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Abstract

Existing infrared and visible image fusion methods often face the dilemma of
balancing modal information. Generative fusion methods reconstruct fused images
by learning from data distributions, but their generative capabilities remain lim-
ited. Moreover, the lack of interpretability in modal information selection further
affects the reliability and consistency of fusion results in complex scenarios. This
manuscript revisits the essence of generative image fusion under the inspiration
of human cognitive laws and proposes a novel infrared and visible image fusion
method, termed HCLFuse. First, HCLFuse investigates the quantification theory of
information mapping in unsupervised fusion networks, which leads to the design of
a multi-scale mask-regulated variational bottleneck encoder. This encoder applies
posterior probability modeling and information decomposition to extract accurate
and concise low-level modal information, thereby supporting the generation of
high-fidelity structural details. Furthermore, the probabilistic generative capability
of the diffusion model is integrated with physical laws, forming a time-varying
physical guidance mechanism that adaptively regulates the generation process at
different stages, thereby enhancing the ability of the model to perceive the intrinsic
structure of data and reducing dependence on data quality. Experimental results
show that the proposed method achieves state-of-the-art fusion performance in
qualitative and quantitative evaluations across multiple datasets and significantly
improves semantic segmentation metrics. This fully demonstrates the advantages
of this generative image fusion method, drawing inspiration from human cognition,
in enhancing structural consistency and detail quality. The source code is available
at https://github.com/lxq-jnu/HCLFuse

1 Introduction

Infrared and visible image fusion has been extensively employed as a core technique in multi-
modal sensing systems, which are widely adopted in surveillance, autonomous driving, and target
tracking [1, 2, 3]. Infrared sensors capture thermal radiation and are effective under low-light
conditions, while visible sensors perform better in well-lit environments but degrade in darkness or
adverse weather. Image fusion aims to combine complementary advantages from both modalities,
traditionally formulated as a deterministic mapping based on handcrafted features, using techniques
like multi-scale decomposition[4, 5, 6] or sparse representation[7, 8, 9]. Although these methods
are computationally efficient, they lack the ability to capture semantic relationships and handle
uncertainty, which often results in suboptimal integration of multi-modal information. Recent
deep learning-based approaches adopt data-driven strategies to automatically learn cross-modal
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Figure 1: Comparative visualization of gaussian curvature in generative infrared and visible image
fusion methods.

relationships, substantially improving fusion quality. Generative models further advance this by
modeling the task as a conditional distribution p(z j x; y), capable of handling uncertainty and
capturing deeper modality interactions. However, existing generative methods still face several
limitations:

Limited generative capability: Existing methods often focus on feature extraction (representative
methods: Dif-Fusion[10], LFDT-Fusion[11]) or optimization (representative methods: Diff-IF[12]),
failing to fully leverage the potential of generative models.

Lack of interpretability: Current methods lack sufficient interpretability regarding how information
from different modalities is selected and processed during fusion.

Strong data dependence: These models heavily rely on statistical distribution properties and lack a
deep understanding of the intrinsic rules of the modalities. As a result, their robustness is weak when
confronted with data distribution shifts or noise interference.

To visualize these limitations, Gaussian curvature is introduced as a geometric indicator of structural
consistency. As shown in Fig. 1(b), existing diffusion-based methods exhibit fragmented curvature
patterns in critical regions, suggesting incoherent structure retention and biased information integra-
tion. This indicates that the methods fail to achieve optimal information selection and retention in the
integration of modal information. Existing generative models focus primarily on data distribution,
neglecting the intrinsic understanding of the data. In contrast, human cognition inspires us to combine
empirical data with abstract reasoning and domain knowledge. As highlighted by Tenenbaum et
al.[13], mechanisms such as selective attention and physical laws play a crucial role in guiding
robust perception under uncertainty, which remains largely absent in current fusion models. Selective
attention involves prioritizing task-relevant information while disregarding redundant or irrelevant
inputs. Adherence to physical laws involves integrating perceptual input with domain knowledge to
support robust inference.

This paper revisits generative infrared and visible image fusion through cognition-inspired modeling
principles and proposes a novel method. The framework(see Fig. 2(a)) integrates a data-driven
generative model with theorem-constrained probabilistic reasoning, enabling more interpretable
and robust fusion. A multi-scale variational bottleneck encoder is designed to extract structured
low-level features through information quantization, which are then guided by a physics-aware
diffusion process. By incorporating physical laws into the generative trajectory, HCLFuse enhances
semantic consistency and reduces reliance on high-quality data. As shown in Fig. 1, HCLFuse not
only demonstrates more complete structural features in curvature visualization but also surpasses the
curvature quality of the original images in certain regions. Overall, the main contributions of this
paper are summarized as follows:

• A novel generative fusion framework is proposed to enhance modality interpretability and structural
consistency by incorporating human cognitive laws.

• A multi-scale variational bottleneck encoder is introduced to extract discriminative low-level
representations through unsupervised information mapping quantization theory.

• The generative ability of the diffusion model is combined with physical laws to form a time-varying
physical guidance mechanism, enhancing the ability of the model to perceive the intrinsic nature of
data, reducing data dependence.
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• Extensive experiments demonstrate superior performance in both fusion quality and downstream
semantic segmentation.

