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Abstract

Infrared and Visible Image Fusion (IVIF) integrates comple-
mentary information from distinct modalities to enhance im-
age quality. However, the effectiveness declines under unseen
conditions such as novel weather or scenes, due to domain
shifts primarily from variations of data distribution in the
visible modality, while the infrared modality remains rela-
tively stable. To overcome domain shifts caused by the im-
balance between modalities during image fusion, we pro-
pose a Domain Adaptation Guided Infrared and Visible Im-
age Fusion method, termed DAFusion, leveraging a dual-
rank domain adapter to enable fast adaptation to diverse ad-
verse conditions during image fusion. Specifically, trainable
low-rank and high-rank embedding spaces are respectively
used to capture knowledge common across domains (domain-
shared) and those unique to target domains (domain-specific).
To leverage the dual-rank adapter more effectively, we de-
velop a homeostatic knowledge allotment strategy to inte-
grate the distinct types of knowledge dynamically based on
the uncertainty value of target domains. Since domain adap-
tation typically optimizes for feature alignment across do-
mains and emphasizes invariance rather than preserving spe-
cific cues critical for image fusion, while the fusion objec-
tive requires retaining discriminative and complementary fea-
tures, a conflict between the two modules appears. To recon-
cile this, we further adopt a bi-level optimization framework
that structurally decouples the two objectives, enabling the
fusion module to steer the adaptation process while benefiting
in return from domain-aligned representations. Experimental
results on three benchmarks demonstrate that our method sig-
nificantly outperforms state-of-the-art approaches, achieving
both an enhancement in fusion quality and an improvement
on subsequent high-level tasks.

Introduction

Infrared images capture thermal features, enabling the pro-
vision of information in complex conditions, but suffer from
limited resolution and texture (Li et al. 2024b, 2025b). Con-
versely, visible images present high resolution and rich de-
tails with color, yet are degraded by severe weather and
low light. Consequently, Infrared and Visible Image Fu-
sion (IVIF) integrates information from multi-modal images
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Figure 1: Architecture of the dual-rank domain adapter
for visible modality adaptation across target domains. The
adapter contains high-rank and low-rank branches to capture
domain-shared and domain-specific knowledge, and balance
them based on the uncertainty value of target domains.

to create high-quality fused images. High-level tasks, such
as multi-modal saliency detection, object detection, and se-
mantic segmentation, benefit subsequently from the more in-
formative representations of scenes and objects in images.
Recently, numerous methods (Li et al. 2025a, 2024a) have
been devised to address challenges posed by IVIF. Learning-
based methods (Yang et al. 2025; Sun et al. 2022; Wang et al.
2025b) have substantially outperformed traditional methods
in fusion performance. Despite the appealing fusion qual-
ity obtained, a major issue with these methods is that they
can only present expected performance for images possess-
ing similar distributions to the training dataset. This limited
adaptability mainly arises from domain shifts in the visible
modality, which is highly sensitive to changes in weather,
illumination, and environments. In contrast, infrared images
tend to remain stable across variations. Such modality im-



balance causes fusion models to misrepresent or suppress
critical information from the visible input, degrading both
fusion quality and downstream task performance.

Although domain adaptation techniques have been ex-
plored in other low-level vision tasks such as image restora-
tion and deblurring, their direct application to fusion tasks is
non-trivial. Some recent works, such as TarDAL (Liu et al.
2022), incorporate adversarial learning to improve fusion ro-
bustness across different scenarios, while DCEvo (Liu et al.
2025a) enhances fused representation through dynamic fea-
ture evolution. However, these methods do not explicitly ad-
dress domain shifts at the input level, nor do they optimize
domain adaptation and fusion objectives in a coordinated
manner. Most existing approaches still assume fixed feature
distributions, making them unreliable in unseen conditions.
These limitations motivate a fusion-aware adaptation strat-
egy that jointly models domain adaptation and image fusion.

