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Visible and Infrared Image Fusion (VIIF), as a vital fundamental component in vehicle applications, has been
attracting plenty of attention from the academic and industrial communities over past few years. Various deep
learning based methods have been proposed to effectively fuse visible and infrared images for improving the
comprehensiveness of vehicle sensing and monitoring capabilities. However, due to the complex coupling
property of the vehicle observational environment, it is still a challenging problem to effectively decouple
and fusion visible and infrared images. To address this problem, we propose a DIsentangled Visible and
InfrareD image fUsion contrAstive Learning method (DIVIDUAL). For capturing common and complementary
information between the two domains, DIVIDUAL contains a self-supervised decoupling framework to separate
domain-invariant and domain-specific representations. Meanwhile, for removing the noise in domain-specific
representations and extracting clean domain-invariant representations, DIVIDUAL deploys a decoupling
contrastive loss to effectively separate noise information and retain critical information in domains. Finally,
DIVIDUAL generates fused images in an end-to-end manner. Extensive performance and generalization
experiments on TNO and RoadScene datasets demonstrate that DIVIDUAL has superior visual results.
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1. Introduction

As aircraft technology rapidly advances, the wide applica-
tion of drones, airships and other aircraft in military, civil
and scientific research fields has become a reality. In the
process of aircraft mission execution, the comprehensive
perception of the environment and the accurate identifica-
tion of targets have become key technical challenges [1].
The application of VIIF in the vision system of aircraft pro-
vides a strong support to improve the perception ability
and mission execution effect of the aircraft in the complex
environment [2].

VIIF is aimed at extracting critical, complementary in-
formation and features from the source image to acquire a

more comprehensive fusion image with superior percep-
tions and higher saliency of the target, thereby improv-
ing image recognition, target detection and scene analysis.
Specifically, the visible image is intuitive to the human
eye and can show the color and shape of an object, but
the performance of the visible image may be limited in
some specific situations, such as at night or under adverse
weather conditions. In contrast, infrared images capture in-
formation about an object’s thermal radiation and therefore
perform better at nighttime or inclement weather condi-
tions. By fusing visible and infrared images, it is possible to
overcome shortcomings associated with each, resulting in
a more comprehensive and robust perception system that
provide strong support for the mission execution of aircraft

https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
http://dx.doi.org/10.6180/jase.202505_28(5).0005


956 Shaoqi Yang et al.

in complex environments.

VIIF methods are dedicated to designing different
means for the extraction of features and rules for their
fusion, so as to obtain high-quality information from the
source image and achieve well-quality image fusion. Exist-
ing VIIF methods fall into two general categories. That is,
traditional methods and deep learning-based methods. The
former primarily centers on extracting features from source
images and amalgamating them. Specifically, multiscale
transform [3, 4] is the more common method, which of-
ten employs Laplace pyramid, wavelet transform, Laplace
pyramid, wavelet transform, and multiscale geometric
analysis to extract high-frequency sub-images and low-
frequency sub-images, which will then enable the fusion
of images by analyzing the sub-images. In contrast, sparse
representation-based methods [5, 6] utilize sparse bases in
an over-complete dictionary to represent the source image
which enables feature extraction. Although such methods
can improve the under-information capture problem in the
multi-scale transform, the over-complete dictionary still
has limited capability for signal representation, is prone to
lose texture details in source images, and faces challenges
related to low computational efficiency. The subspace-
based fusion method [7] is generally designed to capture
potential structures within source images. This is achieved
by mapping high-dimensional images to low-dimensional
space, which can effectively align images from different do-
mains within both semantic and visual spaces. Despite the
improved computational efficiency, it still has limitations
in representing critical information within source images.
In recent times, numerous deep learning-based approaches
have been proposed [8, 9], leveraging auto-encoders, con-
volutional neural networks, and generative adversarial
networks as the underlying architecture, yielding fusion
results that can highlight salient targets and reveal the in-
herent styles and attributes of source images. Despite exist-
ing methods achieve superior results, most of them usually
ignore the complementarity of different domains and suffer
from the confusion of key texture and contextual informa-
tion during feature extraction.

To solve the above problem, in combination with the
idea of decoupling learning, some methods not only cap-
ture the domain-invariant information between different
modalities [10], but also isolate the domain-specific infor-
mation, thus achieving the decoupling of critical texture
and contextual information. However, most of the meth-
ods rely on generative adversarial mechanisms, which are
unable to obtain clean and complete domain-invariant in-
formation. In addition, during the fusion process, most
of the methods usually incorporate information specific to

two domains, thus introduce noise. Based on this obser-
vation, it is possible solution to enhance the effectiveness
and robustness of VIIF by explicitly capturing complete
and clean domain-invariant representations, and preserv-
ing complementarity and eliminating noise from domain-
specific representations. To achieve this goal, there are two
critical problems in VIIF that need to be resolved, i.e., (i)
There is the requirement to achieve excellent separation be-
tween domain-invariant and domain-specific information,
as these aspects are frequently intertwined and confused.
(ii) Both domain-invariant and domain-specific information
contain noise, necessitating a need to further distinguish
the noise and preserve the complementary information.

