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Abstract—Infrared and visible image fusion aims to integrate
complementary information from multiple modalities. Recently,
frequency-domain-based fusion methods have gained attention
due to their advantages in edge texture recognition and global
information integration. However, existing frequency-domain
fusion methods fail to fully utilize the rich information em-
bedded within frequency representations and the cross-modal
complementarity among different spectral components. There-
fore, we propose FHFusion. Specifically, our approach leverages
the semantic and stylistic heterogeneity inherent in the fre-
quency domain of infrared and visible images. Through spectral
decoupling mechanisms, we achieve differentiated information
fusion that effectively exploits cross-modal frequency domain
complementary information. Further, we design an Amplitude
Selection Module (ASM) and a Phase Discrimination Module
(PDM) adaptively fusing energy distribution differences in the
amplitude spectrum and structural complementary information
in the phase spectrum, respectively. Experiments on the M3FD,
LLVIP, and TNO datasets show that FHFusion achieves compet-
itive or superior performance against representative state-of-the-
art methods in both subjective and objective evaluations.

Index Terms—Infrared and visible image fusion, frequency-
domain heterogeneity, adaptive frequency-domain fusion

I. INTRODUCTION

Infrared and visible image fusion integrates the rich texture
details of visible images with the thermal target detection
capability of infrared images, and has been widely applied
in military surveillance and target detection [1]. With the
development of deep learning, image fusion techniques have
achieved significant progress. In particular, frequency-domain-
based fusion methods have attracted increasing attention due
to their ability to capture edge texture features and global
structural information through spectral decomposition [2], [3].
Existing approaches can be broadly categorized into tradi-
tional frequency-domain transform-based methods and deep
learning-based frequency-domain fusion methods. Traditional
methods based on wavelet or Fourier transforms are limited by
manually designed features and cannot fully exploit frequency-
domain information [4], [5]. Although deep learning-based
frequency-domain fusion methods improve fusion perfor-
mance, their modeling of frequency-domain heterogeneity
remains insufficient.
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Existing methods exhibit clear limitations. SHIP leverages
frequency-domain operations to enhance global interaction
modeling, but its frequency-domain processing mainly serves
interaction computation without explicitly distinguishing the
roles of different spectral components [6]. SFMFusion im-
proves global modeling via spatial-frequency enhancement
but relies primarily on holistic spectral enhancement [7].
FISCNet integrates phase information in the frequency domain
via direct addition, which fails to fully exploit the structural
representation potential of phase spectra [8].

To address these issues, we propose FHFusion, which
reframes infrared and visible image fusion by explicitly con-
sidering frequency-domain heterogeneity as a core model-
ing factor. By explicitly modeling the differentiated roles of
spectral components in semantic expression and structural
representation, FHFusion constructs a spectral decoupling-
based fusion mechanism that enables targeted and role-aware
cross-modal information integration. The main contributions
are summarized as follows:

o We systematically investigate semantic and stylistic het-
erogeneity in the frequency-domain of infrared and vis-
ible images, and propose a spectral decoupling fusion
strategy to enable differentiated exploitation of cross-
modal spectral complementarity.

e An Amplitude Selection Module (ASM) and a Phase
Discrimination Module (PDM) are designed to adaptively
filter energy distribution information and enhance struc-
tural and semantic preservation, respectively.

o Experimental results on multiple public benchmark
datasets demonstrate that FHFusion significantly out-
performs representative state-of-the-art methods in both
subjective and objective evaluations.

