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ABSTRACT: Low-light infrared-visible image fusion remains challenging due to severe modality imbalance caused
by visible-image degradation under insufficient illumination. In low-light conditions, visible images often suffer
from luminance attenuation, blurred details, and amplified noise, whereas infrared images preserve stable structural
information but lack texture representation. Existing fusion frameworks commonly perform feature interaction within
a shared representation space, which may cause degraded visible responses to be progressively suppressed by dominant
infrared structures during fusion. To address this issue, this paper proposes DSCAttFuseNet for low-light infrared-
visible image fusion. The proposed framework adopts a structure-detail-luminance decoupled modeling strategy
to model infrared structural perception, visible-detail enhancement, and luminance-aware reconstruction through
complementary branches, thereby alleviating visible-detail degradation and modality imbalance under low-light
conditions. In addition, depthwise separable convolution and efficient channel attention are introduced as compact
feature extraction components to reduce redundant feature extraction and strengthen discriminative feature responses.
A luminance-guided reconstruction strategy together with multi-objective optimization is further employed to preserve
structural consistency, improve visible-detail representation, and maintain balanced luminance representation in fused
images. Experiments on the LLVIP dataset and cross-dataset evaluation on the unseen TNO dataset demonstrate that
the proposed method achieves competitive performance against representative and recent fusion methods in both
qualitative and quantitative evaluations. Ablation studies further verify the effectiveness of the proposed decoupled
modeling strategy and compact feature extraction design for low-light infrared-visible image fusion.

KEYWORDS: Infrared-visible image fusion; low-light image fusion; modality imbalance; structure-detail-luminance
modeling; compact feature representation; luminance-guided fusion

1 Introduction

In practical applications such as nighttime surveillance, intelligent transportation, and security moni-
toring, visual perception systems often need to operate in low-light environments [1]. In such scenarios, the
quality of visible images is usually severely affected by insufficient brightness, blurred details, and increased
noise, thereby significantly reducing the ability to acquire reliable visual cues. Compared with visible-light
imaging, infrared (IR) sensors are less sensitive to illumination variations and can preserve object contours
and structural information even in dark environments [2]. However, infrared images usually lack fine texture
details and natural color representation, resulting in limited detail representation. Therefore, relying solely
on either visible or infrared images cannot simultaneously satisfy the requirements of structural clarity
and natural visual appearance in low-light scenes. In low-light infrared—visible image fusion, severe visible-
image degradation reduces the effective contribution of visible information during fusion, causing many
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methods to rely more heavily on infrared structural responses. Consequently, the fused images may preserve
infrared-dominant contours but still suffer from insufficient visible details and unbalanced luminance
distribution [3,4]. As shown in Fig. I, MGFF [5] shows limited ability to restore visible details and balance
infrared-dominant structural responses under low-light degradation.

Figure 1: Visible (VI), infrared (IR), and MGFF [5] fusion results under low-light conditions. VIS suffers from
low brightness and noise, IR preserves structural contours, and MGFF shows limited visible-detail restoration and
luminance balance.

In low-light scenarios, the key challenge is not only to improve visual quality, but also to prevent
degraded visible features from being weakened during multimodal interaction. However, many existing
fusion models pay limited attention to how degraded visible information should be represented and balanced
during fusion.

Early infrared-visible image fusion mainly relied on traditional strategies based on transform domains
or model decomposition, such as wavelet transform [6], NSCT [7], DTCWT [8], as well as sparse repre-
sentation [9] and low-rank decomposition [10]. These methods are able to enhance edge and structural
information to a certain extent and exhibit good interpretability [11]. However, their fusion rules are
often manually designed, making it difficult to adaptively characterize complex nonlinear complementary
relationships across modalities [12]. When visible images suffer from severe degradation, this limitation
is further amplified, often causing the fusion results to be dominated by a single modality and making
modality imbalance difficult to alleviate in low-light scenarios. With the rapid development of deep learning,
infrared-visible image fusion has benefited from data-driven feature learning [13]. By learning cross-
modal representations, these methods are able to capture more complex nonlinear relationships between
modalities and generally achieve improved fusion performance. Nevertheless, most deep learning-based
fusion approaches are developed mainly under normal illumination and lack explicit modeling of visible
degradation in low-light scenarios. When visible inputs are severely degraded, these methods may still
rely heavily on infrared responses, resulting in insufficient detail preservation and persistent modality
imbalance [14].

Based on the above observations, this paper proposes DSCAttFuseNet, a branch-wise structure—detail-
luminance modeling framework for low-light infrared—visible image fusion. Existing fusion frameworks
generally perform feature interaction within a shared representation space, which may cause degraded visible
features to be progressively suppressed by dominant infrared structural responses under severe illumination
degradation. To mitigate this issue, DSCAttFuseNet adopts a structure-detail-luminance decoupled mod-
eling strategy, where infrared structural perception, visible detail enhancement, and luminance estimation
are modeled through separate yet complementary branches. Such a design enables the fusion process to
preserve infrared structural information, enhance degraded visible details, and maintain a more balanced
luminance representation. In addition, depthwise separable convolution and efficient channel attention are
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introduced as compact feature extraction components to reduce redundant feature extraction and strengthen
discriminative multimodal responses.

The main contributions of this work are summarized as follows:

1. We propose a structure-detail-luminance decoupled fusion framework for low-light infrared-visible
image fusion. Instead of directly mixing degraded visible features with infrared features in a shared
representation space, the proposed framework separately models infrared structural perception, visible
detail enhancement, and luminance estimation, thereby alleviating visible-detail suppression under low-
light degradation.

2. We develop a compact feature representation module based on depthwise separable convolution
and efficient channel attention to reduce redundant feature extraction and strengthen discriminative
multimodal responses. This design supports the proposed decoupled modeling strategy with limited
model complexity increase.

3. We introduce a luminance-guided reconstruction strategy together with edge-aware constraints to
regulate the reconstruction process under low-light degradation. By jointly constraining structural
consistency, luminance representation, and visible-detail preservation, this strategy helps compensate
for weakened visible responses during fusion.