In this paper, to tackle the aforementioned issues, we
depart from the conventional decoupled learning meth-
ods employed in prior research, and investigate a new
self-supervised learning framework, i.e., disentangled con-
trastive learning, to perform effective and robust VIIF. To
this end, we initially devise a new disentangled framework
for VIIF to extract complete and clean domain-invariant
representations as well as domain-specific representations,
addressing issue (i). Furthermore, we design the disen-
tangled contrastive loss to further distinguish the noise
and preserve the complementary information to combat
issue (ii). As a result, the domain-specific and domain-
inconvenient representations separated by the proposed
disentangled contrastive learning method can be provably
decoupled and contain more critical contextual and texture
information, yielding fused images that are favorable for
downstream tasks.

The contributions are summarized as follows:

• We introduce a novel disentangled method for VIIF
out of generative adversarial mechanisms. To this end,
we devise a disentangled architecture based on a self-
supervised mechanism which is able to obtain clean
and complete domain-invariant and domain-specific
representations.

• We introduce a disentangled contrastive constraint in
the disentangled framework that preserves comple-
mentary texture information and common contextual
information in domain-invariant and domain-specific
representations. It helps eliminate noise in domain-
specific representations.

• Our approach has been extensively tested through a
series of experiments, demonstrating superior perfor-
mance in qualitative and quantitative analyses.

The organizational structure of this article is as follows:
Section 1, i.e., this section, introduces the VIIF task and
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the problem of existing VIIF methods, showcases how the
proposed method works and summarizes the contributions.
Section 2 furnishes a review of pertinent literature concern-
ing VIIF, as well as disentangled representation learning,
and states the motivation behind the proposed method.
Section 3 delves into the specifics of the proposed method,
while Section 4 assesses its performance and analyzes the
experimental results. The paper is concluded in Section 5.

2. Related works

This section provides a brief overview of topics relevant
to this work including traditional VIIF methods, deep
learning-based VIIF methods, and disentangled represen-
tation learning for machine learning, to shed light on the
motivation behind the proposed approach.

2.1. Traditional VIIF methods

Over the past few years, due to the highly complemen-
tary nature of infrared and visible images, fusing both for
downstream tasks has attracted widespread attention and
achieved remarkable performance. Traditional fusion meth-
ods are composed by two phases of feature extraction and
feature fusion, including the multi-scale transform (MST)-
based method [3, 4], the sparse representation (SR)-based
method [5, 6], and the subspace-based fusion method [7].

The MST-based feature fusion methods are more typi-
cal ones, which utilize Laplacian pyramid [11] and multi-
scale geometric analysis [4] to extract multi-modal features,
while preserving maximum information in the fusion re-
sult. Such methods are able to design specific strategies
based on different frequencies of sub-bands. However, in
most cases, they do not have translation invariance and
have information redundancy, which makes them prone
to lose structural information. DT-DWT [3] combines the
weighted average method of normalized Shannon entropy
to enhance the wavelet coefficients, which improves the
fusion results. NSST-NMF [12] introduces fast nonnegative
matrix decomposition into multiscale geometric analysis
to adaptively fuse multi-modal critical features, which alle-
viates the problem of information redundancy. Although
such methods have achieved good performance, they usu-
ally require the setting of predefined functions, which not
only lacks universality but also suffers from the problem of
insufficient information extraction.

To address this drawback, several SR-based methods
have been introduced in recent times, including joint sparse
representation (JSR) and latent low-rank representation
(LRR). JSR [5] utilizes the sliding window to alleviate the is-
sue of insufficient retention within the image edge informa-
tion. LatLRR [6] decomposes source images into low-pass

and high-pass sub-images to achieve adaptive weighted
fusion of different source images. They are able to obtain
content-rich fused images, but tend to possess high com-
putational complexity. Subspace-based fusion methods
can map high-dimensional data to low-dimensional sub-
spaces, reducing computational cost while preserving the
underlying structure of the image. HybridHDR-ICA [7]
independent component analysis to extract uncorrelated
variables, reducing the dimensionality while preserving
information of the data. They reduce computational cost
but lose critical information in multi-source images.

2.2. Deep learning-based VIIF methods

Recently, deep learning methods have experienced substan-
tial advancements, leveraging their potent representation
learning capabilities. They have been successfully applied
to tasks involving VIIF.

With the first introduction of CNN to VIIF, MST-CNN
[13] utilizes twin CNNs to obtain weight maps and joint
image pyramids to achieve multiscale fusion, which leads
the advancement in this field. Subsequently, UNFusion
[14] and MMF [15] utilize CNNs with different sized convo-
lutional kernels to extract multi-scale information during
fusion process. These methods facilitate the integration of
low-frequency and high-frequency information. Fusion-
GAN [16], DDcGAN [17], and PMGI [18], which utilize ad-
versarial relationships between generators and discrimina-
tors to enable the models to generate information-rich fused
images under unsupervised conditions. VDFEFuse [19]
extracts visual differentiation features based on encoder-
decoder architectures, whose fusion results exhibit high-
lighted salient targets and provide sufficient texture infor-
mation.

Moreover, in order to extract the long range dependence
of the two modalities, some methods utilize Transform-
ers to accomplish the task of VIIF. MFST [20] fuses multi-
scale features from multiscale encoders based on the focal
self-attention mechanism, which preserves important in-
formation of the source images. DATFuse [21] employs
the dual attention residual module to model long-range
dependencies across different modalities, preserving global
complementary information, and the fusion results have
well generalization power. Despite their success, existing
methods still fail to capture the complete common informa-
tion between source images, and it is difficult to effectively
utilize the private information from different sources to
complement the fusion results, which is of great impor-
tance for downstream tasks.