2 Related Work

2.1 Deep Learning-Based Fusion Methods

With the advancement of deep learning, image fusion has evolved from traditional deterministic
models to data-driven approaches capable of capturing complex modality relationships. Early
methods such as DenseFuse[14] introduced convolutional encoders with dual fusion strategies,
while NestFuse[15] enhanced detail preservation via multi-scale nested connections. To improve
interpretability, LRRNet[16] employed a lightweight architecture that approximates optimal fusion
solutions, and MMAE[17] incorporated masked attention mechanisms into a general two-stage fusion
pipeline. Recent trends favor end-to-end architectures. PMGI[18] uni�ed diverse fusion objectives
under a common optimization formulation, and STDFusionNet[19] leveraged salient target masks
to jointly model detection and fusion. Transformer-based methods further expanded global context
modeling: SwinFusion[20] designed intra- and inter-domain modules based on the Swin Transformer;
SegMiF[21] applied hierarchical attention for �ne-grained representation; STFNet[22] focused
on pixel-level dependencies to mitigate ghosting; and CrossFuse[23] proposed complementary
attention to suppress modality-speci�c redundancy. While these methods have improved cross-modal
feature integration, they often treat fusion as deterministic overlay, overlooking its generative nature.
Consequently, their performance is limited when handling degraded inputs or incomplete modality
information, restricting the semantic expressiveness of fused outputs.

2.2 Generative Models for Image Fusion

With the evolution of generative models, image fusion task has gradually been formulated within
the framework of Generative Adversarial Networks (GAN). FusionGAN[24] was among the earliest
attempts to establish an adversarial learning scheme between a generator and a discriminator, wherein
the generator synthesized fused image and the discriminator evaluated the detail-level differences
between the fused image and the visible image. This setup was intended to improve the structural
integrity and perceptual realism of the fused result. The application of GAN in image fusion is
hindered by inherent limitations, including training instability and mode collapse, which reduce both
generalization ability and generation quality. To address these limitations, diffusion models(DM)
have been introduced as a compelling alternative, offering advantages such as progressive generation,
high �delity, and stable training dynamics. Dif-Fusion[10] employed a diffusion model as a feature
extractor to guide the fusion process and produced fused images with improved color �delity. Diff-
IF[12] incorporated prior knowledge of the fusion task to condition the diffusion model, enabling
the generation of high-quality fused image even in the absence of ground-truth. CCF[25] proposed
a conditionally controllable fusion framework that relaxed the constraints imposed by �xed fusion
paradigms and improved the adaptability and generalization of the generation process.

Although diffusion-based image fusion methods have demonstrated notable advances in both per-
formance and representational capability, most existing approaches continue to rely heavily on
conditioning from data distribution. Therefore, the full potential of diffusion models as generative
mechanisms for image fusion remains underexplored. This work establishes a theoretical framework
for unsupervised image fusion from the perspective of human cognitive principles. Furthermore, a
time-varying physical guidance mechanism is developed by integrating physical laws with data-driven
distributions, aiming to generate fused images with improved structural consistency and information
completeness.

3 Method

3.1 Problem Statement and Modeling

In HCLFuse, let the infrared image domain be denoted asX and the visible image domain asY,
with joint observations(x; y) � p x;y . A fusion mappingF(X ; Y) ! Z is constructed to generate a
fused latent representationz = F(x; y) 2 Z , whereZ � R d denotes the fusion space. The detailed
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Figure 2: Overall architecture of HCLFuse and feature evolution across the diffusion process.

architecture and optimization work�ow of HCLFuse are provided in Appendix B. Ideally, the fused
representation is expected to effectively preserve complementary information from both modalities
while suppressing redundancy and noise. The image fusion task is formulated as a trade-off between
compressive sensing and information preservation, aiming to optimize the selectivity of information
to extract the most discriminative features. Speci�cally, assuming the fused representation follows a
conditional distributionZ � q(zjx; y) , the optimization objective is de�ned as the maximization of
the joint mutual information between Z and the modal inputs:

max
q(zjx;y)

I(Z; X; Y ) (1)

Here, the mutual informationI(Z; X; Y ) quanti�es the amount of information from the modal inputs
preserved in the fused representation[26], and is de�ned as follows:

I(Z; X; Y ) =
ZZ

q(z; x; y) log
q(zjx; y)

p(z)
dz dx dy (2)

However, directly maximizing the information quantity may lead to the retention of excessive
redundant content, which contradicts the selective attention mechanism observed in human cognitive
systems. Within the predictive brain framework proposed by Clark[27], cognition is interpreted as an
active process that adjusts internal models by minimizing prediction errors, thereby emphasizing the
necessity of focusing on task-relevant information. To address this issue, the information bottleneck
(IB)[28] theory is introduced as a mechanism to regulate information �ow. The IB principle seeks a
balance between compression and preservation by maximizing the mutual information between the
fused representation and a task-relevant variableC, while minimizing its mutual information with the
input:

max
q(zjx;y)

I(Z; C) � �I(Z; X; Y ) (3)

Here,� serves as a trade-off coef�cient that controls the balance between task relevance and com-
pression. In unsupervised image fusion scenarios, explicit labelsC are unavailable. Therefore, a
proxy task is designed by leveraging the modality alignment capability as a surrogate measure of task
relevance.

Theorem 1. (Lower Bound of Mutual Information under Unsupervised Mapping) Let modal inputs
X � p X andY � p Y , with the fused representationZ � q(zjx; y) . Assume the existence of a latent
task-relevant variableC that satis�es the causal dependencyC ! (X; Y ) ! Z . Then, there exists
an optimal transport mapping [29] T � : X ! X 0, such that the fused representationZ generated
from the transformedX 0 = T � (X) andY satis�es the following lower bound on mutual information
(the full derivation is provided in Appendix A.1):

I(Z; C) � I(Z; X 0; Y ) � " � I(Z; X; Y ) � � �
�
W2(pX ; pY ) � W 2(T �# pX ; pY )

�
(4)

where" > 0 denotes an upper bound on the residual task-irrelevant information,� > 0 is a
sensitivity factor,W2(�; �) represents the second-order Wasserstein distance, andT �# pX denotes
the pushforward distribution ofpX under the optimal mappingT � . This establishes a principled
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foundation for fusion optimization through transport-based modality alignment. It reveals that the
improvement inI(Z; C) is lower bounded by the reduction in Wasserstein distance after applying the
optimal transport mapT � , offering a quanti�able and optimizable surrogate objective for information
alignment under unsupervised conditions.