2 Related Work
2.1 Traditional Fusion Methods

Early studies on infrared-visible image fusion mainly relied on traditional image processing meth-
ods [2]. These methods typically decompose and recombine features of source images in the spatial or
frequency domains, and integrate complementary information between modalities into a single image
through manually designed fusion rules [15]. According to different processing strategies, traditional
approaches can be broadly categorized into multiscale transforms [16], sparse representation [17], low-rank
decomposition [18], as well as filter-based methods [19].

Multiscale transform methods, such as wavelet transform [20], NSCT [21], and DWT [22], decompose
source images into low-frequency structures and high-frequency textures. These components are fused
separately and reconstructed, thereby preserving edges and details to some extent. However, their fixed
fusion rules make it difficult to adapt to complex scenarios [23]. Sparse representation-based methods use
dictionary coding to represent and reconstruct image features. Such methods are able to highlight local
detail information in source images [24]. However, the iterative optimization process often limits their
adaptability in complex imaging scenarios [25]. Low-rank decomposition methods, such as LatLRR [18],
achieve relatively balanced fusion results by separating global structural components from local details.
However, in practical applications, the high-order matrix operations involved introduce significant computa-
tional overhead, thereby limiting their applicability in complex real-world environments. Filter-based fusion
strategies (such as guided filtering and bilateral filtering [26]) are commonly used for edge enhancement and
noise suppression. However, these methods are highly sensitive to filter size and smoothing parameters, and
often exhibit insufficient robustness when applied under different imaging conditions.

Traditional fusion methods offer advantages such as interpretability, clear methodological structure,
and straightforward implementation [27]. However, they rely heavily on handcrafted features and fixed
fusion rules, which limits their adaptability under complex and degraded imaging conditions [2]. Under
low-light conditions, severe visible-image degradation further weakens the effectiveness of these handcrafted
strategies. As a result, traditional methods often struggle to preserve complementary visible details and may
produce infrared-dominant fusion results [15].
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2.2 Deep Learning Methods

In recent years, deep learning-based infrared-visible image fusion methods have developed rapidly [2].
Unlike traditional methods that rely on handcrafted features, deep fusion networks automatically extract
multi-level representative and structural features across modalities through end-to-end feature learning [15].
Most deep learning-based fusion methods follow an overall “encode-fuse-decode” framework, in which
multimodal information is integrated through feature encoding and fusion. Existing methods mainly
improve fusion performance through variations in network architecture and feature interaction mechanisms.
For example, DenseFuse [28] enhances information transmission among multi-scale features by introducing
dense connections, thereby improving reconstruction quality. FusionGAN [29] employs adversarial learning
to enhance the detail fidelity and visual realism of fused results, although its training process often suffers
from stability issues. In addition,

PMGI [30] formulates image fusion as the proportional maintenance of gradient and intensity infor-
mation and employs separate gradient and intensity paths with cross-path information exchange to preserve
complementary source information, while RFN-Nest [31] achieves multi-scale feature aggregation through
a nested residual architecture and demonstrates competitive performance. CDDFuse [32] further explores
correlation-driven dual-branch feature decomposition to model global and local multimodal representations
in infrared-visible image fusion. Contrast-aware detail preservation has also been explored. For example,
weighted contrast map-based fusion frameworks preserve complementary texture and contrast information
through adaptive weight-map construction and detail-enhancement mechanisms [33].

In addition, edge-preserving fusion strategies have been investigated to enhance structural detail
retention under complex environments. For example, quantum-inspired edge-preserving fusion frameworks
generate adaptive weight maps to preserve complementary structural information while reducing redundant
noise [34].

Attention mechanisms have also been incorporated into fusion frameworks to enhance salient feature
responses and suppress irrelevant interference during feature interaction. For example, SeAFusion [35]
introduces channel-spatial joint attention to improve feature selection and noise suppression during
multimodal fusion. More recently, Transformer-based and self-supervised fusion frameworks have further
improved multimodal feature interaction through global representation learning and progressive cross-
attention mechanisms. For example, SMAE-Fusion [36] integrates saliency-aware masked autoencoders with
hybrid attention transformers to enhance semantic representation and cross-modal interaction. Although
these methods improve global contextual representation, most existing frameworks still rely on implicit
shared feature interaction during multimodal representation, which may weaken degraded visible-detail
responses under severe low-light conditions.

Meanwhile, lightweight fusion frameworks have also attempted to balance fusion quality and
computational efficiency. For example, SIFusion [37] introduces semantic injection and structural
re-parameterization mechanisms to improve semantic representation while reducing computational redun-
dancy. Although lightweight architectures reduce redundant feature interaction, explicit modeling of
visible-detail degradation under low-light conditions remains limited.

Under low-light degradation, visible images often suffer from luminance attenuation, texture degrada-
tion, and noise amplification. When feature interaction is mainly performed within a shared representation
space, these degraded visible responses may be weakened by dominant infrared structural information,
resulting in infrared-biased fused representations with insufficient visible-detail preservation and unbal-
anced luminance representation. Although existing fusion frameworks improve feature interaction and
visual quality through decomposition strategies, attention mechanisms, Transformer architectures, and
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lightweight representation designs, explicit modeling of visible-detail degradation and luminance-aware
representation under low-light conditions remains limited. Therefore, developing a fusion framework that
can jointly address modality imbalance, visible-detail degradation, and luminance-aware reconstruction
remains a challenging issue in low-light infrared-visible image fusion.

3 Proposed Method
3.1 Overall Framework

The proposed DSCAttFuseNet is designed for low-light infrared-visible image fusion, where the visible
image usually suffers from luminance attenuation, texture degradation, and noise disturbance, while the
infrared image provides relatively stable structural information. In this study, the fusion task is formulated
as a structure—detail-luminance coordinated reconstruction problem. The goal is to generate a fused image
with preserved infrared structural cues, effective visible details, and balanced luminance representation. To
achieve this, the proposed framework consists of luminance-chrominance preprocessing, compact feature
encoding, branch-wise feature recalibration, multi-branch decoding, and luminance-guided reconstruction,
as illustrated in Fig. 2.
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Figure 2: Overall architecture of DSCAttFuseNet, including compact feature extraction, branch-wise structure—detail-
luminance modeling, and luminance-guided reconstruction.