958 Shaoqi Yang et al.

2.3. Network architecture and notation

Disentangled representation learning is crafted to acquire
decoupled representations capable of modeling the un-
derlying factors within the data, and the theory has been
successfully used in computer vision tasks.

Based on the generative manner, DRIT [22] and DRIT++
[23] capture cross-domain shared content information
and domain-specific attribute information by introduc-
ing cyclic consistency loss in image-to-image translation
tasks. DR-GAN [24] utilizes an encoder-decoder architec-
ture to achieve a clear separation of facial pose from other
facial variations for face recognition tasks. FDMER [25]
learns public and private features of multimodal emotion
data by defining multiple subspaces to enhance the per-
formance of emotion recognition. WTI [26] operates on a
decoupled framework capturing sequential and hierarchi-
cal representations to enable cross-modal interactions in
text-video retrieval tasks. DMACCN [27] obtains comple-
mentary information of multimodal data by an adversarial
cycle-consistent encoding-decoding architecture including
modality-specific and modality-common sub-networks in
unsupervised multimodal pattern mining.

Inspired by the prosperity in other fields, decoupled
representation learning has attracted dramatic interest in
infrared-visible fusion. DRF [28] utilizes dual encoders
to decompose the image into representations related to
scene and sensor modalities. DCDR-GAN [29] utilizes a
densely connected generative adversarial architecture to
decouple the content and modal features of the two modal-
ities, whose obtained fused images have well visual quality.
While the above methods have achieved superior results
in VIIF, they are typically based on generating adversarial
networks and rely on additional dense connectivity, failing
to account for the potentially complex structure between
the different modalities and neglecting to account for the
complementarity and noise of each modality, which results
in sub-optimal performance.

2.4. Motivation

Current methods for VIIF strive to reconstruct well-fused
images using common information from different modal-
ities, which can reveal the inherent style and properties
of the image. However, they usually neglect the comple-
mentary nature of domain-specific information between
different modalities and may confuse the critical attribute
and content. e.g., if the infrared image is affected by equip-
ment faults and may be noisy and blurred, with part of the
content being present only in the visible image, it proves
advantageous to acquire critical content by integrating com-
plementary information from the visible image.

Fig. 1. The architecture of DIVIDUAL.

Therefore, it is necessary to consider both domain-
invariant information for each modality and domain-
specific information with complementary relationships.
Since the public information helps to reconstruct the com-
mon scene in the fused image, it becomes crucial to capture
domain-invariant information between different modali-
ties. Such domain invariant information should contain
all and only common information, i.e., clean and complete
domain invariant information. Therefore, how to acquire
clean and complete domain invariant information is the
first problem to be addressed. Subsequently, due to the
image acquisition process or mode, the visible and infrared
images may contain noise, which is mixed with the com-
plementary information. Merging the domain-specific rep-
resentation with noise can easily impact the quality of the
fused images. Therefore, how to obtain clean complemen-
tary domain-specific information is the second problem
that needs to be solved.

Recently, people motivated by disentangled learning
have been able to obtain domain-invariant information
and domain-special information. It is frequently based
on the coarse decoupling of generative adversarial net-
works, which fails to obtain clean and complete domain-
invariant information. In addition, the presence of complex
noise in visible and infrared images has limited the explo-
ration of the complementary relationship between domain-
invariance spaces. Addressing the aforementioned chal-
lenges through generative disentangled learning remains
problematic. Considering this, this paper introduces dis-
entangled multi-modal fusion method designed to tackle
these issues.

3. Methodology

In this section, a comprehensive overview of DIVIDUAL
is presented. To begin, we introduce the notations to-
gether with the generic network architecture of the method.
Then, we describe the disentangled contrast mechanism,
which utilizes domain-invariant information extraction
with domain-specific information constraints to solve the
above two problems. Finally, we outline the overall object.
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3.1. Network architecture and notations

DIVIDUAL is consists of two key components: feature
extractor and disentangled decoder, illustrated in Fig. 1.

Given a VIS images domain Xvis =
{

xi
vis

}N

i
∈ RN×F

and an IR images domain Xir =
{

xi
ir

}N

i
∈ RN×F, where

N and F stand for the number and dimension of im-
ages, respectively. Firstly, the proposed DIVIDUAL ob-
tains different modal features Edomain through two fea-
ture extractor Encdomain (·). Then, learning the disentan-
gled domain-invariant representations Zdi

domain ∈ RN×d

and the domain-specific representations Zds
domain ∈ RN×d

via disentangled networks Dis (·) with disentangled con-
trastive mechanism, where domain = {vis, ir}. Next, the
fused representations F ∈ RN×(d+d) are obtained by con-
catenating the optimized Zdi

domain and Zds
domain representa-

tions, where d are dimensions of the representation space.
Finally, a reconstruction network Rec(·) is employed to
map the fusion representation F to fusion images domain

x f =
{

xi
f

}N

i
∈ RN×F. For the sake of readability, Table 1

presents the notations employed throughout the paper.
We utilize a ConvBlock-based dual-encoder architecture

for the feature extraction in the infrared image and visible
image domains, formalized as evis = Encvi

(
xi

vi

)
and eir =

Encirr

(
xi

ir

)
. For both feature extractors, residual mapping

is used to bridge different convolutional blocks, which
alleviates both gradient vanishing and gradient explosion
problems at the same time. Specifically, as in Fig. 2, two
convolutional layers with kernel sizes of 1 × 1 and 3 ×
3 form a convolutional block, each of which contains a
residual operation, and four convolutional blocks form a
feature extractor.