3.2 Variational Bottleneck Encoder

Under the guidance of the optimal transport mapping proposed in Theorem 1, a variational bottleneck
encoder (VBE) is designed to extract salient and compact representations under information alignment.
The input to the encoder consists of the concatenated transformed infrared imageX 0 and the visible
imageY . Only the infrared image is transformed according to an optimal transport plan, while the
visible image remains unchanged to ensure stability and ef�ciency. The transformation operator
T � is obtained by multiplying the optimal transport planP � with the �attened infrared tensor
X �at 2 RB�N�C , where N = H � W:

T � (X) = P � � X �at ; P � = arg min
P2U(r;c)

X

i;j

Pij Cij + "
X

i;j

Pij log Pij : (5)

Here,U(r; c) denotes the set of doubly stochastic matrices with row and column marginalsr and
c, Cij represents the squared Euclidean distance between �attened pixel values of infrared and
visible images, and" is a regularization coef�cient. Through this transformation, the infrared image
is geometrically and semantically aligned to the visible modality, reducing structural discrepancy
between modalities and improving training ef�ciency. The transformed infrared imageX 0 = T � (X)
and the original visible imageY are then jointly encoded to model their latent representation as
Z � q(ZjX 0; Y ). The optimization objective of the VBE is formulated as:

L VBE = � E q(ZjX 0;Y ) [log p(Y jZ)] � � E q(ZjX 0;Y ) [log p(X 0jZ)]

+ � D KL [q(ZjX 0; Y )kp(Z)] (6)

The �rst two terms evaluate the reconstruction capability ofZ with respect toY andX 0, while the third
term imposes a Kullback–Leibler (KL) divergence regularization to constrain the posteriorq(ZjX 0; Y )
from deviating signi�cantly from the priorp(Z) , thereby enabling controllable compression. The
parameter� > 0 governs the strength of this information bottleneck constraint. The objective
L VBE essentially uni�es the modeling principles of the Variational Autoencoder and the Information
Bottleneck framework. It ensures robust cross-modal reconstruction while compressing redundant
information in the latent space, thus generating structurally consistent and semantically compact
fused representationsZ for the subsequent conditional modeling stage of the diffusion model. Under
this bottleneck constraint, a multi-scale masking mechanism is further introduced to adaptively �lter
features at different scales, serving as a complementary enhancement rather than the bottleneck itself,
thereby enhancing the expressiveness of the latent representation Z. This process is formulated as:

Fs = concat(X 0; Y ); Fm = � (� s � (M s � F s)) (7)

where�(�) denotes the activation function,� s represents learnable parameters, andM s denotes the
mask weights that determine the importance of each feature, which are learnable parameters obtained
through a differentiable transformationM s = sigmoid(w s), wherews 2 R1�C�1�1 is initialized
from a normal distribution and jointly optimized withL VBE. Fs refers to the input of the VBE module.
The operator� indicates element-wise multiplication, through which the maskM s is applied to the
featuresFs to obtain the condensed key feature representationFm . To characterize the distributional
properties of critical and uncertain information within the latent representationZ more explicitly,
the posterior distributionq(ZjFm ) is modeled as a Gaussian distribution. Due to its continuity and
differentiability, the Gaussian distribution facilitates sampling and optimization within the variational
inference framework. Meanwhile, its parameterized structure enables effective modeling of both
deterministic and uncertain components in the latent space. This modeling is expressed as:

q(ZjFm ) � N (�; � 2) (8)

The mean� and variance� 2 of the latent variableZ are computed from the masked featuresFm to
represent the deterministic and uncertain components, respectively. This design enables a controllable
generative capacity in the latent space while preserving discriminative semantic features from the
multi-modal input, thereby facilitating improved expressiveness and structural consistency in the
subsequent diffusion model. To further characterize the information structure within the latent
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representation, the latent variableZ � N (�; � 2) output by the variational bottleneck encoder is
structurally decomposed. Speci�cally, considering that the encoder output contains both deterministic
information driven by the input features and stochastic perturbations introduced by the variational
modeling, the latent variable Z can be expressed as:

Z = � + R; R � N (0; � 2); (9)

where� denotes the mean vector computed from the masked featuresFm , representing task-relevant
structural information, andR denotes a zero-mean Gaussian perturbation with covariance� 2, model-
ing the uncertainty introduced during the information bottleneck compression process.

Theorem 2 (Upper Bound of Redundant Mutual Information in the Perturbation Term). Based on
the decomposition in(9), we consider the mutual information between the perturbation termR and
the task-relevant component� . Assuming a heteroscedastic Gaussian reparameterization consistent
with the encoder implementation,

R = � � "; " � N (0; I);

Under the joint-Gaussian and channel-diagonal dominance assumptions (see Appendix A.2), the
redundant mutual information admits the following upper bound:

I(R; �) �
1
2

dX

i=1

h
� log

�
1 �

Var[� i ]
� 2

i

�i
; (10)

The latent variables decoupled by the variational bottleneck encoder provide critical features for the
diffusion model. By constraining the redundancy inR, the diffusion process focuses on task-relevant
structures, thereby improving the quality and consistency of the generated results. As shown in the
�rst row of Fig. 2(b), the encoder output gradually captures re�ned and discriminative structural
information, which is then fed into the subsequent generation and reconstruction processes.

