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Abstract

Existing image fusion methods face difficulties in adapt-
ing to unseen fusion tasks and have limitations in balanc-
ing semantic information with pixel-level details. This lim-
itation can be attributed to three key challenges: (1) the
lack of a unified, task-agnostic optimization objective; (2)
the inherent difficulty in balancing semantic fidelity and
pixel-level richness; and (3) an over-reliance on super-
vised learning, which limits transferability across tasks.
To overcome these issues, this work proposes a unified fu-
sion framework that generalizes to diverse fusion tasks even
when trained solely on infrared–visible image pairs. Specif-
ically, inspired by the free-energy principle, we introduce
a fusion paradigm that combines high pixel-entropy ex-
pectation with low semantic-entropy expectation, and we
design a frequency-aware feature decoupling mechanism
to balance semantic content and pixel detail. Further-
more, an unsupervised dual-path trade-off strategy provides
collaborative constraints at both semantic and pixel lev-
els. Experiments show that our method significantly out-
performs existing state-of-the-art methods in visual qual-
ity and downstream-task performance. It not only handles
trained tasks efficiently but also generalizes well to unseen
fusion tasks, while featuring lightweight model parameters
and strong practical applicability. The code is available at
https://github.com/XiaoW-Liu/DECC.

1. Introduction
Multi-source image fusion, which integrates complemen-
tary information from multiple inputs to enhance scene
representation and interpretation, has been widely adopted
in applications such as surveillance and medical imaging
[13, 29, 61, 72]. Based on the characteristics of the in-
put data, fusion tasks can be broadly categorized into two
types: cross-modal fusion [14, 17, 33, 65, 70], which
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Figure 1. Comparison of task adaptability, training strategies, and
performance metrics across image fusion methods. Metrics in-
clude pixel entropy for visual quality, and object detection (OD)
and semantic segmentation (SEG) for task-oriented evaluation.

exploits complementary information from different sen-
sor modalities to overcome individual limitations and im-
prove scene understanding under challenging conditions
[16, 42, 43, 53, 54, 56, 59], and digital photography fu-
sion, where sequences of images captured by a single sensor
under varying parameters are combined to produce high-
quality outputs.

Traditionally, image fusion has relied on task-specific
specialized networks. As illustrated in Figure 1, these meth-
ods require task-specific training data and architectures,
limiting their adaptability and generalization across differ-
ent tasks [12, 63]. To address this, recent studies have de-
veloped general-purpose networks for unifying multiple fu-
sion tasks [5, 35, 66, 74]. While enabling flexible feature
processing, these methods need explicit task identification
during inference, hindering generalization to unseen fusion
tasks. Unified fusion methods aim to solve this by integrat-
ing diverse tasks into a shared network with universal ob-

This CVPR paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.
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Figure 2. Visualization of perception-reconstruction mechanisms and fusion method limitations. (a) perception action equilibrium based on
the free energy principle, showing perception/action (reconstruction) interaction as well as the trends of pixel entropy (ENpix) and semantic
entropy (ENsem); (b) Limitations of vision-driven (VD-N) and semantics-driven (SD-N) methods; (c) Dual-Entropy Collaborative Con-
straints (DECC) framework, illustrating dual-entropy constraint implementation via dual-path training scheme, frequency-aware feature
decoupling and KL-divergence constraint. T (.) denotes the "thinking agent" that realizes information transformation.

jectives, facilitating task-agnostic knowledge transfer. Xu et
al. pioneered such methods using continual learning for pa-
rameter optimization, but these strategies are data-intensive,
susceptible to task bias, and still suffer from catastrophic
forgetting [52]. Additionally, focusing on pixel-level com-
monalities in multi-task learning sacrifices semantic fidelity,
often requiring auxiliary task-specific branches to capture
discriminative cross-task information [4, 6]. This raises a
fundamental question: Can we design a concise fusion
framework that achieves zero-shot generalization across
diverse tasks while maintaining robust visual-semantic
integrity, even when trained on only a single type of fu-
sion task?