Therefore, we propose DAFusion, a Domain Adaptation
Guided Infrared and Visible Image Fusion method to solve
the domain adaptation challenges during image fusion. Our
proposed DAFusion integrates domain adaptation and im-
age fusion modules into a unified architecture via a bi-level
optimization scheme. In particular, we pretrain the domain
adapter through a teacher-student-based scheme and employ
this in the visible image encoder. To alleviate error accu-
mulation and catastrophic forgetting, we adopt a homeo-
static knowledge allotment strategy to dynamically balance
domain-specific and domain-shared knowledge from high-
rank and low-rank adapters as shown in Figure 1. However,
optimizing the domain adapter independently from the fu-
sion objective leads to a mismatch in goals. While adapta-
tion encourages domain invariance, fusion requires preserv-
ing modality-specific discriminative features. This misalign-
ment results in suboptimal representations for image fusion.
Based on this, we further employ the bi-level optimization
scheme to decouple the optimization of domain adaptation
and image fusion, enabling the visible encoder to be guided
by the fusion objective at a higher level while adapting to
the target domain at a lower level. This scheme allows the
fusion task to steer domain adaptation in a task-driven man-
ner, rather than treating adaptation as an independent or pre-
processing step. Thereby, our method achieves a mutual pro-
motion between image fusion and domain adaptation. Our
contributions can be organized into three aspects as follows:

e To address the challenges of error accumulation and
catastrophic forgetting in the adaptation process dur-
ing image fusion, we develop high-rank and low-rank
adapters to capture target domain-specific and domain-
shared knowledge simultaneously.

* We adopt a homeostatic knowledge allotment strategy
to dynamically balance domain-specific and domain-
shared knowledge, ensuring efficient extraction of
domain-specific knowledge with long-term domain-
shared knowledge retained concurrently.

* We establish a bi-level optimization framework to build
the mutual collaboration and guidance between image fu-
sion and domain adaptation, realizing “Best of Both .
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Related Work
Learning-based Fusion Approaches

Existing image fusion methods can be broadly categorized
into discriminative and generative approaches. Discrimina-
tive methods aim to learn the mapping between dual-modal
inputs and the fused output. CNN-based models (Liu et al.
2021a; Ma et al. 2022; Zhao et al. 2021; Wang et al. 2022)
have been widely explored in this direction. More recently,
Transformer-based architectures (Liu et al. 2024b; Zhao
et al. 2023b; Rao, Xu, and Wu 2023; Wang et al. 2025a;
Li et al. 2023b) are also introduced to model long-range de-
pendencies in the fusion process.

Generative methods focus on modeling the data distribu-
tion and underlying priors to generate fused images. GAN-
based frameworks (Liu et al. 2021b; Li, Wu, and Kittler
2021) generate fusion results through adversarial learning.
Diffusion-based models (Zhao et al. 2023c; Cao et al. 2024)
further push this boundary by capturing complex priors via
iterative denoising for effective image fusion. For instance,
DDFM (Zhao et al. 2023c) formulates the fusion task as a
conditional generation framework based on the DDPM.

Moreover, to concentrate on both downstream task perfor-
mance and visual quality, task-driven fusion methods (Liu
et al. 2023a; Zhao et al. 2023a; Liu et al. 2025b) have been
proposed. TarDAL (Liu et al. 2022) combines a fusion mod-
ule with an object detection network, improving the percep-
tion ability of the model and demonstrating an obvious ad-
vantage in challenging scenarios with efficiency.

Domain Adaptation Approaches

Domain shift is caused by discrepancies between the source
and target data distributions, which leads to performance
degradation when models are applied to unseen environ-
ments. To address this issue, domain adaptation (DA) tech-
niques have been developed to improve generalization un-
der such distribution shifts. Traditional DA methods assume
access to labeled source data and unlabeled target data dur-
ing training. Early approaches focus on minimizing distribu-
tion discrepancies via statistical metrics such as Maximum
Mean Discrepancy (Long et al. 2015) or adversarial learning
frameworks (Ganin et al. 2016), where a domain discrimi-
nator is used to encourage feature alignment across domains.