3.3 Physics-Guided Conditional Diffusion Model

Diffusion models synthesize images via reverse denoising processes, capturing distributional patterns
from large-scale data. Inspired by the interplay between empirical learning and physical reasoning in
human cognition, a physics-guided conditional diffusion model is proposed, in which data-driven
estimation is integrated with physically grounded constraints derived from domain knowledge. This
hybrid mechanism enhances generalizability and interpretability while reducing dependence on
high-quality data. In basic diffusion models, the reverse process (denoising sampling) is entirely
based on the learned conditional distribution, typically formulated as:

p� (zt�1 j zt ) � N (� � (zt ; t); � � (zt ; t)) (11)

To reinforce structural consistency and physical interpretability, the proposed physics-guided diffusion
model introduces a physically grounded correction term ��phys(zt ; t) into the reverse process, with
the VBE-generated latent Z as input. The modi�ed sampling is de�ned as:

pphys
� (zt�1 j zt ) � N (� � (zt ; t) + �� phys(zt ; t); � � (zt ; t)) (12)

where�� phys(zt ; t) denotes a physics-based correction term that guides the generation process to
obey fundamental physical laws. The probabilistic model provides an experience-driven initial
estimate, while the physical constraints serve as rule-based corrections, jointly forming a generation
process akin to the human cognitive laws between empirical experience and physical theorems. At
each diffusion stept, generation proceeds in two stages: (1) a probabilistic estimateẑ0 is computed
via denoising; (2) a physics-based correctionẑphys

0 = � physics(ẑ0; t) is applied, followed by reverse
sampling:

zt�1 =
p

� t�1 ẑphys
0 +

p
1 � � t�1 � phys

t (13)

Where� phys
t represents the re-estimated noise corresponding toẑphys

0 , ensuring consistency in both
semantic structure and noise components. This two-stage reasoning is executed at every timestep,
enabling the generative trajectory to maintain data-driven capabilities while incorporating structural
and physical corrections, leading to more realistic, stable, and physically plausible outputs. Under
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the proposed physics-guided framework, three types of physical constraints are introduced to capture
the intrinsic physical laws relevant to infrared and visible image fusion:

� physics(ẑ0; t) = � con(� stru(� heat(ẑ0; t); t); t) (14)

Heat Conduction Constraint. This constraint re�ects the law of energy transfer in physical materials,
modeled on thermodynamic heat conduction. It describes the spatial diffusion of thermal energy across
object surfaces, enforcing smooth and physically plausible energy distributions within homogeneous
regions. The constraint is de�ned as:

� heat(ẑ0; t) = ẑ 0 + � heat(t) � r 2ẑ0 (15)

wherer 2 denotes the Laplacian operator, and� heat(t) is the time-dependent heat diffusion coef�cient.
This constraint encourages the generated image to follow the heat conduction equation@u

@t = �r 2u,
thereby suppressing artifacts and discontinuities inconsistent with thermal physics.

Structure Preservation Constraint. Based on the assumption that object boundaries and structural
features remain stable over short temporal intervals, this constraint is designed to maintain edge
sharpness and shape consistency during fusion. It is formulated as:

� stru(ẑheat
0 ; t) = ẑ heat

0 + � stru(t)
�
Gmax � G ẑ heat

0

�
M stru; (16)

WhereGmax denotes the maximum gradient map of the source image pair, providing structural edge
information. Gẑ heat

0
is the gradient of the current estimate. AndM stru is a structural mask derived

from the high-frequency responses of the visible image, indicating important structural regions. This
constraint enforces structural similarity to the source, ensuring the physical stability of prominent
object boundaries.

Physical Consistency Constraint. This constraint enhances cross-modal physical coherence, ensur-
ing that both modalities depict the object consistently in terms of physical properties. It is de�ned
as:

� con(ẑstru
0 ; t) = ẑ stru

0 + � con(t)
�
wir � X � M heat+ w vis � Y � M stru

�
; (17)

WhereM heat is the mask derived from the thermal–intensity distribution of the infrared image.Both
masks are non-learnable spatial physical priors that guide the diffusion process toward physically
plausible and cross-modally consistent regions. The weightswir andwvis control the contributions
of the infrared and visible modalities, respectively. To adapt to the varying uncertainty and mitigate
potential bias introduced by imperfect masks during the diffusion process, a Time-varying Physical
Guidance (TPG) mechanism is introduced, which de�nes each of the above �i (t) as:

� i (t) = � 0
i � e�
t (18)

where� 0
i is the initial constraint weight,
 is a decay factor, andt is the normalized timestep. This

mechanism re�ects the cognitive process of “coarse perception followed by �ne reasoning”: in early
steps (high noise, high uncertainty), stronger physical constraints provide guidance, while in later
steps (low noise, high certainty), the model relies more on learned semantics and structural details
for restoration. By leveraging this mechanism, the model dynamically adjusts physical guidance
intensity, enabling robust and physically grounded cross-modal generation. As illustrated in Fig. 2(b),
the visualized feature maps at different timesteps clearly exhibit this transition from noisy coarse
perception to re�ned semantic restoration.

4 Experiments

4.1 Experimental Setup

HCLFuse is evaluated on four public datasets: MSRS [30], TNO [31], FMB [21] and MFNet [32],
covering diverse conditions such as urban driving, nighttime military scenes, and adverse weather.
Seventeen representative fusion methods are selected for comparison. Quantitative evaluations
are performed using seven no-reference and �ve reference-based metrics. All experiments are
implemented on an NVIDIA RTX 3090 GPU. Detailed descriptions of datasets, competing methods,
hardware, and evaluation metrics are provided in Appendix C.1.
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(a) Visible (b) Infrared (c) FusionGAN (d) NestFuse (e) SwinFusion

(f) TarDAL (g) SegMiF (h) SOSMaskFuse (i) LRRNet (j) STFNet

(k) CrossFuse (l) DDFM (m) Diff-IF (n) Text-IF (o) CCF

(p) Text-DiFuse (q) MMAE (r) LFDT-Fusion (s) GIFNet (t) Ours

Figure 3: Visualization results of several methods on MSRS dataset 00621D (image name) scene.