In addressing this question, we identify three key chal-
lenges: (1) Unified Optimization Objective: Achieving
zero-shot generalization requires the optimization space of
the anchor task to be inherently aligned with other fusion
tasks. This necessitates an objective function that tran-
scends data-specific properties and instead captures the fun-
damental principles underlying fusion tasks. (2) Trade-off
between Semantic and Pixel-level Features: While se-
mantic fidelity is crucial for many fusion applications, a
significant domain gap exists between semantic and pixel-
level features. Methods heavily driven by downstream tasks
often sacrifice fine-grained pixel details, making it chal-
lenging to strike an optimal balance between high-level se-
mantics and low-level visual richness. (3) Limitations of
Supervised Learning: Cross-modal fusion inherently suf-
fers from the absence of ground-truth fused images. Over-
reliance on task-specific supervision can hinder the learn-
ing of shared, transferable representations across different
tasks, underscoring the need for robust unsupervised learn-
ing techniques.

In computational neuroscience, Friston et al. intro-

duced the free energy principle to describe how intelligent
agents minimize prediction errors through perception infer-
ence and active inference [9]. Drawing inspiration from
this, we conceptualize image fusion as a unified process
of variational free energy minimization, comprising two
complementary mechanisms: perception inference, which
maps pixel-level cues into semantic space to reduce un-
certainty, and generative reconstruction, which reconstructs
pixel-level details from semantic representations in a low-
dimensional space to maximize information content. Con-
cretely, perception inference seeks to minimize semantic
entropy to preserve semantic fidelity, whereas generative
reconstruction aims to maximize pixel entropy to enhance
visual richness. As illustrated in Figure 2, this symmetric
perception–reconstruction cycle underpins our dual-entropy
optimization strategy, which effectively balances semantic
certainty and pixel diversity in a unified manner.

To address Challenge (1), we propose the Dual-Entropy
Collaborative Constraints (DECC) framework. Guided by
a unified free-energy objective, DECC minimizes semantic
entropy while maximizing pixel entropy, thereby enabling
zero-shot generalization. This is realized through a dual-
path training scheme: a perception path that preserves se-
mantic fidelity by integrating fusion with object detection
tasks, and a reconstruction path that enhances visual rich-
ness via joint fusion and generative reconstruction tasks.
Shared parameters between the two paths align their opti-
mization spaces and facilitate mutual regularization. For
Challenge (2), we introduce a dynamic frequency-aware
feature decoupling mechanism, built upon a frequency-
dynamic encoder. At its core lies a grouped frequency
dynamic convolution [2], which decomposes representa-
tions into distinct frequency-aware feature groups. During
iterative training, parameters corresponding to semantic-
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oriented and pixel-oriented groups are alternately frozen,
thereby achieving cross-domain decoupling. The cross-
modal and cross-frequency fusion mechanism further en-
ables dynamic feature interaction across modalities and do-
mains. To tackle Challenge (3), we design an unsupervised
dual-path trade-off loss. In the perception path, a Kullback-
Leibler (KL) divergence constraint applied between the
fused image and semantic representations reduces seman-
tic entropy. In the reconstruction path, a KL-divergence
constraint between the fused result and pixel-level repre-
sentations increases pixel entropy. Together, these form a
complete and unified fusion method grounded in a seman-
tic–pixel entropy trade-off.

Our contributions are detailed in the following aspects:
• We propose a unified fusion framework that minimizes

semantic entropy while maximizing pixel entropy under
a free-energy objective, enabling zero-shot generalization
with training on only the visible-infrared fusion task.

• A symmetric training paradigm is proposed to jointly op-
timize perception inference for semantic fidelity and gen-
erative reconstruction for visual richness, with shared pa-
rameters enabling mutual regularization.

• We introduce a dynamic frequency-aware decoupling
strategy with grouped frequency dynamic convolution
that disentangles semantic and pixel features in the fre-
quency domain, balancing their contributions through
cross-modal and cross-frequency fusion.