In the preprocessing stage, the input visible image I,; is converted into the YCbCr color space, where
the luminance component I); and the chrominance components (I, I$%) are separated. Since low-light
degradation mainly affects the luminance and texture visibility of the visible image, the network performs
fusion at the luminance level. Specifically, IY; is concatenated with the infrared image I;; along the channel

dimension to construct a two-channel input tensor:
Xin = Concat (Iir, 131) (1)

The chrominance components I ;> and I} are not involved in feature encoding, but are retained for the
final RGB reconstruction. This setting allows the network to focus on structural preservation, visible-detail
enhancement, and luminance reconstruction while maintaining the color information of the visible modality.

Under this formulation, the low-light visible luminance IY; is regarded as a degraded observation that
still contains useful but weakened detail information. In contrast, the infrared image I;, provides more stable
contour and structural responses. Therefore, the fusion process should not directly treat all visible responses
as reliable details. Instead, DSCAttFuseNet adopts branch-wise modeling to separately emphasize infrared
structure, visible detail, and luminance-related information before reconstruction.

The two-channel input tensor X, is first encoded by a compact feature extraction module based on
DSC and ECA. DSC is used to reduce redundant spatial feature extraction, while ECA recalibrates channel
responses to enhance structure- and detail-sensitive information. The encoded shared feature is expressed as:
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F = E(Xjy), F e RFTXWxC )

where E(+) denotes the compact encoder, and F is the shared multimodal feature with spatial size H x W
and channel number C. The shared feature F is then fed into the SCAM module for branch-wise functional
recalibration. Instead of enforcing strict semantic separation, SCAM generates three complementary feature
representations from F:

Fiy = o © F, m € {strIR, texVI, illum} (3)

where a;, denotes the branch-specific channel attention vector, and ® denotes element-wise multiplication
with broadcasting along the spatial dimensions. The three branches correspond to infrared structure
representation, visible texture representation, and luminance representation, respectively.

The branch-specific decoders then generate three outputs: an infrared reconstruction image Ij", an

enhanced visible luminance image I$%" and a luminance estimation map My, . These outputs are combined
through a luminance-guided reconstruction strategy to obtain the final fused luminance:

Y = max (I, I © My ) (4)

where max(+, -) denotes a pixel-wise maximum operation. In this formulation, I[§ provides stable structural

responses, while I3 ® My, represents luminance-modulated visible-detail information. The pixel-wise
maximum operation selects the stronger response between infrared structure and luminance-enhanced
visible details, thereby reducing the suppression of weakened visible information during reconstruction.

Finally, the fused luminance Y is combined with the retained visible chrominance components (Ivicb,
Ivicr) and converted back to the RGB space to generate the final color fusion result. The entire network is
trained in an end-to-end manner using a joint loss function that constrains infrared reconstruction, visible-
detail reconstruction, luminance consistency, perceptual quality, and edge preservation.

3.2 Compact Multimodal Feature Representation

Based on the problem formulation in Section 3.1, the encoder aims to extract a compact shared feature
from the two-channel input while preserving structure- and detail-sensitive responses. Under low-light
degradation, visible features are easily affected by luminance attenuation, texture degradation, and noise
disturbance, whereas infrared features remain more stable in structural perception. Therefore, the encoder
adopts depthwise separable convolution (DSC) and efficient channel attention (ECA). DSC is used to reduce
redundant spatial feature extraction, while ECA recalibrates channel responses to emphasize informative
structure and detail features.

As described in Section 3.1, the encoder input is the two-channel tensor X;,. A 3 x 3 standard
convolution is first used to expand the channel dimension to 64. Then, three stacked DSC modules are
employed to progressively extract compact multimodal features. Finally, ECA is introduced at the end of the
encoder to strengthen discriminative channel responses. The resulting shared feature F is used as the unified
input for SCAM and the multi-branch decoders. The architecture of the compact encoder is shown in Fig. 3.

(1) Depthwise Separable Convolution (DSC)

Each DSC block decomposes a standard convolution into a depthwise convolution and a pointwise 1 x 1
convolution:

DSC(X) = Convpy (Convgy (X)) (5)
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where Convy,, denotes channel-wise spatial convolution, and Conv,,, denotes pointwise convolution for
cross-channel aggregation. The depthwise convolution captures spatial responses within each channel, while
the pointwise convolution integrates information across channels. Each DSC block is combined with Batch
Normalization and LeakyReLU with a = 0.2 to improve training stability.

lirs 15 L‘%r/ L‘%rg LQJ’GH

by
| S

OTI+NA
NTY+NE

ExEAUOD)
EXEATODMA
IxTAUOD M

NTU+NE
ExEAUOD M A
IxTAUODM I

2—64 64—64 64—128 128—128 128—256

Encoder Shared Feature Map F
(HxXWx256)

Figure 3: Architecture of the proposed compact feature extraction module based on DSC and ECA.

To further illustrate its computational efficiency, the computational costs of standard convolution and
DSC are expressed as:

Costpsc

COStstd = l(Zcincoub COStDSC = szin + CinCout) N 0-115>k =3, Cin = Cout =256 (6)

Costgig
where k is the kernel size, and C;, and C,,¢ denote the numbers of input and output channels, respectively.
This indicates that DSC requires only about 11.5% of the computation of a standard convolution under
this setting. Thus, DSC reduces redundant feature extraction while maintaining sufficient representation
capability for subsequent branch-wise modeling.