Table 1: The quantitative metrics of various algorithms in MSRS dataset. Bold indicates the best
result.underline indicates the second-best result.

Method SD" AG" CC" SCD" EN" SF" Nabf# DF" QSF" VIF" PIQE# BRI.#

FusionGAN 19.644 1.6646 0.6276 1.0763 5.5537 5.0135 0.0239 1.9605 -0.5557 0.4627 44.120 35.543
NestFuse 46.141 3.5573 0.5941 1.5632 6.1205 11.616 0.0112 4.0834 -0.0207 0.9099 41.856 37.513
SwinFusion 47.6513.7885 0.5900 1.5815 6.0590 12.550 0.0095 4.3502 0.0651 0.9119 38.137 37.551
TarDAL 35.460 3.1149 0.6261 1.4837 6.3476 9.8729 0.0098 3.8817 -0.1419 0.6728 22.898 26.165
SegMiF 40.351 3.0449 0.6130 1.5482 6.3297 9.4273 0.0177 3.4624 -0.1968 0.6239 42.081 34.445
SOSMaskFuse 45.647 3.3081 0.5492 1.2552 5.8463 11.248 0.0143 3.7733 -0.0457 0.8585 44.769 40.064
LRRNet 36.849 3.0502 0.5171 0.8356 6.3341 9.8093 0.0208 3.6042 -0.1617 0.5680 29.963 30.822
STFNet 46.980 3.3167 0.5992 1.5931 6.3750 9.9802 0.0113 3.6135 -0.1389 0.8463 54.532 43.027
CrossFuse 36.309 3.0084 0.5433 1.0533 6.4947 9.6134 0.0243 3.5304 -0.1805 0.8374 33.084 33.594
DDFM 28.923 2.5219 0.6585 1.4493 6.1748 7.3879 0.0196 2.9599 -0.3581 0.74291 37.389 35.674
Diff-IF 42.598 3.7100 0.6023 1.6243 6.6686 11.460 0.0087 4.3206 -0.02371.0417 32.734 31.515
Text-IF 44.588 3.8811 0.5982 1.6976 6.7280 11.8790.0075 4.5075 0.0165 1.0506 33.987 31.681
CCF 28.946 2.87530.6495 1.4087 6.1917 9.0417 0.0154 3.6091 -0.2369 0.6847 17.338 26.380
Text-DiFuse 54.243 3.7000 0.5710 1.3816 7.1436 11.408 0.0125 4.1898 -0.0168 0.73116 35.283 34.988
MMAE 41.938 3.5325 0.6034 1.4173 6.173112.839 0.0087 4.15950.0719 0.8090 33.176 31.247
LFDT-Fusion 43.052 3.6429 0.6003 1.6370 6.6504 11.230 0.0095 4.1986 -0.0422 1.0296 38.861 32.374
GIFNet 32.901 3.3673 0.6278 1.4082 5.9404 12.705 0.0110 3.8030 0.0654 0.5823 43.581 38.136
Ours 49.546 6.4355 0.61861.6575 6.8704 17.899 0.0017 7.6427 0.5374 0.854025.193 26.215

4.2 Qualitative Comparisons

Fig. 3 and Fig. 4 illustrate the fusion results of various methods on the MSRS dataset under daytime
and nighttime scenes, respectively. As shown in Fig. 3, the red bounding box highlights pedestrian
targets that are prominently captured in the infrared modality. Several methods, including FusionGAN,
SOSMaskFuse, CrossFuse, and CCF, tend to over-enhance the thermal response, resulting in unnatural
brightness distributions and noticeable visual artifacts. Additionally, MMAE fails to preserve the sign
within the green box, leading to a critical loss of structural information—an example of severe fusion
error. In contrast, only the proposed HCLFuse successfully preserves complementary features from
both modalities, while also demonstrating a degree of detail restoration. For instance, �ne details such
as the bicycle wheels, leaves in the background, and pavement textures are clearly visible, indicating
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(a) Visible (b) Infrared (c) FusionGAN (d) NestFuse (e) SwinFusion

(f) TarDAL (g) SegMiF (h) SOSMaskFuse (i) LRRNet (j) STFNet

(k) CrossFuse (l) DDFM (m) Diff-IF (n) Text-IF (o) CCF

(p) Text-DiFuse (q) MMAE (r) LFDT-Fusion (s) GIFNet (t) Ours

Figure 4: Visualization results of several methods on MSRS dataset 00774N scene.

better semantic preservation and structural coherence. As shown in Fig. 4 the scene is captured under
low-light conditions, where infrared saliency becomes particularly important. However, methods
such as LRRNet, CrossFuse and GIFNet fail to maintain the thermal prominence of pedestrians
in the red box, thereby compromising target visibility. From a global perspective, TarDAL, Text-
DiFuse, and HCLFuse preserve structural information in the green-box region, while only our method
maintains higher perceptual resolution with clearer details. These results are generated by effectively
integrating visible and infrared sources while maintaining structural integrity, thereby achieving
superior perceptual quality without deviating from the underlying content.

4.3 Quantitative Comparisons

Table 1 reports the quantitative results of all compared methods on the MSRS dataset. The proposed
HCLFuse achieves superior performance on most metrics, particularly excelling in texture clarity and
structural �delity. In terms of perceptual sharpness, HCLFuse obtains the highest AG, outperforming
the second-best method by 69.87%, and reaches the best SF with a 39.41% relative gain, re�ecting
its strong capability in preserving �ne-grained details. For DF, HCLFuse improves upon the next
best result by 65.56%, indicating signi�cantly enhanced visual clarity. Notably, HCLFuse achieves
a substantially higher QSF score compared to all competing methods, demonstrating its superior
capability in preserving directionally distributed frequency information. In addition, HCLFuse attains
the highest EN, con�rming its ability to maintain information richness while suppressing unnatural
responses.