• An unsupervised dual-path trade-off loss is proposed
to balance semantic and pixel information via KL-
divergence constraints, realizing the semantic-pixel dis-
tribution trade-off.

2. Related Work
2.1. Vision-driven fusion methods
Traditional image fusion methods rely on handcrafted al-
gorithms that decompose source images into visual fea-
tures for reconstruction [32]. With the rise of deep learn-
ing, these manual designs are replaced by end-to-end mod-
els that incorporate pixel-level or structural constraints to
enhance the consistency between fused and source images
[11, 18, 24, 57]. CNN-based models excel at capturing lo-
cal details [21, 30, 34, 37, 55, 58], while transformer-based
models focus on global context [12, 15, 19, 20, 23, 46, 47],
aiding large-scale structure reconstruction. However, the
lack of high-level perceptual constraints can introduce ar-
tifacts during pixel reconstruction, increasing semantic un-
certainty.

2.2. Semantic-driven fusion methods
To preserve semantic information, recent methods incor-
porate downstream task supervision [1, 22, 63]. This in-
cludes cascaded frameworks that enforce semantic consis-

tency [25, 40, 41, 48, 63], and cross-domain feature cou-
pling or semantic feature injection to embed high-level se-
mantic information [7, 28, 31, 44, 68]. Nonetheless, the het-
erogeneity between pixel-level and semantic-level features
may disrupt microstructural fidelity, limiting generalization,
especially on unseen fusion tasks.

2.3. Unified fusion methods
Unified methods aim to improve cross-task generalization
across multiple fusion scenarios [45]. Xu et al. first pro-
posed a continual learning-based unified fusion framework
that accumulates and transfers knowledge across tasks.
Subsequently, multi-task, multi-modal paradigms have been
developed to learn shared features for better performance.
Despite emphasizing generalization, these methods often
focus on seen tasks. Cheng et al. introduced a cross-fusion
gating mechanism, which achieves strong performance on
unseen fusion tasks even when trained on a limited set of
tasks [6]. However, this mechanism still requires task-
specific selections during training and auxiliary networks
to handle feature differences, which increases complexity.

3. Methodology
3.1. Motivation
A core challenge in existing image fusion methods is bal-
ancing visual richness with semantic fidelity. The lack of
effective trade-off mechanisms hinders their ability to lever-
age both advantages simultaneously. Moreover, the absence
of a unified optimization objective forces generalized fusion
models to rely on extensive data fitting and task-specific
auxiliary branches, which limits their generalization across
diverse tasks.

Inspired by the free energy principle [9], we propose
a unified dual-entropy collaborative constraints framework
grounded in perception-reconstruction symmetry. This
framework explicitly addresses the intrinsic trade-off be-
tween minimizing semantic uncertainty and maximizing
pixel-level diversity. The free energy principle posits that
intelligent agents minimize variational free energy through
perception inference and active reconstruction. Mathemati-
cally, this is expressed as:

µ
∗,α∗ = argmin

µ,α
F(s̃(α),µ), (1)

where F(·, ·) represents the free energy, quantifying the bal-
ance between the "surprise" of sensory inputs s̃(α), gov-
erned by action α , and the complexity of internal perception
states µ . We decompose the free energy as:

F(s̃(α),µ) = Eq(µ)[− log p(s̃(α)|µ)]︸ ︷︷ ︸
prediction error

+KL[q(µ)∥p(µ)]︸ ︷︷ ︸
complexity

,

(2)
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where the first term denotes the prediction error, the second
term regularizes the deviation from the prior, q(µ) is the
variational posterior distribution over internal states µ , and
p(µ) is the prior distribution over internal states.