For each image domain, we used two disentangled net-
works to separate the features extracted by the feature
extractor into domain-invariant and domain-specific rep-
resentations, respectively (in fact, the two features have
the same dimension). Subsequently, a 6-layer block, com-
prising an up-sampling layer and a convolutional layer,
was employed as a reconstruction network. This network
serves to merge and transform the domain-invariant and
domain-specific representations into fusion images.

Formally, taking the visible light image domain as an ex-
ample, the two decoupled branches Gds

vis(·) and Gdi
vis(·) are

defined to be used for extracting the domain-invariant rep-
resentation zdi,i

v,s and the domain-specific representation zcb,i
vis

for the i-th image. Similarly, the domain-invariant repre-
sentation zd,i,i

ir and the domain-specific representation zdτ,i
ir

of the i-th image in the infrared optical image domain are
obtained from the decoupled branches Gds

ir (·) and Gdi
ir (·).

To solve the two problems in motivation, zd,i,i
v,δ and za,i,i

ir

Fig. 2. Architecture of the ConvBlock.

are supposed to describe the same scene features, while
zai,i

v,s and zci,i,i
ir are supposed to contain different comple-

mentary features. In this regard, we directly splice the
domain-invariant and domain-specific representations as
well as define the reconstruction network Rec(·) to gener-
ate the fused images. Specifically, we argue that DIVIDUAL
should realize the following four types of fusion images:

xi
f−1 = Rec

(
zds,i

vis ⊕ zdi,i
vis

)
xi

f−2 = Rec
(

zds,i
ir ⊕ zdi,i

ir

)
xi

f−3 = Rec
(

zds,i
vis ⊕ zdi,i

ir

)
xi

f−4 = Rec
(

zds,i
irr ⊕ zdi,i

vis

)
(1)

3.2. Disentangled contrastive learning

General disentangled learning tends to coarsely decoupled
representations. Therefore, we design a disentangled con-
trastive learning that more easily captures complete and
clean domain-invariant as well as domain-specific represen-
tations. This achieves effective separation of scene features
and texture details in a self-supervised manner and sup-
presses the side effects of domain-specific representations.
Since it is difficult to determine whether the public infor-
mation in different domains is consistent or not, directly
constructing positive and negative samples by data aug-
mentation is prone to introduce many additional noises.
In this regard, we design a patch-level disentangled con-
trastive loss in combination with the generated fused im-
ages.

Specifically, given i-th fusion image xi
f−mm, infrared im-

age xi
ir and visible image xi

vis, where m ∈ {1, 2, 3, 4}. First,
to extract image features, we reuse dyadic feature extractor
Enc domain (·) of the original domain and access a weight-
sharing network mapping head H(·), which is MLP. As a
result, following features can be obtained:
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Table 1. Notations.

Notations Description
Xvis, Xir, and X f VIS, IR, and fusion images domain

Zdi
vis, Zdi

ir , Zds
vis, and Zds

ir
Domain-invariant and domain-specific representation
of Xvis and Xir

F The fused representations
Eis and Eir The feature of Xvis and Xir

L Loss function
Encvis(·) and Encir(·) The feature extractor of Xvis and Xir

Rec(·) The reconstruction network

Gdi
vis(·), Gds

vis(·), Gdi
ij (·), and Gds

ij (·)
The decoupled branch for extracting the domain
invariant and domain-specific representations of Xvis
and Xir

β1, β2, and β3 The balancing factors
λ1 and λ2 The moderating factors

si
m−vis = Hvis

(
Encvis

(
xi

f−m

))
si

m− ir = Hir

(
Encir

(
xi

f−m

))
si

ir = Hir

(
Encir

(
xi

ir

))
si

vis = Hir

(
Encir

(
xi

vis

))
(2)

Then, the image blocks in the same position of fused
image domain and original domain image are used as
positive pairs, and image blocks in N different positions
are randomly sampled as negative pairs. The block fea-
tures in the positive pair are treated as sp ∈ RC, and the
other block features at the same feature level are treated
as sP/p ∈ R(P−1)×C, where C is channel number and
s ∈ {1, . . . , S} is spatial location number. Motivated by
patchNCE [30], we define the disentangled contrastive loss
as:

LDC = λ1Ex∼X lir
DC + (1 − λ1) Ex∼X lis

DC (3)

where λ1 is the moderating factor:

LDC = λ1Ex∼X lir
DC + (1 − λ1) Ex∼X lis

DC (4)

And

lir
DC =

P

∑
p=1

− log

 exp
(

si
m pp

−ir · si
irr p/τ

)
exp

(
sm−−p

m · si−p
ir /τ

)
+ ∑P−1

p=1 exp
(

si−p
m · ·si−P/p

ir /τ
)


lvis
DC =

P

∑
p=1

− log

 exp
(

svis
mi

−p · si
vis p/τ

)
exp

(
sivis

m−−p · si−p
vis /τ

)
+ ∑P−1

p=1 exp
(

svvis
m−−p · si−P/p

vis /τ
)


(5)
where τ denotes the temperature parameter. The objec-

tive is to encourage the fusion image to faithfully restore
distinct source images by evaluating the similarity of the
output features. This loss constrains how closely the fused
image generated by domain-invariant and domain-specific
representations approximate source images. As much as
possible, the domain-invariant representation and domain-
specific representation contain key texture and background
information in source images.