4.4 Generalization Evaluation

To further verify the robustness and generalization ability of HCLFuse across diverse datasets and
scenarios, additional comparative experiments are conducted on the TNO, FMB, and MFNet datasets,
with detailed quantitative and qualitative results presented in Appendix C, HCLFuse consistently
outperforms existing fusion methods by leveraging its human cognition-inspired generative capability,
while simultaneously maintaining strong generalization and robustness under varying conditions.
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4.5 Downstream Task Evaluation

The ultimate goal of image fusion is to enhance the performance of downstream vision tasks. Among
them, semantic segmentation places particularly strict demands on �ne-grained semantic details.
To evaluate this aspect, comparative experiments are conducted on the MSRS dataset using the
Mask2Former[33] framework. As shown in Appendix C.6, HCLFuse achieves superior segmenta-
tion performance, attributed to its ability to retain �ne structural and semantic cues, consistently
outperforming other fusion baselines in this challenging downstream setting.

4.6 Ablation Studies

To evaluate the effectiveness of each component in HCLFuse, ablation experiments are conducted
using the same quantitative metrics. As shown in Table 2, the complete model achieves the best
performance on most indicators. In W/O TPG, the physics-guided constraint is removed, and sampling
is performed purely through data-driven diffusion. While CC and Nabf show slight improvements,
most metrics drop signi�cantly, indicating unstable generation without physical priors. In W/O VBE,
the VBE is replaced with a standard multi-scale encoder. Although this variant ranks second overall,
visual artifacts such as coarse building textures and unnatural sky transitions appear (see Fig. 5),
re�ecting the model's reduced ability to �lter and synthesize relevant features. In W/O OT, the
optimal transport module proposed in Theorem 1 is removed, resulting in sharp declines across all
metrics. This highlights the necessity of distribution alignment between modalities for stable fusion.
In W/O DDIM, the deterministic diffusion sampling module (DDIM [34]) is disabled, which degrades
both quantitative scores and visual quality. This con�rms the critical role of the diffusion process in
generating coherent fused images. More detailed ablation studies are presented in Appendix C.7 to
further illustrate the effectiveness of the proposed method.

Table 2: Quantitative comparison of fusion performance in ablation studies on the effectiveness of
designed modules. Bold indicates the best result.underline indicates the second-best result.

DDIM OT VBE TPG SD" AG" CC" SCD" EN" SF" Nabf# DF" QSF" VIF" PIQE# BRI.#

W/O TPG X X X � 36.90 5.521 0.646 1.595 6.495 15.158 0.0015 6.513 0.303 0.738 22.21 33.54
W/O VBE X X � � 42.68 6.038 0.607 1.5216.736 17.259 0.0018 7.8380.459 0.804 23.07 32.69
W/O OT X � � � 28.66 3.578 0.629 1.322 6.188 11.090 0.0107 4.391 -0.058 0.734 23.9729.85
W/O DDIM � � � � 28.36 3.626 0.635 1.337 6.176 11.218 0.0099 4.386 -0.047 0.741 26.77 32.08
Ours X X X X 49.55 6.436 0.619 1.658 6.870 17.8990.0017 7.643 0.537 0.854 25.19 26.22

(a) Visible (b) Infrared (c) W/O DDIM (d) W/O OT (e) W/O TPG (f) W/O VBE (g) Ours

Figure 5: Visualization of ablation study results on the MSRS dataset.

5 Conclusion

A novel generative fusion framework is proposed by revisiting infrared and visible image fusion
through the lens of human cognitive laws. Existing generative methods often lack modality inter-
pretability and exhibit weak generative capability.To resolve these problems, a multi-scale mask-
modulated variational bottleneck encoder grounded in information mapping theory is developed. This
encoder enables accurate extraction of low-level modal cues, which signi�cantly enhance structural
�delity during generation. Furthermore, physical laws are incorporated into the diffusion process to
form a time-varying physical guidance mechanism, which enhances the model capacity to perceive
intrinsic data structures and reduces dependence on data quality. HCLFuse achieves strong perfor-
mance across various benchmarks. However, its reliance on well-aligned infrared and visible image
pairs, together with the computational overhead introduced by the diffusion process, may limit its
applicability in real-time or resource-constrained scenarios.
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Appendix

A Proof

A.1 Proof of Theorem 1

In the absence of explicit labels, the task-relevant variableC is unobservable, which makes the direct
optimization ofI(Z; C) � � I(Z; X; Y ) intractable. We therefore derive a computable lower bound
on I(Z; C) by aligning modal distributions via optimal transport.

A.1.1 Information Inequality from the Causal Structure

Given the causal Markov conditionC ! (X; Y ) ! Z , we have the conditional data-processing
identity:

I(Z; C) = I(Z; X; Y ) � I(Z; X; Y j C) � I(Z; X; Y ) � " (19)

where" > 0 is an upper bound on the residual task-irrelevant information conditioned onC. Let
T : X !X 0 be a measurable map and setX 0 = T(X) . SinceX !X 0! (Z j Y ) is a Markov chain:

I(Z; X 0; Y ) � I(Z; X; Y ) (20)

Combining (19) with (20) yields:

I(Z; C) � I(Z; X 0; Y ) � " (21)

A.1.2 Effect of Distributional Transformation

View I(Z; X 0; Y ) = H(Z) � H(Z j X 0; Y ) as a functional of the pushed-forward marginal
pX 0 = T # pX . Assume the conditional negative log-likelihood (decoder)� log q(z j x; y) is L -
Lipschitz in (x; y). By the Kantorovich–Rubinstein duality, there exists L0 > 0 such that