Based on the close relationship between the prediction
error term in free energy and conditional entropy, we ap-
proximate the variational free energy minimization as:

F(s̃(α),µ) ∝ E[H(Isem|µ)]−E[H(Ipix|α)]+C (3)

where C represents constant terms irrelevant to the opti-
mization (Detailed derivations of the formulations are pro-
vided in the supplement). Parallel to this, we posit that an
image fusion model must simultaneously optimize seman-
tic certainty during perception and pixel diversity during
reconstruction. Accordingly, we conceptualize the fusion
process as comprising two complementary paths: a percep-
tion path that maps pixels to semantics by minimizing se-
mantic entropy E[H(Isem|µ)], and a reconstruction path that
maps semantics back to pixels by maximizing pixel entropy
E[H(Ipix|α)]. This dual-process is formally defined as:

µ
∗,α∗ = argmax

µ,α
E[H(Ipix|α)]−E[H(Isem|µ)], (4)

By leveraging Eq. (4), we bridge the gap between percep-
tion inference and generative reconstruction. The proposed

dual-entropy constraint effectively balances semantic stabil-
ity and pixel diversity in image fusion. This unified objec-
tive is task-agnostic, thereby enabling zero-shot generaliza-
tion across diverse fusion scenarios.

3.2. Network Architecture
Within the proposed dual-entropy collaborative constraints
framework, we design two symmetric paths: a Perception
Path (PP) and a Reconstruction Path (RP). The PP learns a
pixel-to-semantic mapping by integrating image fusion with
object detection, thereby minimizing semantic entropy and
enhancing semantic representation. In contrast, the RP is
trained to reconstruct occluded regions—with 50% of pix-
els randomly masked from each input image—thereby mod-
eling a low-to-high-dimensional pixel mapping that maxi-
mizes pixel entropy and promotes visual diversity.

The optimization objective of the perception path can be
formulated as:

min
φ ,θ

Ex∼X

[
−∑

y
sφ (y|x;θ) logsφ (y|x;θ)

]
, (5)

where sφ (y|x;θ) is the conditional probability of semantic
variable y given input x, parameterized by the shared en-
coder weights θ and perception head weights φ .

The objective of the reconstruction path is to maximize
pixel entropy, formulated as:
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max
ψ,θ

Ex∼X

[
−∑

f
pψ( f |x;θ) log pψ( f |x;θ)

]
, (6)

where pψ( f |x;θ) is the conditional probability of the re-
constructed image f given input x, parameterized by shared
encoder weights θ and reconstruction head weights ψ .

To decouple semantic and pixel-level features, we intro-
duce a shared encoder based on frequency-domain dynamic
perception. As shown in Figure 3, the encoder processes in-
put images through a frequency-dynamic convolution mod-
ule (GFDM) with grouped dynamic parameters. To mitigate
cross-domain interference, we freeze groups irrelevant to
each path during training. The resulting frequency-domain
representations are then fused via cross-modal and cross-
frequency integration, both implemented through dedicated
frequency-domain perception convolutions.

In the perception path, encoded features are fed into ded-
icated perception and fusion heads to yield detection and
fusion outputs. A KL-divergence constraint is applied to
enforce distributional consistency between the fused result
and the perception features. Similarly, in the reconstruction
path, the features are processed by reconstruction and fu-
sion heads to produce reconstructed and fused images, with
a KL loss aligning the fusion output with reconstruction-
oriented features.

3.3. Loss Function
During training, the total loss for each path integrates four
key components: a supervised base loss (Lbase), an un-
supervised information expectation loss, a trade-off loss
based on KL-divergence, and an Elastic Weight Consolida-
tion (EWC) term to mitigate catastrophic forgetting during
iterative optimization (Further details of the loss functions
are provided in the supplement).

The overall loss for each path is defined as:

Lpath = Lbase +αL path
info +βL path

trade +Lewc, (7)

where path ∈ {PP,RP}. α and β are adjustable parameters.
The base loss combines intensity and gradient terms:

Lbase = Lint + γLgrad, (8)

where Lint enforces content consistency between the fused
and source images, Lgrad constrains gradient coherence,
and γ is adjustable parameter.
Perception Path: The information expectation loss L PP

info
minimizes semantic entropy via cross-entropy between de-
tection results and ground-truth labels. The trade-off loss
L PP

trade enforces distributional consistency between the fused
image and perception features:

L PP
trade = LKL

(
x f ,FeaPP

)
, (9)