II. RELATED WORK

Existing frequency-domain-based infrared and visible image
fusion methods suffer from limited capability in exploiting
frequency-domain information, and fail to fully utilize the
rich representations in the frequency domain as well as the
complementary characteristics between modalities. Traditional
frequency-domain fusion approaches rely on fixed transform
kernels and predefined fusion rules, which hinder adaptive



processing and ignore cross-modal frequency correlations
between infrared and visible images, thereby limiting the
effective exploitation of frequency-domain information [9],
[10]. Although deep learning-based frequency-domain fusion
approaches have achieved notable improvements in feature ex-
traction and fusion performance, they still suffer from notable
limitations [11], [12]. In SHIP, frequency-domain operations
are primarily introduced to facilitate global interaction model-
ing, with the main focus remaining on feature-domain interac-
tion rather than explicit differentiation of spectral components
[6]. FISCNet integrates phase information in the frequency
domain via direct addition, which fails to fully exploit the
structural representation potential of phase spectra [8]. In
addition, SFMFusion models frequency-domain information
mainly through holistic spectral enhancement, which limits its
ability to capture fine-grained and component-specific spectral
characteristics [7]. Overall, these approaches lack sufficient
understanding of the frequency-domain heterogeneity inher-
ent in infrared and visible images, resulting in insufficient
exploitation of spectral complementary information and poten-
tially causing structural distortions in fused results. To address
these limitations, we propose FHFusion, which explicitly
models frequency-domain semantic and stylistic heterogeneity
through differentiated modeling and complementary fusion of
amplitude and phase spectra, enabling more faithful cross-
modal structural and semantic information integration.

III. METHOD

To address the aforementioned limitations, this study pro-
poses an FHFusion framework for infrared and visible image
fusion. The proposed approach takes as inputs an infrared
image I, € RY>H*W and a visible image I, € R3*H*xW,
The visible image is first converted from the RGB color space
to the YCbCr color space, and the luminance channel I}f
is extracted as the input image. As shown in Fig. 1, the
feature maps of the visible and infrared images are processed
through the Spatial-Frequency Domain Hierarchical Archi-
tecture (SDHA) and the Spatial Interaction Module (SIM),
which is adapted from the work of Zheng et al. [8], for three
iterations (N = 3), thereby enabling deep feature integration.
Additionally, as illustrated in Fig. 2(a), the fused representation
is progressively refined across three iterations with respect
to different types of information, leading to a more stable
fusion result. During the image reconstruction stage, the fused
features are mapped back to the image space via convolutional
layers, producing the fused luminance channel 7} . Finally, I}’
is combined with the original chrominance channels (Cb and
Cr) of the visible image to generate the final fused image
Iy. Moreover, Fig. 2(b) and Fig. 2(c) further indicate that,
through deeper iterative frequency-integration within SDHA,
the salient targets in infrared images and the textural details
in visible images are gradually emphasized.

A. Spatial-Frequency Domain Hierarchical Architecture

The SDHA is designed to achieve refined representation of
frequency-domain information. Initially, the infrared and vis-
ible images are processed through independent convolutional

layers to obtain feature representations F,. € R6XHXW apq

F, € RI6XHXW “regpectively. Subsequently, the Fast Fourier
Transform (FFT) is applied to map these features into the
frequency domain [20]:

AT7PT:‘F(F”')7 AmPv:]:(Fv)v ()
where F denotes the Fourier transform operation, and A and
P represent the amplitude and phase spectra of the source im-
ages, respectively. Subsequently, to address frequency-domain
heterogeneity between infrared and visible images, different
spectral components are decoupled. Through the targeted
design of discriminative spectral information processing mech-
anisms, refined frequency-domain representation is achieved.
Specifically, amplitude-related energy information and phase-
related structural information are processed separately:

Afused = MA(AT‘7 Av)7 Prused = MP(PT7 PU)7 2)
where M, and Mp represent the ASM module and PDM
module, respectively. Next, the complex signal is reconstructed
from the fused amplitude and phase spectra using the standard
amplitude—phase formulation:

F‘f — Afused . (COS(]Dfused) —+ ] SiH(Pfused))7 (3)

where ﬁ'f denotes the generated fused image features, thereby
ensuring the consistency and integrity of the amplitude and
phase information during frequency-domain fusion [20].Fi-
nally, the inverse Fast Fourier Transform (IFFT) is applied
to Ff to transform it back to the spatial domain [21].