(2) Efhcient Channel Attention (ECA)

Although DSC reduces computational redundancy, different feature channels contribute unequally to
structure and detail representation under low-light degradation. Therefore, ECA is introduced to perform
lightweight channel recalibration. Let U denote the feature map output from the convolutional layer. The
feature map and its channel descriptor are defined as:

W 1 H W
UGRHWC,ZERC’ZCZWZM j=1Ui,j,c,C=1,--~)C @

where H and W denote the spatial resolution, C is the number of channels, and z. denotes the global average
response of the c-th channel. Next, a one-dimensional convolution with kernel size k = 3 is applied along the
channel dimension to model local dependencies among adjacent channels. The channel attention vector and
the recalibrated feature map are obtained as:

s = 6(ConvlDy_3(z)), Ugca(i,j,¢) = U(i,j,¢) - sc (8)

where s € (0,1)€ denotes the channel attention weight vector, s. is the attention weight of the c-th channel,
o(-) is the Sigmoid activation function, and Ugca denotes the channel-recalibrated output feature map.
Compared with traditional Squeeze-and-Excitation (SE) or non-local attention mechanisms, ECA discards
fully connected layers and instead captures channel correlations through a lightweight one-dimensional
convolution. This introduces only a small number of additional parameters. Placing ECA at the end of the
encoder helps highlight structure- and detail-relevant channels while suppressing noise-affected responses,
thereby improving discriminative shared features for subsequent decoupled modeling.
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3.3 Structure-Detail-Luminance Decoupled Representation

After compact multimodal feature extraction, the shared feature F contains mixed infrared structural
responses, visible texture cues, and luminance-related information. Under low-light degradation, directly
using such shared features may weaken visible-detail responses and bias the fusion process toward dominant
infrared structures. To alleviate this issue, a Structure-aware Channel Attention Mechanism (SCAM) is
introduced to perform branch-wise functional recalibration of the shared feature.

Rather than enforcing strict semantic separation at the channel level, SCAM guides the shared repre-
sentation toward three complementary functional branches: infrared structure representation, visible texture
representation, and luminance representation. As illustrated in Fig. 4, SCAM first summarizes the shared
feature F into a channel descriptor and then generates three branch-specific attention vectors to recalibrate
the shared feature toward different functional responses. The shared feature F and its channel descriptor z

are defined as:
F e RWXC 7 = GAP(F),z ¢ R® )

where H and W denote the spatial resolution, C denotes the number of feature channels, and GAP(-) denotes
global average pooling. The descriptor z summarizes the global response of each channel in E
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Figure 4: Branch-wise structure-detail-luminance representation through channel recalibration in SCAM.

Then, three independent branch-specific transformations followed by Sigmoid activation are applied to
generate channel attention weights for the structure, texture, and luminance branches:

alR = o0(Wirz), a?& = 0(Wvi1z), Qijlum = 0(Wpz) (10)

str

where aiﬁ, oQg(, and ajjjum denote the channel attention weights of the infrared structure branch, visible
texture branch, and luminance branch, respectively. Here, o(-) denotes the Sigmoid activation function, and
Wir, Wyp, and Wy, are branch-specific transformation parameters.
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Finally, the three branch features are obtained by applying the corresponding attention weights to the
shared feature F:

IR _ IR
Fstr - C1‘str

OFF.L = ot ®F, Fijlum = aijjum © F (11)

tex X

where ® denotes element-wise multiplication with broadcasting along the spatial dimensions. Through this
branch-wise recalibration, each branch selectively emphasizes task-relevant channel responses from the
shared feature space.

Specifically, the infrared structure branch FI} emphasizes contour and edge-related responses for stable

FVI

structural perception. The visible texture branch F,,

the visible modality under low-light degradation. The luminance branch Fjjj,;,, models illumination-related
responses and provides luminance-aware priors for subsequent reconstruction. Through the following
branch-specific decoders and reconstruction constraints, these three branches are encouraged to play
complementary roles in the final fusion process.

enhances weakened texture and detail responses from

3.4 Luminance-Guided Reconstruction

After branch-wise recalibration by SCAM, the three branch features Flﬁ, F&, and Fjjjum are decoded
through structure, detail, and luminance reconstruction branches. As illustrated in Fig. 5, the reconstruction
stage consists of three corresponding decoders, namely the IR-Decoder, VI-Decoder, and Lum-Decoder. The
decoding process is formulated as:

h
& = Dir(Feir): 17" = Dvi(Fiey)» Mium = Dium (Fitram) € R (12)

str

where Dig, Dy, Dium denote the IR-Decoder, VI-Decoder, and Lum-Decoder, respectively. The infrared
reconstruction Ij3° preserves stable contour and edge information from the infrared modality. The enhanced
visible luminance I3 strengthens weakened texture and detail responses from the visible modality. The
luminance estimation map M)y, models illumination-related responses and provides luminance-aware

priors for the final reconstruction.

In the fusion stage, I}$S, I3, and My, are combined to generate the final fused luminance:

Y¢ = max(I[y, I%nlh © Mpm) (13)

where ® denotes element-wise multiplication, and max(-,-) denotes a pixel-wise maximum operation.
In this formulation, I provides stable structural responses, while I2", M., represents luminance-
modulated visible-detail information. The pixel-wise maximum operation selects the stronger response
between infrared structure and luminance-enhanced visible details, thereby reducing the suppression of

weakened visible information during reconstruction.

3.5 Loss Function Design

To jointly constrain structure preservation, visible-detail enhancement, luminance consistency, per-
ceptual quality, and edge preservation under low-light conditions, multiple complementary loss terms are
introduced during training. As illustrated in Fig. 6, the overall objective consists of infrared reconstruction
loss, visible reconstruction loss, luminance consistency loss, perceptual loss, and edge-aware loss. The total
loss is defined as:

Liotal = NirLir + AviLyi + Mum Lium + )\perﬁper + }\edgeﬁedge (14)
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where Air, Avis AMums Aper> and Acgqe denote the weights of the infrared reconstruction loss, visible recon-
struction loss, luminance consistency loss, perceptual loss, and edge-aware loss, respectively. The numerical
values and implementation details of these loss weights are summarized in Table 1. These weights were
empirically set according to the relative magnitudes of different loss terms and the observed training stability,
and were kept fixed in all experiments. Since the pixel-level reconstruction losses have relatively small
raw numerical values, larger weights are assigned to £;; and L,; to balance their contributions with the
luminance, perceptual, and edge-aware constraints.
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Figure 5: Luminance-guided reconstruction through branch-wise decoding of structure, visible detail, and illumina-
tion representation.
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Figure 6: Collaborative multi-objective loss design for structure, detail, luminance, perceptual, and edge constraints.
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Table 1: Weight values of different loss terms in Eq. (14).