DECC (Ours)

SAGE (CVPR 2025)
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CCSR-Net (IF 2025)
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SAMT (IF 2024)
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Figure 4. Comparison of task types and parameter scales be-
tween our method and the SOTA methods compared in this study.
MMIF denotes Multi-Modal Image Fusion, encompassing three
categories of tasks: Visible-Infrared Image Fusion, Near-Infrared
and Visible Image Fusion, and Medical Image Fusion. Note that
methods within each parameter group are not sorted by size.

where FeaPP denotes features input to the perception head.
Reconstruction Path: The information expectation loss
L RP

info promotes accurate pixel-level reconstruction. The
corresponding trade-off loss L RP

trade aligns the fused output
with high-dimensional pixel distributions:

L RP
trade = LKL

(
x f ,FeaRP

)
, (10)

where FeaRP represents features passed to the reconstruc-
tion head.
EWC Regularization: The EWC loss preserves crucial pa-
rameters from prior training phases, enhancing stability and
alleviating catastrophic forgetting throughout dual-path al-
ternating learning.

4. Experimental Results
We employ the M3FD dataset as the training data. In the
perception path training, we incorporate semantic entropy
constraints by leveraging object detection labels. For the re-
construction path, we apply random masking to infrared and
visible images, occluding 50% of pixels in non-overlapping
regional ranges for each modality, while additionally imple-
menting degradation simulation on visible images to com-
prehensively enhance model robustness and generalization
capability.

To evaluate the multi-task generalization capability of
our method, we conduct extensive experiments on multi-
ple datasets not seen during training. These include special-
ized fusion benchmarks: Harvard [5] (for medical image fu-
sion, MIF), VIS-NIR Scene [53] (for near-infrared and vis-
ible image fusion, NVIF), MEFB [64] (for multi-exposure
image fusion, MEIF), and MFI-WHU [60] (for multi-focus
image fusion, MFIF). Furthermore, we validate downstream
application performance by evaluating object detection on
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Table 1. Performance comparison of fusion methods on multiple
tasks. For each column, the optimal value is displayed in red, the
second optimal in bold, and the third optimal underlined.

MIF (medical image fusion) NVIF (near-infrared and visible image fusion)

Method EN SD MI Qabf Method EN SD MI Qabf

CoCo[26] 6.43 83.98 2.76 0.57 DDBF[67] 7.20 51.39 4.41 0.60
DDBF[67] 5.58 76.08 3.07 0.49 IFCN[66] 7.23 55.53 4.34 0.59
EMMA[71] 5.35 92.57 2.85 0.58 GIF[6] 7.22 61.68 3.80 0.39
GIF[6] 5.69 84.08 2.61 0.43 MUF[5] 7.36 59.04 3.18 0.42
MUF[5] 6.21 79.60 2.84 0.65 TCM[74] 4.39 48.56 4.39 0.67
TCM[74] 5.78 84.29 2.83 0.66 U2F[52] 7.20 51.53 4.06 0.56
U2F[52] 5.55 58.49 2.66 0.41 SegM[27] 7.17 61.71 4.08 0.56
DECC (Ours) 7.10 85.52 2.74 0.66 DECC (Ours) 7.26 56.41 4.63 0.62

MFIF (multi-focus image fusion) MEIF (multi-exposure image fusion)

Method EN SD VIFF SCD Method EN SD VIFF SCD

DDBF[67] 7.30 52.47 0.67 0.89 VDMU[39] 6.93 47.26 0.49 0.50
IFCN[66] 7.31 51.89 0.95 0.41 U2F[52] 6.66 45.43 0.62 0.46
CCSR[73] 7.31 52.37 0.95 0.53 TCM[74] 7.04 47.18 0.78 0.33
MDLS[49] 7.32 52.34 0.95 0.53 SAMT[51] 7.05 50.96 0.75 0.64
TCM[74] 7.28 51.11 0.80 0.42 MUF[5] 7.02 54.96 0.77 0.91
U2F[52] 7.12 47.94 0.82 0.14 IFCN[66] 7.13 59.42 1.00 0.99
ZMFF[10] 7.29 51.74 0.80 0.32 GIF[6] 7.06 67.33 0.86 1.23
DECC (Ours) 7.37 57.51 0.84 0.88 DECC (Ours) 7.20 64.26 0.78 1.25

the M3FD dataset and semantic segmentation on the FMB
dataset, using officially released pretrained models for both
tasks. The parameter sizes and supported task types of all
compared methods are summarized in the Figure 4.