In order to capture purer domain-invariant and domain-
specific information, DIVIDUAL is concerned with decou-
pled the two, aiming to render them independent of each
other. To achieve this, the orthogonalization rule is further
introduced and we constrain that F and F should be or-
thogonal to each other. The orthogonalization rule Lorth is
defined as follows:

Lorth =
∥∥∥Zdi

vis, Zds
uis

∥∥∥2

2
+

∥∥∥Zdi
ir , Zds

ir

∥∥∥2

2
(6)

During the learning process, minimizing Lorth can help
force the DOT product of Zci

comain and Zck
comain to approach

zero so that they are orthogonal to each other, thus con-
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straining domain-invariant and domain-specific informa-
tion within each modal image to be dissimilar.

3.3. Objective function

In addition to the use of disentangled contrastive loss and
orthogonality constraints, we additionally introduce SSIM
loss to learn the structural features of an image. SSIM
can efficiently evaluate the quality of an image through
brightness, contrast and structure [30]. Given P1 and P2,
SSIM can be defined as:

SSIM (P1, P2) =
(2ρP1P2 + σ) (2vP1 vP2 + µ)

(ρP1
2 + ρP2

2 + σ) (vP1
2 + vP2

2 + µ)
(7)

where ρ and v stand for the variance/covariance and
mean of corresponding P1 and P2, respectively. µ and σ are
two floating point numbers that tend to zero. From this,
the SSIM loss can be formalized as:

E(I | W) =
1

mn

mn

∑
i=1

Pi (8)

where W represents the sliding window. Referring to
disentangled contrastive loss, for different approximations,
we impose moderators for the SSIM loss. Thus, SSIM is
defined in the following form:

LSSIM = 1 − λ2
1
N ∑W

w=1 Score
(

X f−m, Xir | W
)

− (1 − λ2)
1
N ∑W

w=1 Score
(

X f−m, Xvis | W
) (9)

where λ2 is the moderating factor:{
λ2 = 1, if (Xir | W) > (Xvis | W)
λ2 = 0, if (Xvis | W) > (Xir | W)

(10)

In this regard, SSIM can guarantee the structural consis-
tency by constraining the shallow features of fused images
and source images. This loss function is employed with the
aim of encouraging the retention of almost as much com-
plementary information between different source domains.
Ultimately, DIVIDUAL is trained in an end-to-end manner
by combining disentangled contrastive loss, orthogonality
constraint loss, and SSIM loss.

Loverall = β1 LDC + β2 Lorth + β3 LSSIM (11)

where β1, β2, andβ3 are the balancing factors.

4. Experiments

This section begins by introducing the datasets and evalu-
ation metrics. Subsequently, experimental setup, selected
baselines, and the configuration of DIVIDUAL are detailed.
This section presents qualitative and quantitative compar-
isons to demonstrate that DIVIDUAL is effective.

4.1. Datasets

We were used two real-world benchmark datasets for eval-
uation: TNO dataset [31] and RoadScene dataset. Specifi-
cally, TNO dataset encompasses nighttime images depict-
ing various military-related scenarios, extensively utilized
for VIIF. It includes 60 pairs of visible and infrared images
along with screenshots in three video sequences. Road-
Scene dataset comprises FLIR video [32] image of pedes-
trian, roadway, and vehicular scenes, and it includes 221
aligned image pairs.

We formed a training set comprising 45 pairs of visible
and infrared images from TNO dataset. To augment this
dataset, we employed cropping techniques, in which the
sliding window is configured at 128 × 128, with a step size
of 32, and 8745 image patch pairs were finally obtained.
During the testing phase, we chose 20 pairs of images from
the TNO dataset to conduct a comparative evaluation. To
assess the generalizability of DIVIDUAL, we conducted ex-
periments using 20 image pairs from the RoadScene dataset.
The visible images in RGB format from RoadScene dataset
were converted to a single channel (Y channel in the YCbCr
color space).

4.2. Evaluation metrics

Six communal metrics are used as the evaluation metrics,
as defined below:

• EN. Information Entropy [33], which assesses the in-
formation of fusion images by analyzing pixel distri-
bution, with increased values corresponding to more
information within images.

• MI. Mutual Information [34], which gauges the infor-
mation linkage strength between fusion and source
images, with increased values signifying superior im-
age fusion performance.

• VIF. Visual Information Fidelity [35], which assesses
fusion images by simulating the characteristics of the
human visual system. Elevated values indicate greater
consistency with human vision, i.e., high fidelity.

• SD. Standard Deviation [36], which characterizes the
discrete gray values, with increased values corre-
sponding to heightened image contrast.

• SF. Spatial Frequency [37], which quantifies the per-
centage change in pixel grayscale by computing the
disparity between the center pixel and its adjacent
pixels. Elevated values indicate sharper images.

• AG. Average Gradient [38], which mirrors the fused
image’s capacity to portray details and textures.
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Higher values signify that the image encompasses
more abundant information and exhibits superior def-
inition.