Loss Term Symbol  Weight Value Implementation Detail
Infrared reconstruction loss Air 2000.0 Infrared reconstruction constraint
Visible reconstruction loss Avi 1000.0 Visible luminance reconstruction constraint
Luminance consistency loss Mum 8.0 Luminance consistency constraint
Perceptual loss Aper 40.0 VGG-based perceptual constraint
Edge-aware loss Aedge 0.3 Sobel-gradient-based edge constraint

The infrared reconstruction loss is used to preserve stable structural responses from the infrared
modality:

Lir = ||IIK — Lie||s (15)

where I3 denotes the reconstructed output of the infrared branch, and I;; is the input infrared image. The
visible reconstruction loss constrains the visible branch to retain texture and detail information from the
visible luminance component:

Ly = [ - T (16)

where IS denotes the enhanced visible luminance image, and IY; is the luminance channel of the input

visible image. The luminance consistency loss is imposed on the luminance estimation branch to guide the
estimation of illumination-related responses:

£lum = ||Mlum - 131||1 (17)

where My, denotes the luminance estimation map. This loss encourages the luminance branch to model
the global illumination distribution of the visible modality. Pixel-level constraints alone are insufficient to
ensure perceptual consistency. Therefore, a VGGl6-based [38] perceptual loss is introduced to constrain the
fused luminance in the feature space:

‘CPer = Zles ||®1(Yf) - qjl(Iref)H% (18)

where Y is the final fused luminance, ®;(-) denotes the feature map extracted from the I-th selected layer of
the fixed VGGI16 network, and S denotes the set of selected feature layers. In this implementation, features
from conv4; and conv5; are used to capture both texture-level and high-level semantic information. Since
no ground-truth fused image is available in the unsupervised fusion setting, If is not used as a ground-
truth supervision target. Instead, I,.f is defined as the visible luminance component I; and is used only as a
perceptual reference. Although IV, is degraded under low-light conditions, it still contains residual texture,
local appearance, and semantic cues from the visible modality. Thus, the perceptual loss does not force
the fused luminance to reproduce the degraded visible image, but encourages Yy to retain effective visible
information in the VGG feature space. Before being fed into VGGI6, the single-channel luminance images
are replicated into three channels and normalized according to the ImageNet setting. An edge-aware loss
based on Sobel gradient alignment is further introduced to preserve salient contour and edge responses:

Zeage = G(Yr) — max(G(Lir), G(I)) |l (19)

where G(-) denotes the Sobel gradient magnitude operator, and max(-,-) denotes a pixel-wise maximum
operation. This loss encourages the fused luminance to preserve strong edge responses from both infrared
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and visible modalities. Overall, the proposed multi-objective loss design jointly constrains structure, detail,
luminance, perceptual, and edge information during reconstruction, as shown in Fig. 6.

4 Experiments and Results

This section presents experimental evaluations of the proposed DSCAttFuseNet on low-light infrared-
visible image fusion tasks. We first introduce the datasets and experimental settings, followed by comparisons
with representative and recent fusion methods in terms of both qualitative and quantitative results. Further-
more, ablation studies are carried out to analyze the contributions of key components and the effectiveness
of the proposed decoupled reconstruction strategy.

4.1 Datasets and Experimental Settings

This study adopts the LLVIP dataset [39] as the primary platform for training and evaluation. LLVIP
contains diverse low-light infrared—visible scenes with severe visible degradation. To further evaluate the
cross-dataset generalization of the proposed model, independent tests are conducted on the public TNO
dataset [40], which includes military surveillance scenarios and challenging infrared—visible image pairs.

For model training, the Adam optimizer [41] is employed with an initial learning rate of 1 x 107%, a
batch size of 5, and a total of 2000 epochs. The model is trained using paired infrared-visible image samples
from the LLVIP dataset, which cover diverse low-light scenarios with varying illumination conditions and
scene complexities.

A relatively large number of epochs is adopted considering the small batch size and training stability
requirements. The overall loss function jointly constrains infrared reconstruction, visible-detail enhance-
ment, luminance consistency, perceptual consistency, and edge preservation during training. The loss-weight
settings in Eq. (14) are reported in Table 1 and were kept fixed throughout all experiments. The perceptual
loss is implemented based on the publicly available VGGI16 [38] network pretrained on ImageNet, where
fixed feature maps are used for perceptual constraint during training.

To evaluate the proposed framework under low-light fusion conditions, multiple objective metrics
are used, including Entropy [42] for information content, AG [43] for detail response, VIF [44] for visual
fidelity, Variance and SF [45] for contrast and texture representation, CC [46] for correlation consistency,
and QCV [47] for comprehensive visual quality. In addition, QAB/F [48], LAB/F [49], and NAB/F [50] are
introduced to assess edge information transfer, information loss, and artificial noise introduced during
fusion, respectively. Higher values are preferred for Entropy, AG, VIE, Variance, SF, CC, and Q*P/F, while
lower values indicate better performance for QCV, LAB/E and NAB/F. Model parameters and inference
statistics are also reported to compare model size and inference cost. For ablation studies, all variants are
evaluated under the same training and testing settings for fair comparison.