4.1. Infrared and visible image fusion
In the VIF task, we compare our method to ten state-of-the-
art fusion algorithms on both the M3FD and FMB datasets.
Quantitative evaluation employs no-reference metrics, in-
cluding entropy (EN) [38], standard deviation (SD) [8], and
spatial frequency (SF) [8], as well as reference-based met-
rics such as mutual information (MI) [61], fusion quality
(Qab f ) [61], and peak signal-to-noise ratio (PSNR) [50]. As
illustrated in Figure 5, our method achieves significantly
higher EN than other approaches, reflecting its ability to
preserve richer visual information. Superior performance
across other metrics further confirms its advantages in re-
taining structural details and improving signal-to-noise ra-
tio. Qualitative results in Figure 6 show that our method
maintains high visual fidelity, with consistent texture ren-
dering in regions such as sky and grass, while preserv-
ing more complete infrared information in foggy conditions
compared to other methods.

4.2. Unseen task generalization
To assess cross-modality generalization, we further evaluate
our approach on medical image fusion (MIF) and visible-
near infrared image fusion (NVIF) tasks. As summarized
in Table 1, our method achieves notable advantages in both
visual richness and structural fidelity on the MIF task. On
the NVIF task, DECC effectively preserves complementary
information while maintaining balanced modality represen-
tation, demonstrating robust cross-modal generalization ca-
pability.

Furthermore, our method demonstrates strong perfor-
mance in digital photography fusion tasks. As shown in
Table 1, for both multi-focus and multi-exposure fusion sce-
narios, DECC achieves superior performance in pixel-level
information retention, contrast preservation, and structural
consistency with source images. Qualitative results in Fig-
ure 7 illustrate the method’s robustness under varying ex-
posure and focus conditions, where it effectively preserves
fine textures, mitigates undesirable brightness variations,
and produces naturally rendered depth-of-field effects.
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Figure 7. Qualitative comparison of different fusion methods across various fusion tasks.

Table 2. Object detection performance comparison of different fusion methods on the M3FD dataset. The models (YOLOv8 and
YOLOv11) are evaluated by Average Precision (AP) for Person (APP), Car (APC), and the mean Average Precision (mAP) at different
IoU thresholds. For each column, the optimal value is displayed in red, the second optimal in bold, and the third optimal underlined.

Methods
Detector: YOLOv8 with officially pretrained weights Detector: YOLOv11 with officially pretrained weights

0.5 0.65 0.8 mAP@ 0.5 0.65 0.8 mAP@

APP APC mAP APP APC mAP APP APC mAP [0.5 : 0.95] APP APC mAP APP APC mAP APP APC mAP [0.5 : 0.95]