4.3. Experimental setup

4.3.1. Baselines

The proposed method’s performance is accentuated
through a comparative analysis with several baselines, out-
lined as follows:

• DenseFuse [39]: It is a deep learning architecture that
utilizes intensive blocks to capture more beneficial
features.

• IFSepR [40]: It utilizes multi-branch encoder learning
for de-entanglement learning of different characteristic
information.

• RFN-Nest [41]: It constructs residual fusion networks
based on residual architectures, which is a two-stage
fusion method.

• U2Fusion [42]: It automatically assigns weights to
the source image and proposes adaptive information
preservation degrees, whose are unsupervised fusion
methods.

• UMF-CMGR [43]: It allows vector displacement be-
tween different kinds of infrared images and feature
fusion through image alignment and interaction mech-
anisms.

• PIAFusion [44]: It maximizes the preservation of high-
light patches preserving the background while also
preserving the texture information of the image.

• SeAFusion [45]: It preserves the semantic information
in the fused image through supervision.

• CLF-Net [46]: It constructs an unsupervised con-
trastive learning framework that utilizes structural
similarity loss and contrast loss to effectively guide
feature extraction and fusion.

• PSFusion [47]: The fusion is achieved by progressively
injecting semantics and constraining scene fidelity.

4.3.2. Implementation details

The original image for each viewpoint is normalized to
the range [−1, 1]. The MLP includes a fully connected
operation and a normalization operation, a LeakyReLU
activation function, and a fully-connected operation for
final output. The input and output channels of the inverse
convolutional layer are 128 and 64 respectively. During the
training process, the batch size, learning rate and epoch are
set to 4, 0.002, and 20, respectively.

4.4. Performance experiment

To conduct a thorough analytical evaluation, DIVIDUAL
was compared with nine baselines by TNO dataset.

4.4.1. Qualitative results

To intuitively identify the performance discrepancies
among different algorithms, we opted to showcase results
of various algorithms on four image pairs. In Fig. 3a,
for comparison, we zoomed in on the smaller character
information patches and displayed them in the bottom cor-
ner of each fusion image. It can be clearly seen from the
zoomed-in image that DIVIDUAL has preserved the maxi-
mum amount of character texture information, including
the light and dark contrast information of the arm, clothes,
etc. On the contrary, DenseFuse [39], IFSepR [40], RFN-
Nest [41], U2Fusion [42], UMF-CMGR [43], and PIAFusion
[44] lost a lot of texture features of the characters. In ad-
dition, the yellow box in each image demonstrates that
although SeAFusion [45], CLF-Net [46], PSFusion [47]cap-
tured relatively rich texture information, their fused images
were interfered with by infrared light. The brightness of the
sky portion of the SeAFusion [45], CLF-Net [46], PSFusion
[47] fusion result is more closely aligned to infrared light
than to visible light. In contrast, benefiting from the de-
entanglement learning of public and private information,
DIVIDUAL preserves both the detailed character texture
and reasonable sky background in the fused image.

Fig. 3b demonstrates the difference in image fusion per-
formance of different algorithms in the case of visible im-
ages with occlusion. For comparison, we have likewise
labeled the character patches and background patches in
each fused image with red and yellow boxes, respectively.
As depicted in Fig. 3b, it is evident that DIVIDUAL excels in
producing a distinct silhouette of the figure with minimal
interference from thermal infrared information. Addition-
ally, DIVIDUAL successfully captures the brightest sky,
aligning with the corresponding region. Noteworthy, while
PSFusion [47] implements clear character outlines similar
to DIVIDUAL, its sky is gray and only highlights the silhou-
ettes of the background trees. The reason for this PSFusion
[47] is highly disturbed by thermal IR information, leading
to the dropping of most features within visible images. The
loss function only imposes constraints on retaining contour
constraints on retaining contour features in the fused im-
age. DenseFuse [39], IFSepR [40], RFN-Nest [41], U2Fusion
[42] are affected by visible light occlusion, and does not
produce the silhouette of images very clearly.

Fig. 4a demonstrates the fused image generation results
of different algorithms fusing thermal infrared light when
the visible image brightness is dim. Our proposed DIVID-
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a b

Fig. 3. For comparison purposes, we have identified the highlighted objects using red boxes and will place them at the
bottom right corner. In addition, we have used orange boxes to display the figure. (a) Qualitative comparison results in

dimly lit images of people and cars. (b) Qualitative comparison results in images where the object and background
temperatures are similar (IR image chromaticity is similar

UAL captures richer character texture features compared to
existing methods [39–41]. And although PSFusion [47] can
extract richer texture features, its character edges are too
sharpened and do not resemble visible images. In contrast,
DIVIDUAL is more in line with the actual semantics of
images.

Fig. 4b illustrates the baseline and DIVIDUAL fusion
performance when the figure and the background have
similar chromaticity in the infrared image. Ideally, when
the object and the background have similar chromaticity in
IR light, the fused image should highlight the difference in
visible light color more. The red box in Fig. 4b demonstrates
that DIVIDUAL can show the visible light color differences
between the umbrella and the gazebo more clearly when
they are similar in IR light. On the contrary, PSFusion
[46] fails to preserve the visible chromaticity of the gazebo.
PIAFusion [44] and SeAFusion [45] are able to capture the
visible color of the gazebo, but these methods sacrifice the
texture features of the pedestrians for sub-optimal fusion
results.