More recent efforts have explored self-training and
pseudo-labeling strategies to better leverage target data, im-
proving performance in the absence of target annotations
(Zou et al. 2018; Wang et al. 2021). In addition, domain-
specific normalization (Chang et al. 2019) and style transfer
techniques (Hoffman et al. 2018) have been proposed to en-
hance feature generalization across domains.

While most works focus on offline unsupervised domain
adaptation, Test-Time Adaptation (TTA) (Boudiaf et al.
2023; Wang et al. 2020) and Continual Test-Time Adapta-
tion (CTTA) (Liu et al. 2023b; Song et al. 2023) have gained
attention for adapting models on-the-fly without source data
or retraining. These methods aim to incrementally adapt to
streaming, unlabeled target data, offering more practical de-
ployment in real-world dynamic environments.
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Figure 2: An overall illustration of our proposed DAFusion. The lower part depicts the pretrained domain adapter. We first inject
dual-rank adapters into the linear layers of the source model. Then we construct a teacher-student-based framework to update
adapters with a consistency loss as the optimization objective. The subsequent calculated distribution shift guides the balance
in the HKA strategy. The upper part denotes the fusion module and the bi-level optimization framework. In this framework, the
adapter and the encoder&decoder are alternately frozen to optimize mutually.

Methods

In this section, we first give an overview of the proposed
Domain Adaptation Guided Infrared and Visible Image Fu-
sion framework, DAFusion. We then introduce the domain
adapter, the homeostatic knowledge allotment (HKA) strat-
egy, and the bi-level optimization, as illustrated in Figure 2.

Overall Framework

As shown in Figure 2, we pretrain a domain adapter on
images from 4 weather conditions: snow, night, rain, and
fog through a teacher-student-based architecture, where we
adopt an exponential moving average (EMA) to update the
teacher model with adapters, formulated as:

Tt=aT"7 P+ (1-a)St, 1

T, S, t, and « denote the teacher model, student model,
time step, and updating weight, respectively. Selecting these
representative adverse weather conditions helps our adapter
gain initial robustness and the ability to adapt to various
real-world scenes appearing in the visible modality, thereby
enhancing fusion and perception. Then the fusion module
takes infrared and visible images as inputs, where the visible
branch incorporates the domain adapter we pretrained ear-
lier. To regularize the balance between domain-specific and
domain-shared knowledge, an HKA strategy is designed to
dynamically adjust the contributions of high-rank and low-
rank adapters based on the uncertainty of target domains. Fi-
nally we employ these components in a bi-level optimization
framework. The upper level optimizes the fusion quality and
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updates the adapter weights simultaneously indirectly, while
the lower level adapts the visible encoder to target domains,
so as to enhance visible images and improve fusion quality.
This mutual feedback promotes both robust domain adapta-
tion and effective multi-modal fusion.

Model Architecture

Domain Adapter While domains change across different
scenarios during fusion, real-world visible images usually
stem from error accumulation and catastrophic forgetting.
As proven by (Liu et al. 2023b), adapters utilizing middle-
layer features of varying dimensionality are effective in mit-
igating these issues. To be specific, a low-rank adapter re-
duces feature redundancy, leading to the capture of domain-
shared knowledge to mitigate catastrophic forgetting. Con-
versely, a high-rank adapter utilizes a higher-dimensional
feature representations, which more effectively align with
the target data distribution, thus emphasizing the learning
of domain-specific knowledge to reduce error accumulation.
The above observation motivates the integration of both low-
rank and high-rank adapters in the source pretrained model,
with the goal of simultaneously capturing distinct domain
types of knowledge. As illustrated in Figure 2, the adapter
structure contains three sub-branches: the linear or Conv
layer from the original network, and bottleneck structures,
respectively indicating high-rank and low-rank adapters in
the green branch and yellow branch. Specifically, the high-
rank branch consists of an up-projection layer with parame-
ters qup € R4*dn adown-projection layer with parameters