B. Amplitude Selection Module

Considering that thermal targets in infrared images exhibit
localized energy concentration, whereas textural information
in visible images demonstrates a more spatially distributed
energy pattern, the Amplitude Selection Module (ASM) aims
to achieve optimized amplitude fusion through a frequency-
adaptive selection mechanism rather than simple convolutional
aggregation.

Initially, modality-specific amplitude features are projected
into a unified embedding space via independent 1 X 1 con-

volutional encoders and then concatenated along the channel
dimension:

Aconcat = Concat(C’1 (A,), Co (Av))7 “4)

where A, and A, denote the amplitude spectra of infrared
and visible modalities, respectively, Cy(-) and Ca(+) represent
independent 1 X 1 convolutional encoding operations, and
Aconcat 18 the resulting multimodal amplitude representation
constructed via channel-wise concatenation.

Subsequently, a cascaded convolutional transformation is

employed to extract complex energy distribution patterns and
inter-channel correlations within the amplitude spectrum:

Fump = Ca (LeakyReLU(Cs (Aconcar))) ®

where C3(-) and Cy(-) are sequential 1 x 1 convolutional layers
with independent learnable parameters. This hierarchical trans-
formation enables the network to capture both local energy
aggregation characteristics and cross-modal interaction cues
in the frequency domain.

To further alleviate the limitation of insufficient global
frequency information modeling in existing methods, a global

context-aware attention weight generation mechanism is intro-
duced:

tamp = 0 (Cs(ReLU(C5(FGAP(Fimp))))), (6)
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Fig. 1. Overall architecture of the FHFusion network. The SDHA and SIM [8] perform [N = 3 iterations to achieve deep interaction between frequency and

spatial domains.

TABLE I
QUANTITATIVE COMPARISONS OF FHFUSION WITH SEVEN REPRESENTATIVE METHODS ACROSS THE M3FD DATASET [13], TNO DATASET [14] AND
LLVIP DATASET [15]. THE BEST RESULTS ARE SHOWN IN BOLD.

M3FD Dataset

TNO Dataset LLVIP Dataset

Method

ENt SDf  SFt AGt MK VIFFt ENt SDf  SFf  AGf MIt VIFFt ENt  SDt  SFt  AGT MIf VIFFf
CDDFuse [16] ~ 6.956 38439 15353 5031 2811 0760 6936 44291 12092 4424 2066 0742 6834 40.613 8536 2091 2921 0908
TaDAL [17]  7.085 22480 14847 1327 2394 0830 6913 35015 8510 3765 1818 0686 6.147 27.623 4517 1331 1877 0676
SFMFusion [7] 6777 34103 12053 3.569 2.588 0.883 6586 37704 9990 3.617 1794 0435 7.549 54256 12260 2.865 2449 0910
DCEvo [18] 6937 37.070 15041 4901 3215 0784 6756 37.164 10474 3835 2331 0770 6897 40582 9.049 2290 2.685 0911
PSFusion [19] 7383 49.313 21.831 7.234 1884 0784 7.115 46.153 13806 5416 1581 0709 7292 62.640 13441 3.551 2189 1124
FISCNet [8] 6996 38508 17.731 6022 2749 0777 6783 39521 12317 4763 2132 0687 7538 51.544 14748 4.107 2145  0.867
SHIP [6] 6.626 30.516 12176 3784 3161 0924 6749 37577 11712 4457 2619 0720 7427 49.36 13203 3594 2.634 0877
Ours 7446  63.040 25513 8324 3.042 0898 6959 56691 15146 5654 2332 0808 7.553 67.348 19157 5062 2.698 0912

where FGAP denotes Global Average Pooling, C5(-) and where P. and P, denote the phase spectra of infrared and

Cg(+) are 1 x 1 convolutional layers used for channel-wise
dependency modeling, and o(-) is the Sigmoid activation
function.