4.2 Comparison with Existing Methods

To evaluate the effectiveness of the proposed DSCAttFuseNet, we conduct comparative experiments
against several representative infrared-visible image fusion methods, including DenseFuse [28], MGFF [5],
PIAFusion [51], PSFusion [52], RFN-Nest [31], SDNet [53], CDDFuse [32], SIFusion [37], and SwinFu-
sion [54]. These comparison methods cover traditional fusion approaches, CNN-based models, and recent
decomposition-, attention-, semantic-injection-, and Transformer-based frameworks.

4.2.1 Qualitative Results

As shown in Fig. 7, the visible images suffer from severe luminance attenuation and texture degradation
under low-light conditions, whereas the infrared images preserve relatively stable structural information
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but lack fine-grained texture details. MGFF and early CNN-based approaches such as DenseFuse, RFN-
Nest, and SDNet can preserve partial structural information, but their fused results still show blurred
textures, over-smoothed local details, and luminance imbalance in low-light regions. For example, weakened
texture responses can be observed in the red-box regions of RFEN-Nest and SDNet, while incomplete target
contours appear in several green-box regions. Recent methods such as PIAFusion, PSFusion, CDDFuse,
SIFusion, and SwinFusion improve illumination-aware fusion, feature decomposition, semantic injection, or
global representation; however, texture smoothing and weakened edge details can still be observed in some
highlighted regions. In comparison, the proposed DSCAttFuseNet preserves relatively clearer pedestrian
contours and more stable local textures, while maintaining a more balanced luminance distribution in the
highlighted target and texture regions.

(a) VI (b) IR (c) MGFF (d) DenseFuse

(e) RFN-Nest (f) SDNet (g) CDDFuse (h) SwinFusion

(i) PIAFusion (j) PSFusion (k) SIFusion (1) Ours

Figure 7: Qualitative comparison on the LLVIP dataset (#19308 and #210074). Red boxes highlight local texture regions,
and green boxes indicate target regions.
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4.2.2 Quantitative Results

In the quantitative experiments, 60 low-light infrared-visible image pairs are selected from the LLVIP
test set. The evaluation includes information-based, gradient-based, fidelity-based, correlation-based, com-
prehensive quality, and edge-based metrics, namely Entropy, AG, VIE, Variance, SE, CC, QCV, QAP/F, LAB/F,
and N*B/F, The average value of each metric over the 60 test image pairs is reported in Table 2.

Table 2: Average objective evaluation results of different method on 60 low-light infrared-visible image pairs from the
LLVIP test set.

Methods  Entropy AG  VIF Variance @SF  CC QCV QAB/F  [AB/F  NAB/F

DenseFuse 6.923 2429 0.791 36.944 8277 0755 0540 0.844 0.154 0.002
MGFF 6.837 3.091 0.947 36.258 11.134  0.745 0.229  0.856 0.112 0.032
SIFusion 7504 4.861 1.046 51.591 15232 0.732 1248 0912 0.060 0.028
PIAFusion 7.073 3560 0.968 44.779 12545 0.728 1167 0923 0.056  0.021
PSFusion 7486 4.589 0.989 66.733 16.703 0.719 1.658 0.872 0.063  0.065
RFN-Nest 6.689 1.931 0.705 37.408 5704 0.750 1911 0.639 0357 0.004
SDNet 6.393 2.613  0.590 29.156 9303 0.701 0.634 0.778 0.214  0.008
CDDFuse 7.488 4913 1.031 50.936 15384 0.736 1274 0914 0.061 0.025
SwinFusion 7.009 3165 0.962 44.501 11.352  0.727 0.644 0.861  0.105 0.034
Ours 7.517 4.827 1.048 51.877 15196 0.743 1191 0.927  0.058  0.015

As shown in Table 2, DSCAttFuseNet achieves the highest Entropy, VIE and QA®/F values, indicating
strong information preservation, visual information fidelity, and edge information transfer. It also obtains
competitive AG, Variance, SE, and LAB/E valyes, showing its ability to maintain detail and contrast-related
responses under low-light conditions. Meanwhile, the relatively low NAB/F suggests that the proposed
method suppresses artificial edge responses to a certain extent during fusion. Although DSCAttFuseNet
does not achieve the best performance on all metrics, especially on CC and QCYV, it provides an overall
balanced performance in information preservation, visible-detail enhancement, edge transfer, and artifact
suppression.

4.3 Ablation Studies

To evaluate the contribution of the proposed modules and the effectiveness of the decoupled reconstruc-
tion strategy, ablation studies are conducted on 60 low-light infrared—visible image pairs from the LLVIP test
set. All variants are trained and evaluated under the same dataset split, optimizer, and training protocol to
ensure a fair comparison. In addition to removing individual modules, a shared fusion baseline is constructed
by replacing the branch-wise structure-detail-luminance reconstruction with a single shared decoder.
This baseline is used to examine whether explicit branch-wise modeling benefits low-light infrared-visible
image fusion.

4.3.1 Ablation Analysis of ECA and SCAM

To investigate the effectiveness of ECA and SCAM, each module is individually removed, and the
quantitative results are reported in Table 3. Since the proposed three-branch structure is designed for branch-
wise functional modeling rather than three isolated modules, this subsection focuses on the effects of ECA
and SCAM within the decoupled reconstruction framework. The contribution of the branch-wise design
itself is further examined through a shared fusion baseline in the following subsection.
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Table 3: Average ablation results of ECA and SCAM within the proposed decoupled reconstruction framework on 60
low-light image pairs from the LLVIP dataset.

Method Entropy AG VIF Variance SF CC QCV
Ours 7.517 4.827 1.048 51.877 15.196 0.743 1.191
-ECA 6.804 1.874 0.776 44.675 9.284 0.702 3.442
-SCAM 6.863 2.015 0.812 45.962 9.623 0.706 3.521

When ECA is removed, Entropy, AG, and SF decrease noticeably, indicating weakened information
preservation and detail representation during reconstruction. When SCAM is removed, most metrics
also decrease, especially VIF and CC, suggesting that the absence of branch-wise recalibration weakens
structural consistency and multimodal feature representation during fusion. For QCV, the ablated models
show substantially larger values, indicating degraded comprehensive visual quality. In contrast, the complete
model achieves a more balanced performance across the evaluated metrics.