�
� H(Z j X 0; Y ) � H(Z j X; Y )

�
� � L 0W1

�
pX ; T# pX

�
: (22)

Using W1 �W 2 yields
�
� H(Z j X 0; Y ) � H(Z j X; Y )

�
� � L 0W2

�
pX ; T# pX

�
: (23)

Moreover, we considerT chosen along theW2 displacement interpolation frompX to pY (i.e.,
T = T t with t 2 [0; 1] on the McCann geodesic induced by the OT map), for which the metric
projection satis�es

W2
�
pX ; T# pX

�
=

�
� W2

�
pX ; pY

�
� W 2

�
T# pX ; pY

� �
� : (24)

Combining (23) and (24), and absorbing constants into � > 0, we obtain
�
� H(Z j X 0; Y ) � H(Z j X; Y )

�
� � �

�
� W2

�
pX ; pY

�
� W 2

�
T# pX ; pY

� �
� : (25)

Hence, for any such T along the geodesic we have

I(Z; X 0; Y ) � I(Z; X; Y ) � �
�
� W2

�
pX ; pY

�
� W 2

�
T# pX ; pY

� �
� : (26)

A.1.3 Optimal Transport Map and Final Bound

De�ne the optimal transport map by:

T � = arg min
T

W2
�
T# pX ; pY

�
(27)

For T = T � we haveW2(T �# pX ; pY ) � W 2(pX ; pY ), so the difference is non-negative and(26)
gives:

I(Z; X 0; Y ) � I(Z; X; Y ) � �
h

W2
�
pX ; pY

�
� W 2

�
T �# pX ; pY

� i
with X 0 = T � (X) (28)

Finally, combining (21) and (28) yields the two-step chain in Theorem 1:

I(Z; C) � I(Z; X 0; Y ) � " � I(Z; X; Y ) � � �
h

W2
�
pX ; pY

�
� W 2

�
T �# pX ; pY

� i
(29)
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A.2 Proof of Theorem 2

We considerI(R; �) with R = z � � = � � " and" � N (0; I) . Let � � = Cov(�) , � R = Cov(R)
(diagonal, with entries� 2

i understood as the batch+spatial mean per channel), and� R;� = Cov(R; �) .
Under the joint-Gaussian assumption, the mutual information admits the Schur-complement form:

I(R; �) =
1
2

log
j� R j

j� Rj� j
; � Rj� = � R � � R;� � �1

� � �;R : (30)

De�ne
M := � �1=2

R � R;� � �1
� � �;R � �1=2

R � 0: (31)
Then (30) can be rewritten as

I(R; �) =
1
2

log det
�
(I � M) �1 �

= �
1
2

log det(I � M): (32)

To obtain a computable and conservative upper bound, we adopt a channel-diagonal dominance
approximation,

M � D := diag(d 1; : : : ; dd); di :=

�
� R;� � �1

� � �;R
�

ii

� 2
i

�
Var[� i ]

� 2
i

: (33)

By Loewner order monotonicity, (I � M) �1 � (I � D) �1 , hence

det
�
(I � M) �1 �

� det
�
(I � D) �1 �

=
dY

i=1

1
1 � d i

: (34)

Taking logarithm and using di � Var[� i ]=� 2
i yields

I(R; �) �
1
2

dX

i=1

h
� log(1 � d i )

i
�

1
2

dX

i=1

h
� log

�
1 �

Var[� i ]
� 2

i

�i
; (35)

B Algorithm

HCLFuse �rst applies an optimal-transport-based mappingT � to the infrared imageX , aligning its
distribution with that of the visible imageY and thereby improving the optimization lower bound
of the mutual-information objective. The aligned pair(T � (X); Y ) is then fed into a multi-scale,
mask-regulated variational bottleneck encoder (VBE) to compress and model the latent representation
z, so thatz captures modality-discriminative and compact features under an unsupervised learning
setting. Subsequently,z is re�ned through a reverse-time diffusion generation process, in which
physically guided constraints are dynamically injected at each denoising timestep to regulate the
evolution of latent features. Finally, the optimized latent representationz0 is decoded to produce the
fused imageF . The pseudocode implementations of both the training and inference procedures are
provided in Algorithm 1 and Algorithm 2, respectively.

C Experimental Results

C.1 Experimental Details

Datasets. To comprehensively assess the fusion performance of HCLFuse method, three publicly
available datasets are utilized: MSRS[30], TNO[31], FMB [21], and MFNet [32]. The MSRS dataset
provides 1,444 co-registered infrared and visible image pairs, primarily depicting urban driving
scenes under both daytime and nighttime conditions. The TNO dataset contains 80 multispectral
image pairs focused on nighttime military applications. FMB offers 1,500 aligned infrared-visible
image pairs, covering a broad range of scenarios and illumination settings. Lastly, the MFNet dataset
contains 1,569 pairs of co-registered RGB and thermal infrared images, captured in urban driving
scenes under both daytime and nighttime conditions. In the experiments, a subset is sampled to
ensure diversity and representative coverage: 361 pairs are selected from MSRS, 42 pairs from TNO,
280 pairs from FMB, and 393 pairs from MFNet. These selected subsets are used to validate the
generalization capability of HCLFuse across varying scenes and lighting conditions.
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Algorithm 1 Training

Input: Source images X and Y , total diffusion steps T
Output: Trained noise predictor �� and fused image F
1: for epoch = 1 to epochs do
2: X 0  T � (X)
3: z  VBE(concat(X 0; Y ))
4: Sample t � Uniform(f1; : : : ; Tg)
5: Sample �t � N (0; I)
6: for t = T; T � 1; : : : ; 1 do
7: � �  NoisePredictor(z t ; z; t)
8: Update �i (t) using Eqs. (17–18)
9: Calculate the zphys