4.4.2. Quantitative results

The outcomes for the 6 general quantitative metrics are
summarized in Table 2. Notably, DIVIDUAL achieved the
best performance in terms of VIF, SD, AG, and SF.

Regarding the MI and EN metrics, DIVIDUAL performs
optimally, except for CLF-Net [46] and PSFusion. In the
case of the EN metric, DIVIDUAL closely aligns with PS-
Fusion, whose superior EN is due to its ability to capture
image texture features, but it is not able to capture texture
features and image structure at the same time, and thus
the VIF value of PSFusion is much lower than that of DI-
VIDUAL. Whereas, for metric, DIVIDUAL is only slightly
behind CLF-Net [46], which is due to the fact that CLF-Net

[46] maximizes the mutual information between different
domains using contrastive contrastive learning method of
PatchNCE, but the limitation of this approach is that it
is unable to decouple the public and private information
within the viewpoints, which leads to the fact that the CLF-
Net [46] can only unidirectionally resolve the visible image
or the infrared image without being able to simultaneously
preserve their respective features, and this defect is also
reflected in the lower AG value of CLF-Net [46]. On the
contrary, the DIVIDUAL proposed in this paper effectively
remedies this defect and achieves superior AG values.

Drawing on the aforementioned quantitative analysis,
DIVIDUAL utilizes the disentangled learning to adequately
weigh the importance of information between different do-
mains, and achieves good performance on the TNO dataset.

4.5. Generalization experiment

We conduct experiments on the RoadScene dataset to in-
vestigate the generalizability of DIVIDUAL.

4.5.1. Qualitative results

As with the TNO dataset, we selected four image pairs
from the RoadScene dataset for analysis. To thoroughly
assess the generalization ability of the fusion methods, we
choose two images taken during the daytime and two taken
at night. Fig. 5a shows the fusion performance of DIVID-
UAL and the other nine methods for a single car during
daytime. We used a similar method to the TNO dataset to
zoom in on the details of the fused images. Fig. 5a shows
that DIVIDUAL can clearly preserve the texture features of
the car, such as the license plate number, during daytime.
While the images fused by other methods lead to blurring
of the license plate number. In addition, DIVIDUAL also
preserves the sky chromaticity in daylight.
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a b

Fig. 4. For comparison purposes, we have identified the highlighted objects using red boxes and will place them at the
bottom right corner. In addition, we have used orange boxes to display the figure. (a) Qualitative comparison results in

dimly lit images of people and cars. (b) Qualitative comparison results in images where the object and background
temperatures are similar (IR image chromaticity is similar).

Table 2. Notations.

TNO RoadScene
EN MI VIF SD AG SF EN MI VIF SD AG SF

DenseFuse 6.398 2.104 0.634 8.505 2.701 0.026 6.654 2.886 0.629 9.478 3.114 0.031
IFSepR 6.559 2.090 0.683 8.722 3.579 0.037 6.708 2.683 0.610 9.758 4.081 0.049

RFN-Nest 6.965 2.005 0.761 9.155 2.870 0.024 7.260 2.720 0.704 10.031 3.315 0.030
U2Fusion 6.990 1.769 0.740 9.438 5.313 0.047 7.154 2.760 0.680 9.980 5.925 0.058

SeAFusion 7.124 2.765 0.951 9.445 5.867 0.052 7.595 3.239 0.918 10.665 5.468 0.064
UMF-CMGR 6.724 1.924 1.016 9.381 5.465 0.0545 6.016 1.207 0.895 9.901 4.821 0.049

CLF-Net 7.226 3.635 1.048 9.613 4.989 0.049 7.454 5.164 1.083 10.461 6.076 0.068
PIAFusion 6.501 3.431 0.877 9.765 5.331 0.092 6.211 4.057 0.922 8.803 4.021 0.062
PSFusion 7.525 3.281 0.734 9.322 6.611 0.132 7.509 3.110 0.664 9.021 6.085 0.104

DIVIDUAL 7.506 3.360 1.126 9.771 7.974 0.132 7.610 3.332 1.096 9.760 7.974 0.129

a b

Fig. 5. Qualitative comparison of DIVIDUAL results with baseline methods. We define highlighted objects with orange
boxes and place them at the bottom right corner. (a) Qualitative comparison results in individual car images in daylight. (b)

Qualitative comparison results in mixed images of poles and vehicles.

Fig. 5b demonstrates the fusion performance of DIVID-
UAL and nine other methods on a hybrid image of utility
poles and vehicles. The orange boxes in Fig. 5b label the
texture effect of the utility poles. The experimental results
show that DIVIDUAL can adequately capture the wire tex-
ture among the utility poles. Since the wires are thin in

the image, DenseFuse [39], IFSepR [40], RFN-Nest [41],
U2Fusion [42], UMF-CMGR [43] lost the texture features of
the wires during fusion. In addition, we can observe that
PSFusion [47] retains clearer cloud textures in the sky com-
pared to DIVIDUAL, which is due to the fact that PSFusion
[47] captures all the textures in the image indiscriminately.
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And thanks to the de-entanglement learning, DIVIDUAL
treats the sky as the private information of the lightable im-
age, which is reasonable in practical applications because
the sky tends to have less semantic texture information and
more chromaticity information.