Qualitative ablation comparisons are further presented in Fig. 8. Without ECA, the fused results exhibit
weakened local textures and insufficient detail representation in dark regions. Without SCAM, the fused
images show blurred target boundaries and less complete contour structures. In contrast, the complete
model preserves relatively clearer contours, more stable local textures, and more balanced luminance in
low-light regions.

(a) VI (b) IR (c) wlo EA (d) w/o SCM (e) Ours

Figure 8: Qualitative comparison results of the ablation study. (a) Visible image (VI), (b) infrared image (IR), (c) w/o
ECA, (d) w/o SCAM, and (e) the complete model. Red boxes indicate local texture regions, while green boxes highlight
target contours.

4.3.2 Comparison with a Shared Fusion Baseline

To further evaluate the role of the branch-wise decoupled reconstruction strategy, a shared fusion
baseline is constructed for comparison. In this baseline, the input, compact encoder, optimizer, and training
settings are kept the same as those of the complete model, while the structure-detail-luminance branches are
replaced with a single shared decoder. Therefore, this baseline does not explicitly model structure, detail, and
luminance-related responses through separate branches. Since this modification changes both the decoder
structure and the number of parameters, the shared fusion baseline is not strictly parameter-matched with
the complete model. Thus, this comparison is mainly used to examine the effect of branch-wise modeling,
and the parameter numbers of different variants are reported in Table 4.

As shown in Table 4, the shared fusion baseline has fewer parameters because it uses a single shared
decoder instead of branch-wise decoders. However, its EN, AG, VIF and CC values are lower than those of
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the complete model, and its QCV value is higher. Introducing the branch-wise structure-detail-luminance
design improves the results over the shared baseline, indicating that explicit modeling of structure, visible
detail, and luminance-related responses is beneficial for low-light fusion. Adding SCAM further improves the
performance with only a small increase in parameters from 1.783 to 1.796 M. Since the shared fusion baseline
is not strictly parameter-matched with the complete model, this comparison is mainly used to analyze the
contribution of branch-wise decoupled modeling rather than as an equal-parameter comparison.

Table 4: Average quantitative comparison with the shared fusion baseline on 60 low-light image pairs from the LLVIP
dataset.

Method Branches SCAM  Params (M) EN AG VIF CC QCV
Shared fusion baseline x X 1.124 6.704 1712 0.766 0.698 3.607
Ours w/o SCAM \/ X 1.783 6.863 2.015 0.812 0.706 3.521
Ours \/ \/ 1.796 7.517 4.827  1.048 0.743 1.191

4.3.3 Analysis of DSC-Based Encoder

To evaluate the effect of the DSC-based encoder, depthwise separable convolution (DSC) is replaced
with standard convolution (StdConv), while the remaining network structure and training settings are kept
unchanged. The comparison is conducted using the models trained on the LLVIP dataset and evaluated on
the same 60 LLVIP test image pairs used in the main quantitative comparison. The evaluated metrics include
Entropy, VIE, CC, the number of parameters, processing time, and throughput. The quantitative results are
summarized in Table 5.

Table 5: Quantitative comparison between StdConv and DSC-based encoders under the same evaluation settings.

Method Entropy  VIF CC Params (M) Processing Time (ms)  Throughput (FPS)

StdConv 7426 1124 0.736 2.644 2479.6 0.403
Ours (DSC) 7.517 1.048 0.743 1.796 2311.5 0.433

As shown in Table 5, StdConv obtains a slightly higher VIF value, whereas the DSC-based encoder
achieves higher Entropy and comparable CC values with fewer parameters. Specifically, DSC reduces the
number of parameters from 2.644 to 1.796 M and decreases the processing time from 2479.6 to 2311.5 ms
under the same evaluation settings. These results indicate that DSC can reduce convolutional redundancy
while maintaining comparable overall fusion quality.

Overall, the DSC-based encoder reduces the parameter scale and slightly improves inference efficiency
while maintaining comparable fusion performance. Further optimization is still needed for real-time
scenarios.

4.3.4 Sensitivity Analysis of Loss Weights

In addition to the architectural ablation studies, a sensitivity analysis is conducted to examine the
influence of the loss-weight settings in Eq. (14). Since the infrared and visible reconstruction losses provide
the main pixel-level reconstruction supervision, A;, and A,; are kept unchanged to maintain the basic
reconstruction objective. The auxiliary weights Ajum, Aper, and Aegge are scaled by 0.5x and 2x based on the
default setting. All variants are trained and evaluated under the same experimental protocol, and the results
are reported in Table 6.
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Table 6: Sensitivity analysis of auxiliary loss weights on the LLVIP dataset.

Setting Mum Aper Acdge EN AG VIF CC QCVv

0.5x auxiliary weights 4.0 20.0 0.15 7.496 4.681 1.022 0.746 1.164
Default 8.0 40.0 0.3 7.517 4.827 1.048 0.743 1.191

2x auxiliary weights 16.0 80.0 0.6 7.509 4.914 1.041 0.737 1.326

As shown in Table 6, the average metric values vary only slightly under different auxiliary loss-weight
settings. The default setting achieves the highest EN and VIF and maintains balanced CC and QCV values,
whereas the 2x setting slightly improves AG but increases QCV. This suggests that stronger auxiliary
constraints may enhance local details but may not always improve comprehensive visual quality. Since
the luminance, perceptual, and edge-aware losses respectively guide illumination estimation, feature-level
consistency, and contour preservation, the limited variation among the evaluated settings indicates that the
proposed method is not highly sensitive to moderate changes in these auxiliary constraints.