Finally, the learned attention weights are applied to perform
adaptive re-weighting of the amplitude features:
@)

where © denotes element-wise multiplication. The atten-
tion coefficients o,mp dynamically emphasize informative
frequency components while suppressing less relevant ones,
thereby achieving effective and discriminative integration of
multimodal amplitude information.

Afused = Famp © Qamp,

C. Phase Discrimination Module

Considering the heterogeneous structural semantic charac-
teristics present in the phase spectra of source images, the
Phase Discrimination Module (PDM) introduces a channel-
wise adaptive aggregation mechanism to selectively capture
and integrate key phase-related structural information.

Initially, the phase spectra of infrared and visible modalities
are concatenated along the channel dimension to form a
multimodal phase representation:

Proncat = Concat(PT, Pv)7 (8)

visible images, respectively, and P,qc, represents the channel-

wise concatenated phase feature map.
Subsequently, global phase context information is extracted
to facilitate adaptive discrimination:

Z = RelU(C7 (FGAP(Y_ Panca)) ), ©)

where FGAP denotes Global Average Pooling, C7(-) isa 1x1
convolutional layer for global phase feature embedding, and
Z represents the activated global phase descriptor.

To enable modality-specific phase structure discrimination,
a multi-perspective feature representation strategy is adopted,
in which independent attention heads are assigned to each
modality:

A =C"(2), ie{1,2}, (10)
where C""(.) denotes an independent 1 x 1 convolutional
attention mapping for the i-th modality. Specifically, C3"" is
designed to emphasize salient edge and contour structures in
the infrared phase spectrum, while C3™ focuses on prominent
textural patterns in the visible phase spectrum.

The modality-specific attention responses are then concate-
nated and normalized using a Softmax operation to obtain
adaptive fusion weights:

opha = Softmax (Concat(A1, Az)), (11)
where apna = {a}y,, a2, } denotes the normalized attention
coefficients corresponding to different modalities.



Finally, the phase features are fused in a weighted manner
based on the learned attention coefficients:

2
Prysed = Cs ( Z O © Pi)7

=1
where © denotes element-wise multiplication, aéha repre-
sents the attention weight associated with the ¢-th modality,
and Cg(-) is a post-processing module composed of two
convolutional layers. This module further refines the fused
phase representation while preserving the structural integrity
of phase information. By assigning independent attention
heads to different modalities, the PDM effectively alleviates
mutual interference arising from shared modeling and enables
precise discrimination and integration of heterogeneous phase
structures.

12)

D. Loss Function

FHFusion employs a multi-objective loss function to guide
the training process, ensuring that the fused images simultane-
ously preserve the saliency of infrared targets while maintain-
ing the rich textural information of visible images. The total
loss function is formulated as a weighted combination of three
complementary components [22]:

L= )\p[fpixel + )\mLmax + )\gﬁgra (]3)
where the weight coefficients are set as A\, = 3, A, = 10,
and A\, = 10, and Lpixel, Lmax and Ly, denote the pixel-level
fusion loss, maximum-intensity fusion loss, and gradient-based
loss, respectively.

The pixel-level fusion loss is constructed based on a region-
adaptive weight map to enforce local consistency between the
fused image and the source images at the pixel level [23]:

Lyixel = ||wy 0 Iy +wr o I — I¢||, (14)
where || - ||; denotes the ¢;-norm, w, and w, are the weight
maps corresponding to the visible and infrared source images,
respectively. The weights are computed as w,, = S, /(S, +5:)
and w, = 1 — w,, where S, and .S,. denote the saliency maps
of the visible and infrared images.

The maximum-intensity fusion loss is designed to preserve

salient infrared targets by encouraging the fused image to
retain the strongest response from the source images [24]:

15)

The gradient loss focuses on preserving fine-grained details
and textural structures in the fused image and is defined
as [22]:

1
Acmax = ﬁ HIf - maX(IT‘vjv)Hl

1
»Cgra = W ||fo — maX(VIT, VIU)”l (16)
where V denotes the gradient operator implemented using
the Sobel operator. This loss term enhances edge and texture
preservation, ensuring that fine structural details from the
visible image are effectively retained in the fused result.