Wh o, € B> where dj, > d represents the middle di-
mension of features in high-rank branch. When considering
the projection layer for the original model, we apply a linear
layer for the transformer architecture, and a Conv1 x 1 for the
convolution network, both without any non-linear layers. On
the contrary of high-rank branch, the low-rank one utilizes
a down-projection layer with parameters W) € R%*d,
an up-projection layer with parameters Wpr € R%*d where
d; < d implies the middle dimension of features in low-rank
branch. Based on the above, we can formulate the produced
features of both branches for an input feature f as:

fh = Wc}llown : (Wh

up'f); fl:Wpr'(Wcllown'f)‘ (2)
The dual-branch bottleneck structure is linked to the output
feature of the original network (f,) through a residual con-

nection, the fused knowledge (fy) is formulated as:

fr=fo+ A X fu+ X xfi, 3

where \;, and )\; are scale factors acquired through the HKA
strategy, which is introduced in the next section.

Homeostatic knowledge allotment (HKA) Though the
dual-rank adapter contributes to learn distinct domain repre-
sentations, the regulation of knowledge fusion during adap-
tation process is still needed to ensure the efficient capture
of domain-specific knowledge with the long-term domain-
shared knowledge retained. Following (Liu et al. 2023b), we
calculate the uncertainty value U(z) of a given input z to
quantify the degree of distribution shift, formulated as:

U(z) = NORM (; > I1Fia) - ull2>

where m is the number of probability sets for each sam-
ple obtained in multiple forward propagation, F;(z) is the
feature representation output in the i forward propagation,
and p is the average value of m times propagation. The scale
factors A\ of high-rank and low-rank branches are adjusted
based on the uncertainty value U (z), formulated as:

{)\h =1+Ux), N=1-U(z), Ux)>0O
)\h:].*Z/{(x), )\l:1+Z/[(.’£), U(£)<@

where O represents the threshold of uncertainty. The fusion
weights for domain-specific knowledge increase with high
uncertainty and decrease with low uncertainty, achieving a
balance between different types of domain knowledge.

1
2

“

» (9

Optimization objective

Bi-level framework However, a central challenge in inte-
grating domain adaptation and image fusion lies in the po-
tential mismatch between their optimization objectives. Im-
age fusion relies on preserving discriminative and modality-
specific cues, especially from the visible domain, which
carries rich structural and textural details. In contrast, do-
main adaptation typically focuses on aligning visible fea-
ture representations across domains. As a result, the domain
adapter prioritizes alignment over preserving fusion-critical
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features, leading to suboptimal representations for the fusion
task. This motivates us to rethink how to guide the domain
adapter to produce enhanced visible features more beneficial
to image fusion. Realizing the mutual-benefit relationship
between the two modules, we decompose the complex opti-
mization objective into two sub-objectives: the optimization
of image fusion and domain adaptation.

To model this mutual-benefit relationship and achieve the
“Best of Both Worlds”, we introduce a bi-level optimiza-
tion strategy to establish the mutual collaboration and guid-
ance between image fusion and domain adaptation. In our
scheme, the bi-level learning can be formulated as:

rrgn /:fusion(]:(w»e;k/(w)))a (6)
s.t. Oy (w) =arg Igin Lpa(fy;w), @)
\%

where w represents fusion network parameters, 67, (w) rep-
resents the optimal solution of adapter parameters. Specif-
ically, the primary part is to optimize the fusion network
F for generating enhanced images under diverse domain
conditions, which facilitates robust representation for subse-
quent downstream tasks. In the lower-level optimization, we
apply a domain adaptation objective to the visible encoder,
aiming to reduce feature inconsistency across domains. In
the upper-level, the fusion objective supervises the integra-
tion of aligned visible and infrared features by evaluating
the fusion quality of outputs. Both levels of optimization
are nested with mutual promotion, where the fusion loss
implicitly supervises the domain adaptation by influencing
the optimal encoder state, while the adapted encoder in turn
enhances the stability and robustness of fusion. The inter-
action enables the network to jointly model cross-domain
alignment and cross-modality integration, resulting in an ef-
fective and generalized fusion representation.