0 using Eqs. (14–16)
10: Calculate the zt�1 using Eq. (13)
11: F  Decoder(z phys

0 )
12: Update �� using training loss

Algorithm 2 Inference

Input: Source images X and Y , total diffusion steps T
Output: Fused image F
1: z  VBE(concat(X; Y ))
2: Sample zT � N (0; I)
3: for t = T; T � 1; : : : ; 1 do
4: � �  NoisePredictor(z t ; z; t)
5: Update �i (t) using Eqs. (17–18)
6: Calculate the zphys

0 using Eqs. (14–16)
7: Calculate the zt�1 using Eq. (13)
8: F = Decoder(zphys

0 )

Competing Methods. To comprehensively assess the effectiveness and robustness of HCLFuse
method, comparisons are conducted against seventeen state-of-the-art image fusion methods. These
include three non end-to-end methods: NestFuse[15], LRRNet[16], and MMAE[17]; seven end-
to-end learning-based methods: SwinFusion[20], SegMiF[21], SOSMaskFuse[35], STFNet[22],
CrossFuse[23], Text-IF[36] and GIFNet[37]; as well as seven generative approaches: FusionGAN[24],
TarDAL[38], DDFM[39], Diff-IF[ 12], CCF[25], Text-DiFuse[40], and LFDT-Fusion[11]. All experi-
mental evaluations are performed on a computational platform equipped with an NVIDIA GeForce
RTX 3090 GPU and an Intel(R) Core(TM) i7-6850K CPU operating at 3.60 GHz.The Adam optimizer
with a learning rate of 2 � 10�5 is used for parameter updates.

Metrics. To quantitatively evaluate the fusion performance of HCLFuse, twelve metrics are adopted,
consisting of seven no-reference indicators and �ve reference-based measures. The no-reference
metrics include standard deviation (SD), average gradient (AG)[41], entropy (EN)[42], spatial
frequency (SF)[43], de�nition (DF), perception-based image quality evaluator(PIQE)[44], and
blind/referenceless image spatial quality evaluator (BRISQUE, abbreviated as BRI.)[45]. The
reference-based metrics comprise the correlation coef�cient (CC), the modi�ed fusion artifacts
measure (Nabf), the sum of correlations of differences (SCD)[46], the quality via spatial frequency
(QSF)[47], and the visual information �delity (VIF)[48].

C.2 Comparison on TNO dataset

Qualitative Evaluation. Fig. 6 and Fig. 7 present visual comparisons between HCLFuse and 17
existing fusion methods on the TNO dataset. As a military-focused benchmark, TNO emphasizes
the preservation of thermally salient targets under low-illumination conditions. In Fig. 6(c), (f),
(i),(k), and (s), the thermal prominence of soldiers within the red box is noticeably suppressed
by most baseline methods. In contrast, HCLFuse preserves high-contrast thermal features and
structural detail, particularly in critical regions such as weapons and head contours, which appear
more distinguishable from the background. In addition, surface textures—such as roof tiles—are
reconstructed with enhanced clarity, indicating the generative capacity of the proposed diffusion-
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based model in recovering �ne-grained visual information. Similar superiority is observed in
Fig. 7, where both target saliency and detail sharpness are consistently maintained across complex
nighttime scenarios. Overall, the results produced by HCLFuse achieve a compelling balance between
structural integrity and perceptual contrast, contributing to enhanced visual quality and improved
target interpretability.

(a) Visible (b) Infrared (c) FusionGAN (d) NestFuse (e) SwinFusion

(f) TarDAL (g) SegMiF (h) SOSMaskFuse (i) LRRNet (j) STFNet

(k) CrossFuse (l) DDFM (m) Diff-IF (n) Text-IF (o) CCF

(p) Text-DiFuse (q) MMAE (r) LFDT-Fusion (s) GIFNet (t) Ours

Figure 6: Visualization results of several methods on TNO dataset soldiers_with_jeep scene.

Quantitative Evaluation. As shown in Table 3, the proposed method consistently outperforms
all competing approaches across most metrics. In particular, notable improvements are observed
in the no-reference metrics, where several indicators exhibit substantial gains—for example, AG
and DF improve by over 40% relative to the second-best results. The performance advantages
demonstrated on the MSRS dataset are well preserved in the TNO dataset, highlighting the model's
strong generalization capability. The observed robustness is attributed to the introduction of physics-
guided sampling, which enhances the model's ability to capture the intrinsic structure of multimodal
data. As a result, the fusion process becomes more stable and effective under varying scene conditions.

C.3 Comparison on FMB dataset

Qualitative Evaluation. To further evaluate the adaptability of HCLFuse to complex and adverse
environments, comparative experiments are conducted on the FMB dataset, which includes diverse
weather conditions. The corresponding visual results are illustrated in Fig. 8 and Fig. 9. Fig. 8
shows a foggy daytime scene where the fusion objective lies in distinguishing salient targets from
atmospheric interference. In this scenario, methods such as SegMiF, STFNet, CrossFuse, Diff-IF,
Text-DiFuse, MMAE, and LFDT-Fusion fail to preserve the semantic integrity of the pedestrian
target within the red box. Although other methods succeed in retaining this target, they struggle to
reconstruct background structures, such as the high-rise building. Notably, FusionGAN discards
almost all fog-related information, re�ecting a biased fusion strategy favoring a single modality.
In contrast, HCLFuse is capable of simultaneously preserving fog boundaries and target saliency
while enhancing background texture �delity. As a result, the output achieves a natural and balanced
visual appearance. In Fig. 9, which presents a nighttime scenario, HCLFuse continues to emphasize
global clarity and local saliency. Compared to other methods, it delivers a more comprehensive and
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