enhancement and visible-detail preservation. 
In low-light scenes, the fused images clearly highlight 
thermal targets, such as pedestrians and vehicles, while 
avoiding unnatural over-enhancement or block-like artifacts. 
At the same time, rich visible details—including building 
contours, foliage structures, and ground textures—are well 
preserved, which significantly improves the naturalness and 
interpretability of the fused results. 

From a quantitative perspective, compared with both 
traditional and state-of-the-art methods, the proposed fusion 
network consistently achieves superior performance across 
multiple evaluation metrics, including SSIM, CC, and SD. 
These results indicate that the proposed method effectively 
improves information preservation and visual quality while 
maintaining structural fidelity. Overall, this work provides 
strong support for practical applications of infrared-visible 
image fusion. 
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  𝛼 ( h , w ) ∈ [ 0 , 1 ]


  𝛼 ( h , w )


  𝛼 ( h , w )


    L  AAM


  𝛼  ( h , w ) ⋅  |   F  out  ( h , w ) −   F  I R  ( h , w ) |


  i ∈ [ R , G , B ]


  α  ( h , w )


   [ 1 − α  ( h , w ) ] ⋅  |   F  out  ( h , w ) −   F  V I S  ( h , w ) |


  α  ( h , w )


   1  N  ∑  h , w


  N  


   (   M  I R ( h , w ) = 1 )


       L  m o d =   𝜆  c ·   L c +   𝜆  n ·   L  n +   𝜆  𝛽 ·   L β     #  ( 10 )


    𝜆  c


    𝜆  n


    𝜆  b


    W  q ,   W  k ,   W  v ∈   R  d × C


    L c =  1   |   M  I R |   ∑   ( h , w ) ∈   M  I R  | |   F  out  ( h , w ) −   F  I R  ( h , w ) | |


    F  out  ( h , w ) = 𝛽  ( h , w )   F  I R  ( h , w ) +


        [ 1 − 𝛽  ( h , w ) ]   F  V I S  ( h , w ) #  ( 12 )


        [ 1 − 𝛽  ( h , w ) ]   F  V I S  ( h , w ) #  ( 12 )


    L  c


  𝛽 ( h , w )


    L  n =  1   |   N  I R |   ∑   ( h , w ) ∈   N  I R  | |   F  out  ( h , w ) −  [ β  ( h , w )   F  I R  ( h , w ) +  ( 1 − β  ( h , w ) )   F  V I S  ( h , w ) ] | |


    N  I R


    L B =  1   | B |   ∑   ( h , w ) ∈ B  | |   F  out  ( h , w ) −  [   𝛽  b g   F  I R  ( h , w ) +  ( 1 −   𝛽  b g )   F  V I S  ( h , w ) ] | |


  B


      F  I R  


    F  I R ( h , w )


    F  V I S ( h , w )


   ( h ,  w )


  𝛽 ( h , w ) ≈ 1


  𝛽 ( h , w )


  𝛽 ( h , w )


    𝛽  b g


  W × W


  𝛽


  X ∈   R  H × W × 3


   M IR


  4 × 4


      D  R G B  ( x ) ∈   R    H ′ ×   W ′


       X  g r a y = 0 . 299   X  R + 0 . 587   X  G + 0 . 114   X  B #  ( 15 )


     G =    G  x 2 +   G  y 2 + ϵ #  ( 16 )


    G  x =   X  g r a y ∗   S  x ，   G  y =   X  g r a y ∗   S  y


    S  x


    S  y


  ε


  0 . 01 ×  [   G  x   +   G  y ]


  G