4.4 Generalization Evaluation

To evaluate the cross-dataset generalization capability of the proposed DSCAttFuseNet, experiments
are further conducted on the TNO dataset, which is not involved in training and is used only for testing.
Since its imaging scenarios, including military surveillance and long-range targets, differ significantly from
the urban night scenes in LLVIP, it provides a challenging evaluation setting for cross-dataset analysis. For
evaluation, 42 representative infrared-visible image pairs are selected from the TNO dataset, covering long-
range targets, complex backgrounds, and dark or low-contrast scenes. All experiments are performed by
directly applying the model trained on LLVIP without additional fine-tuning. The evaluation metrics include
Entropy, AG, VIE Variance, SE, CC, QCV, QAB/ F LAB/F andNAB/F The average value of each metric over the
42 test image pairs is reported.

4.4.1 Cross-Dataset Quantitative Evaluation on the TNO Dataset

Cross-dataset quantitative results are reported in Table 7. On the unseen TNO dataset, DSCAttFuseNet
achieves the highest Entropy, AG, Variance, and SF values, as well as the lowest L AB/F
information preservation, detail response, contrast-related representation, and reduced edge information
loss without additional fine-tuning. It also obtains competitive Q*P/F, suggesting effective source edge
information transfer across datasets. However, the proposed method is not superior on all metrics. CDDFuse
achieves a slightly higher Q*P/F, while RFN-Nest obtains the lowest NAB/E. Nevertheless, the low NAB/F
of RFN-Nest is accompanied by a much lower QAB/F and higher LAB/E, suggesting substantial source-
edge information loss. In addition, several methods perform better in VIE, CC, and QCV, showing that

DSCAttFuseNet still has limitations in visual fidelity, correlation consistency, and QCV-based comprehensive

value, indicating strong

quality evaluation under cross-dataset testing. Overall, the TNO results demonstrate competitive general-
ization in information and detail preservation, while cross-dataset visual quality consistency and artificial
edge-response control remain areas for further improvement.

4.4.2 Qualitative Results

Representative fusion results on the TNO dataset are shown in Fig. 9. In complex long-range and low-
light scenes, MGFE, DenseFuse, RFN-Nest, and SDNet preserve partial structural information, but their
results still show blurred contours, weak local textures, and insufficient brightness in several dark regions.
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Recent methods such as PIAFusion, PSFusion, CDDFuse, SIFusion, and SwinFusion improve illumination-
aware fusion, feature decomposition, semantic injection, or global representation to different degrees;
however, texture smoothing and weakened edge details can still be observed in some highlighted regions.

Table 7: Average cross-dataset quantitative results on 42 image pairs from the TNO dataset.

Method  Entropy AG  VIF Variance  SF CC QCV QAB/F  AB/F  NAB/F
DenseFuse 6.819 3.560 0.667 34.825 8.985 0531 15.681 0.786  0.198 0.016
MGFF 6.726 4.704 0.658 31.881 11.896  0.518 13.852  0.812 0.141  0.047
PIAFusion 6.906 4397 0.777 41.354 11.254 0.462 5.854 0.884 0.083 0.033
PSFusion 7264 5.882 0.737 48.015 15121 0.500 11.861 0.842 0.071  0.087
RFN-Nest 6.963 2.669 0.563 36.897 5874 0.524 20.756 0.646 0341 0.013
SDNet 6.352 3.699 0.528 26.908 9.420 0.460 15733  0.721 0.255 0.024
CDDFuse 7.321 5984 0.792 47.562 14.876  0.503 12.486 0.895 0.054 0.051
SwinFusion 6.907 4219 0.760 39.647 10.753 0.474 7105 0.862 0.108  0.030
SIFusion 7.012 5126 0.724 42.168 12.874 0.478 8.247 0.867 0.090 0.043
Ours 7.554 6.393  0.639 52.851 16.191 0.468 19.861 0.889 0.046 0.065

(e) RFN-Nest

Figure 9: (Continued)
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(i) PIAFusion () PSFusion (k) SIFusion

) OI.II‘S

Figure 9: Qualitative comparison results on the TNO dataset: (a) VI, (b) IR, (c) MGFE, (d) DenseFuse, () RFN-Nest,
(f) SDNet, (g) CDDFuse, (h) SwinFusion, (i) PIAFusion, (j) PSFusion, (k) SIFusion, and (1) ours. Red boxes highlight
local texture regions, while green boxes indicate long-range target areas.

In comparison, DSCAttFuseNet shows relatively clearer local details, more balanced brightness, and
better target visibility in the selected highlighted regions. These observations are consistent with the quan-
titative results in Table 7, where the proposed method performs strongly in Entropy, AG, Variance, and SF,
while its visual fidelity and QCV-based quality still require further improvement under cross-dataset testing.

5 Conclusion

This study addresses low-light infrared-visible image fusion by focusing on visible-information degra-
dation and modality imbalance. A branch-wise structure-detail-luminance modeling strategy is proposed
to preserve infrared structural cues, enhance weakened visible details, and maintain balanced luminance
representation during reconstruction. Experimental results on the LLVIP dataset show that DSCAttFuseNet
achieves competitive performance compared with representative and recent fusion methods, particularly in
information preservation, visual information fidelity, and edge information transfer. The shared fusion base-
line further indicates that the performance improvement is closely related to the decoupled reconstruction
design, while the sensitivity analysis shows that the method is not highly sensitive to moderate changes in
auxiliary loss weights.

Cross-dataset evaluation on TNO demonstrates that the proposed method maintains effective informa-
tion and detail preservation on unseen scenes, suggesting its generalization potential beyond the low-light
LLVIP setting. However, the method still has limitations. Its QCV and NAB/F results on the TNO dataset
are less favorable than several competing methods, indicating that cross-dataset visual quality consistency
and artificial edge-response control require further improvement. In addition, a more fine-grained analysis
of individual loss terms and the luminance-guided reconstruction operation would help further clarify
their independent contributions. Future work will focus on improving visual quality consistency across
datasets, introducing chrominance-aware refinement, optimizing implementation efficiency, and extending
the evaluation to more challenging low-light scenarios and downstream vision tasks such as object detection
and tracking.
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