IV. EXPERIMENTAL CONFIGURATIONS

For training, we randomly select 500 image pairs from
the M3FD dataset and generate 24,090 training samples of
128 x 128 resolution through random cropping augmentation.
Additionally, we construct the test set using 200 image pairs
from the M3FD dataset and 25 image pairs from the TNO
dataset. For the LLVIP dataset, we directly use the paired test
samples for quantitative and qualitative evaluation.We employ
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Fig. 2. Visualization of feature representations for infrared and visible images
through three iterations of the SDHA.

the Adam optimizer with hyperparameters set to 51 = 0.9 and
B2 = 0.999. The model is trained for 20,000 iterations with a
batch size of 16 and an initial learning rate of 1 x 10~%. We
adopt a step-wise decay schedule where the learning rate is
reduced by 50% every 5,000 iterations.

A. Quantitative Comparison

We quantitatively evaluate FHFusion on the M3FD, TNO,
and LLVIP dataset, with results reported in Table I. On the
M3FD dataset, FHFusion achieves the best overall perfor-
mance across most evaluation metrics, demonstrating clear
advantages in contrast enhancement, texture preservation, and
perceptual quality. On the TNO dataset, our method ranks first
in SD, SF, AG, and VIFF, and remains competitive in MI,
suggesting good adaptability across diverse scenes. For the
LLVIP dataset, FHFusion attains the best results in EN, SD,
SF, and AG, while achieving second-best performance in MI
and VIFF, validating its robustness and perceptual fidelity in
low-light pedestrian scenarios.

B. Qualitative Comparison

Fig. 3 presents qualitative comparisons on the M3FD,
TNO, and LLVIP dataset. As shown in Fig. 3(a), compared
with existing methods that suffer from texture degradation
or weakened target edges, FHFusion better preserves fine
visible details while maintaining salient infrared structures. In
Fig. 3(b), FHFusion achieves a more balanced fusion by simul-
taneously retaining thermal radiation characteristics and fine-
grained visible textures. For challenging high-contrast scenar-
ios in Fig. 3(c), FHFusion produces clearer target—background
separation and more stable structural boundaries, avoiding
excessive smoothing artifacts observed in other methods.

C. Efficiency and Infrared-Visible Object Detection

We further evaluate FHFusion from the perspectives of com-
putational cost and downstream object detection performance
to assess its practical applicability. For efficiency analysis, we
compare different fusion methods on infrared and visible im-
age pairs with a resolution of 620 x 448. As shown in Table II,
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Fig. 3. Qualitative comparisons of FHFusion versus other methods on (a)
M3FD, (b) TNO, and (c¢) LLVIP dataset.

PSFusion and DCEvo introduce relatively high computational
overhead in terms of parameter count and FLOPs. In contrast,
FHFusion achieves a lightweight design with 0.33 M param-
eters and 101.82 G FLOPs, indicating reduced computational
cost while maintaining competitive performance.

To further investigate the impact of fusion quality on
downstream tasks, we evaluate infrared-visible object detec-
tion performance using the CenterNet [25] detector on the
MB3FD dataset. The experimental comparison includes seven
representative fusion methods. As reported in Table III, FH-
Fusion achieves competitive detection performance across key
categories such as People and Car, and attains an mAP score
only 0.1% lower than the best-performing method, showing
that the proposed fusion strategy remains competitive for
downstream detection tasks.

TABLE II
EFFICIENCY ANALYSIS WITH DIFFERENT METHODS.

Metric TarDAL DCEvo CDDFuse PSFusion SHIP SFMFusion Ours

Parameters (M)  0.30 2.00 1.19 4591 0.55 1.61 0.33

FLOPs (G) 91.14 912.66 547.74 180.86 156.84 17141 101.82
TABLE III

QUANTITATIVE RESULTS OF OBJECT DETECTION WITH DIFFERENT
METHODS ON THE M3FD DATASET. THE BEST AND SECOND-BEST
RESULTS ARE SHOWN IN BOLD AND UNDERLINED, RESPECTIVELY.