CDDFuse[69] 49.42 64.61 57.02 37.27 52.18 44.72 20.05 32.81 26.43 33.53 49.80 68.31 59.05 38.71 54.58 46.64 20.96 35.84 28.40 34.87
EMMA[71] 47.16 64.11 55.63 35.61 51.72 43.67 18.81 32.50 25.66 32.81 50.31 66.02 58.17 37.68 53.12 45.40 20.42 35.56 27.99 34.15
MRFS[62] 43.78 64.67 54.22 34.09 51.37 42.73 18.02 32.56 25.29 32.12 44.76 67.39 56.08 34.37 54.47 44.42 17.68 34.02 25.85 32.84
SAGE[51] 46.82 64.82 55.82 36.18 52.09 44.13 19.80 33.10 26.45 32.98 50.16 67.39 58.78 38.11 54.14 46.12 21.02 34.94 27.98 34.76
SegMiF[27] 50.65 66.40 58.52 38.83 53.43 46.13 20.47 34.05 27.26 34.53 51.85 69.13 60.49 40.19 54.48 47.33 21.57 37.57 29.57 36.00
IFCNN[66] 49.57 62.87 56.22 37.75 50.74 44.25 20.86 32.91 26.89 33.28 50.82 66.49 58.65 39.87 53.42 46.64 20.69 36.78 28.73 35.02
DDBFusion[67] 50.61 64.20 57.41 38.72 51.52 45.12 19.94 32.31 26.13 33.70 51.42 67.27 59.35 39.87 54.29 47.08 19.96 37.09 28.52 35.30
TC-MoA[74] 50.55 68.17 59.36 38.44 54.33 46.38 20.39 34.32 27.35 34.76 52.29 70.24 61.27 39.58 56.69 48.14 20.71 38.09 29.40 36.25
U2Fusion[52] 48.99 66.09 57.54 36.84 53.20 45.02 19.96 34.90 27.43 33.98 51.03 68.52 59.77 38.77 55.42 47.09 20.49 38.25 29.37 35.57
GIFNet[6] 50.49 65.33 57.91 37.97 52.65 45.31 20.21 34.47 27.34 34.06 53.97 68.01 60.99 40.95 54.72 47.84 20.96 36.61 28.79 35.82
DECC (Ours) 52.52 67.83 60.17 39.64 55.34 47.49 21.05 36.34 28.70 35.34 53.82 70.63 62.22 39.73 57.93 48.83 20.89 38.72 29.81 36.85

4.3. Task-driven downstream applications

We assess the object detection performance on fused images
from the M3FD dataset with publicly available pretrained
models of YOLOv8 and YOLOv11. As shown in Table 2,
our method achieves the best detection precision for both
Person and Car categories across different IoU thresholds.

For semantic segmentation evaluation, we employ offi-
cially released pretrained MaskFormer and DPT models on
fusion outputs from the FMB dataset. Table 3 demonstrates
that our method yields significant improvements across
most semantic categories, achieving the highest mean In-
tersection over Union (mIoU) scores. Visualizations in Fig-
ure 8 show this consistent quality of segmentation for all
day-and-night scenarios, therefore demonstrating that our
fused images retain rich visual information and significantly
enhance subsequent perceptual performance. These exten-
sive tests provide extra evidence of the robustness and real-
world generalization of our methods.

4.4. Ablation experiments

We perform comprehensive ablation studies on key com-
ponents, including the Perception Path, the Reconstruction
Path, the trade-off loss, base loss, and the Grouped Fre-
quency Dynamic Convolution Module (GFDM). As shown
in Figure 9, when trained solely with the Perception Path
objective ("only PP"), the model maintains clear pedestrian
contours. Even when further removing the base loss ("only
L PP

in f o + L PP
trade"), essential semantic information remains

effectively preserved. Conversely, models trained exclu-
sively with the Reconstruction Path objective ("only RP")
produce results with enhanced detail preservation. The vari-
ant "only L RP

in f o + L RP
trade" retains rich structural information

despite the absence of base losses. Importantly, the absence
of trade-off loss ("w/o Ltrade") leads to simultaneous degra-
dation in both contour precision and background details.
Furthermore, replacing the frequency dynamic convolution
with conventional convolution ("w/o GFDM") causes sub-
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Figure 8. Qualitative comparison of different fusion methods for semantic segmentation on the FMB dataset. Results are generated using
MaskFormer, showcasing the segmentation performance under both daytime and nighttime conditions.

Table 3. Semantic segmentation performance comparison of
different fusion methods on the FMB dataset. The models
(Mask2Former [3] and DPT [36]) are evaluated by mean Inter-
section over Union (mIoU) and class-wise IoU. For each column,
the optimal value is displayed in red, the second optimal in bold,
and the third optimal underlined.