Fig. 6a shows the fusion performance of DIVIDUAL and
nine other methods for mixed images of buildings and vehi-
cles at night. We observed the fusion effect on the window
areas of the building and zoomed in on them at the bottom
of the image. It was observed that the other 9 methods
struggled to preserve the texture of the windows at night,
while DIVIDUAL can outline the window borders more
clearly. We note that DenseFuse [39], IFSepR [40], RFN-
Nest [41], U2Fusion [42], UMF-CMGR [43], PSFusion [47]
fused building images have darker window chromaticity
compared to the walls, which suggests that they prefer to
capture the features of building patches, while PIAFusion
[44], SeAFusion [45], and CLF-Net [46] prefer to capture
the features of building patches. In contrast, DIVIDUAL
retains the most informative parts of the images from both
modalities, which leads DIVIDUAL to exacerbate the chro-
matic contrast between windows and walls, allowing for
clearer outlines. In addition, DIVIDUAL loses the light
speckle features in tower buildings. The reason for this
phenomenon could be that the speckle features are learned
as public information by DIVIDUAL, resulting in that they
are not preserved in the private information of the visible
light image. Other possible reasons are that the speckles
are recognized by DIVIDUAL as a noisy part. However, the
generalization performance of DIVIDUAL is still optimally
beneficial in terms of overall fusion results.

Finally, we chose a multi-pedestrian image to evaluate
the fusion performance of DIVIDUAL, and the results are
shown in Fig. 6b. First, the orange color of Fig. 6b indicates
that DIVIDUAL retains clear tree edge textures under dark-
ness, while the other methods blend the trees and the night
sky into one. It is worth noting that the moonlight spots
in the original image pair are recognized as noise by DI-
VIDUAL and removed from the private information. The
red boxes in Fig. 6b indicate that all 10 methods, including
DIVIDUAL, were able to capture relatively clear character
textures. However, DIVIDUAL, PIAFusion [44], and PS-
Fusion [47] can generate texture details of the pedestrian
clothing and limbs in greater detail. The blue box in Fig. 6b
highlights the texture details of the crowd in the distance,
through which it can be seen that DIVIDUAL is slightly less
effective than PSFusion [47] in fusing the blurred textures
in the distance. This is due to the loss function for filtering
private information noise recognizes the blue patches as
private information noise of the thermal infrared image

when comparing the visible and infrared images.

4.5.2. Quantitative results

To quantitatively assess the difference in generalizability be-
tween DIVIDUAL and the other 9 algorithms, similar to the
quantitative analysis, we followed the same experimental
steps to evaluate 6 quantitative metrics on the Roadscene
dataset, as shown in Table 2. Among the six metrics, DIVID-
UAL obtains the best quantitative results on all the other
five metrics except SD. It is worth noting that DIVIDUAL
results in four metrics, MI, VIF, AG, SF, are basically equal
to the TNO dataset, and DIVIDUAL EN metrics under the
road scenario dataset even outperform surpass the TNO
dataset. This fully demonstrates that DIVIDUAL has su-
perior generalization ability to out-of-distribution datasets.
The SD results of DIVIDUAL are lower than those of SeA-
Fusion [44], but they are close to those of the TNO dataset.
We believe that DIVIDUAL images trade-off image tex-
ture contrast while preserving public information. The
texture contrast of DIVIDUAL fused images is closer to
that of visible light images. DIVIDUAL trades an accept-
able weakening of texture contrast for closer to real image
information.

Based on the above quantitative analysis, the fusion
effect of DIVIDUAL on the outer distribution dataset is
slightly inferior to the existing methods in terms of SD
metrics, but it still has a great generalization ability when
analyzing all the metrics together.

5. Conclusion

In this work, we suggest a VIIF framework based on disen-
tangled learning and self-supervised mechanisms, namely
DIVIDUAL, which combines the advantages of encoding-
decoding models. Specifically, to achieve effective decou-
pling of source images, we propose to separate the com-
plex information within the source image using a disen-
tangled sub-network for obtaining domain-invariant and
domain-specific representations. Next, the utilization of
disentangled contrastive constraint assures that the sepa-
rated information adequately contains common and critical
information in source images. Then, to remove the noisy
information embedded in the domain-specific representa-
tion, we introduce orthogonality constraints to optimize
the domain-specific representation. Finally, we utilize addi-
tional structural losses to aid in the retention of information
in the source image. On two generalized real datasets, per-
formance experiments and generalization experiments are
conducted, which proves DIVIDUAL is superior.

In addition, lightweight and portable versions of mod-
els are often required for better integration of the proposed



966 Shaoqi Yang et al.

a b

Fig. 6. For comparison purposes, we used the red box to select salient objects and place them at the bottom right corner. In
addition, blue boxes enlarge the pedestrian vignettes in the distance, and the orange box labels patches of the night sky and

trees. (a) Qualitative comparison results in mixed images of buildings and vehicles at night. (b) Qualitative comparison
results in ulti-pedestrian images.

methods with real-world applications in image fusion tasks.
Especially in the field of aircraft sensing, lightweight mod-
els will facilitate the execution of downstream tasks such
as target identification and environment monitoring in air-
craft. However, in DIVIDUAL, utilizing disentangled net-
works based on encoding-decoding architectures to obtain
some pre-trained features tends to increase the size of the
model. There must be a more lightweight model that can
combine disentangled learning with encoding-decoding
architecture for image fusion. According to this demand,
solving the model size problem of image fusion methods
based on disentangled learning and better adapting to prac-
tical application scenarios are future research directions in
VIIF.
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