Method Lamp Car Bus Motor Truck People mAP
CDDFuse [16] 0.285 0.720 0.445 0.325 0.385 0.525 0.448
TarDAL [17]  0.231 0.632 0.419 0.295 0.327 0.505 0.401
SFMFusion [7] 0.247 0.634 0.459 0.331 0.349 0.449 0.412
DCEvo [18]  0.295 0.735 0.460 0.341 0.431 0.540 0.467
PSFusion [19] 0.461 0.729 0.485 0.342 0.447 0.589 0.509
FISCNet [8]  0.324 0.742 0.491 0.362 0.460 0.572 0.492
SHIP [6] 0.361 0.711 0.495 0.359 0.469 0.568 0.494
Ours 0.370 0.753 0.501 0.365 0.478 0.579 0.508

V. ABLATION STUDIES

To evaluate the contribution of different components in
FHFusion, we conduct comprehensive ablation studies on
the M3FD dataset. The results of module ablations, iteration
analysis, and loss component ablations are summarized in
Table IV. In all cases, removing any component or simpli-
fying the design leads to consistent performance degradation,
demonstrating the effectiveness of the proposed architecture.

Specifically, removing SDHA, ASM, PDM, or SIM de-
grades fusion quality in different aspects, indicating that
frequency-domain hierarchical modeling, adaptive amplitude
selection, phase discrimination, and spatial-frequency inter-
action are all essential. The performance improves with in-
creasing iteration number N and stabilizes at N = 3, while
additional iterations provide marginal gains. Moreover, loss
ablation results show that the complete loss function achieves
the best overall performance, confirming that pixel-level,
intensity-based, and gradient-based losses jointly contribute to
balanced target saliency preservation and texture retention.

VI. CONCLUSIONS

This paper presents FHFusion, a novel approach that sys-
tematically exploits frequency-domain heterogeneity between
infrared and visible images via spectral decoupling strategies.
Furthermore, the carefully designed ASM module enables
adaptive amplitude information selection and the PDM module
achieves precise phase information discrimination, establishing
a refined frequency-domain fusion framework. Experimental
results demonstrate that FHFusion achieves superior perfor-
mance in both quantitative fusion metrics and visual quality
assessment, especially in preserving salient target features and
textural details. Future research will focus on extending this
framework to other multimodal image fusion tasks.



TABLE IV

ABLATION RESULTS ON THE M3FD DATASET. PANEL A: MODULE

ABLATIONS. PANEL B: IMPACT OF ITERATION NUMBER. PANEL C: LOSS
COMPONENT ABLATIONS. THE BEST RESULTS ARE SHOWN IN BOLD.

Setting ENtT SD?T SFt AGtT MIt VIFFt
Panel A: Module ablations

w/o SDHA 7.096 50.910 17.459 5.119 2.341 0.720

w/o ASM 7.281 55.023 22.030 7.198 2.822 0.859

w/o PDM 6.967 39.864 15.514 5.269 2.849 0.751

w/o SIM 6.929 37.372 15.858 5.467 2.909 0.811

Ours 7.446 63.040 25.513 8.324 3.142 0.898

Panel B: Impact of iteration number N

N=1 6.988 39.472 18.027 5.991 2.668 0.699
N=2 7.431 57.284 22.652 7.480 2.726 0.840
N =3 (Ours) 7.446 63.040 25.513 8.324 3.142 0.898
N=4 7.452 63.984 26.123 8.598 2.984 0.902
Panel C: Loss component ablations
L 7.446 63.040 25.513 8.324 3.142 0.898
wlo Lopizel 7.318 60.434 23.686 8.251 2.537 0.864
w/o Loaz 7.192 42.023 23.356 6.586 1.281 0.640
wio Lgrq 7.396 54.910 21.459 7.119 2.541 0.753
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