Detector: Mask2Former with officially pretrained weights

Methods Road Sidewalk Building Sky Person Car mIoU

CDDFuse[69] 71.77 26.91 55.89 89.10 19.00 62.25 54.15
EMMA[71] 71.36 27.48 56.28 88.54 19.35 61.80 54.13
MRFS[62] 70.28 27.24 55.63 88.35 17.19 60.43 53.19
SAGE[51] 71.50 27.79 57.35 89.09 19.09 59.57 54.06
SegMiF[27] 72.33 28.35 57.92 89.03 19.37 62.68 54.95
IFCNN[66] 71.47 27.28 57.16 89.67 19.34 61.61 54.42
DDBFusion[67] 70.71 26.90 56.16 88.80 17.52 60.68 53.46
TC-MoA[74] 72.15 27.62 56.62 89.47 17.50 62.78 54.36
U2Fusion[52] 72.22 27.46 57.15 89.36 19.80 63.00 54.83
GIFNet[6] 72.07 27.41 56.86 88.82 22.31 64.21 55.28
DECC (Ours) 72.56 27.79 57.09 89.33 20.81 64.75 55.39

Detector: DPT with officially pretrained weights

Methods Road Sidewalk Building Sky Person Car mIoU

CDDFuse[69] 66.42 23.09 48.82 86.24 10.94 55.81 48.56
EMMA[71] 65.32 23.11 49.84 85.89 12.04 54.95 48.52
MRFS[62] 61.56 22.15 51.78 86.14 11.42 51.81 47.48
SAGE[51] 64.22 21.89 50.23 86.20 10.06 52.34 47.49
SegMiF[27] 65.25 22.94 48.74 85.41 12.11 55.07 48.25
IFCNN[66] 62.85 22.08 47.85 85.24 10.45 50.88 46.56
DDBFusion[67] 63.88 21.96 48.56 86.24 11.70 52.16 47.42
TC-MoA[74] 65.73 23.05 50.87 85.97 10.20 56.96 48.80
U2Fusion[52] 64.02 22.93 51.73 86.79 11.37 51.49 48.05
GIFNet[6] 65.26 21.40 52.00 86.04 12.74 54.87 48.72
DECC (Ours) 66.68 23.19 49.86 86.29 12.81 57.47 49.38

Table 4. Quantitative results of ablation studies on the M3FD
dataset, including vision-related metrics and object detection met-
rics. For each column, the optimal value is displayed in red, the
second optimal in bold, and the third optimal underlined.

Methods MI Qabf EN SD SF PSNR mAPv8 mAPv11

only PP 4.25 0.65 6.96 39.62 15.47 15.89 34.28 35.66
only RP 3.20 0.45 7.07 56.92 17.67 11.39 28.93 31.36
w/o GFDM 3.10 0.61 6.49 27.67 11.26 13.28 32.76 34.17
w/o Ltrade 4.19 0.65 7.06 40.21 15.09 16.02 34.61 36.01
DECC (Ours) 3.89 0.67 7.01 40.97 15.94 16.48 36.34 36.85

stantial deterioration in visual quality. Quantitative results

Input Images Only RP Only (Linfo, Ltrade)
RP RP

w/o Ltrade

DECCOnly (Linfo, Ltrade)
PP PPOnly PPw/o GFDM

Reconstruction: high pixel-entropy expectation

Perception: low semantic-entropy expectation

Figure 9. Qualitative comparison of ablation experiments.

in Table 4 further corroborate the indispensable role of each
component in achieving optimal fusion performance.

5. Conclusion

This work tackles two core challenges in image fusion: poor
generalization and the semantics-pixels trade-off. We pro-
pose a unified framework based on the free-energy prin-
ciple, combining semantic perception and detail recon-
struction paths with frequency-domain feature decoupling.
Trained only on infrared-visible pairs without task-specific
design, our method achieves excellent semantics-pixels bal-
ance, strong zero-shot generalization, high parameter effi-
ciency, and significant downstream task improvement. This
framework provides an effective solution to fundamental fu-
sion problems and offers insights for future research.
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