Loss function In this section, we elaborate on the concrete
loss functions of our method, which can be divided into two
parts for fusion quality and domain adaptability. As for the
learning of the image fusion network, we give the notation
of model formulation as follows. Infrared, visible and fused
images are denoted as I;,., I,;s and I+,,. Then we apply mul-
tiple constraints during the process of obtaining high-quality
fused images. The fusion loss function is written as:

Efusion = ESSIM + Edeco + Lgrad + ﬁinh (8)
where Lssrar, Lgrad, Lint are respectively formulated as:

Lssiv = Lssiv(Lir, 1) + Losiar(Lvis, Iy),  (9)
1
Lint = W ”If - maX(IimIvis)H 3 (10)

1
Lyrad = g7 IIVIg| = max ([VLy |, [V )] . (1)

The Lgeco is proposed by (Zhao et al. 2023b) to correlate
basic features from multi-modal inputs. The loss function of
domain adaptation is a consistency loss, formulated as:

N
1
Lpa(r) = 2_; 1EE = F7I13, (12)
where, Fi' and F® represent the outputs of the teacher and
student models at the i-th feature layer, respectively, and N
is the dimensionality of the features.
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Figure 3: Qualitative comparisons of fusion quality with other fusion approaches on challenging scenarios. From top to bottom:
high-brightness and snow in AWMM, nighttime and fog in M®FD, low-quality in TNO, and daytime in RoadScene.

Experiment

To evaluate the performance of our method, we conduct ex-
periments on five datasets, where four (M®FD (Liu et al.
2022), RoadScene (Xu et al. 2020), TNO (Toet and Hoger-
vorst 2012), and AWMM (Li et al. 2024c)) for IVIF, one
(M®FD) for object detection and one (FMB (Liu et al.
2023a)) for semantic segmentation. The AWMM dataset is
divided into 3 parts for adapter pretraining, fusion model
training, and testing. We set the learning rate to 1.5 x 10~*
for the adapter and the fusion module, o = 0.99 for the up-
dating weights of EMA, and © = 0.2 for the threshold of
the uncertainty value. Then the fused images of M®FD and
FMB are respectively fed to the object detection and seman-
tic segmentation model for training and evaluation. Experi-
ments are conducted on a NVIDIA 4080 (32GB) GPU.

Infrared and visible image fusion

We evaluate the IVIF performance of DAFusion with 11
SOTA methods, including TIM (Liu et al. 2023c), MetaFu-
sion (Zhao et al. 2023a), Text-IF (Yi et al. 2024), CDDFuse
(Zhao et al. 2023b), DCEvo (Liu et al. 2025a), BDLFusion
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(Liu et al. 2023d), PromptFusion (Liu et al. 2024a), LRR-
Net (Li et al. 2023a), EMMA (Zhao et al. 2024), ReFusion
(Bai et al. 2024), and SAGE (Wu et al. 2025).

Qualitative comparisons As image fusion results dis-
played in Figure 3, our method exceeds other approaches,
demonstrating both the remarkable capability of produc-
ing high-quality fused images and the robust adaptability
to changing conditions. In the meantime of reducing noise
levels, infrared objects can be clearly seen in harsh scenes,
ensuring visible quality and accurate representations.

Quantitative comparisons We compare our method with
11 competing approaches on M3FD, RoadScene, TNO, and
AWMM datasets, containing 400, 221, 57, and 100 im-
ages, respectively. We adopt 4 objective metrics for analy-
sis, and the results demonstrate that our method consistently
ranks among the top two across all metrics, as shown in Ta-
ble 1. Specifically, the highest CC and PSNR imply that our
method can effectively achieve pixel-level fidelity. Further-
more, the significant improvements of SCD and SSIM indi-
cate that our method integrates enough source information.
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Figure 4: Qualitative comparisons of object detection performance in both smoke and daytime scenes

Methods M°FD RoadScene TNO AWMM

CC PSNR SCD SSIM | CC PSNR SCD SSIM | CC PSNR SCD SSIM| CC PSNR SCD SSIM
TIM 041 6022 151 095 [044 5932 153 073 |028 5991 175 0.82 |0.54 6049 136 0.81
Text-IF 044 60.12 156 0.97 [ 043 59.69 1.59 091 |029 60.07 1.78 0.87 |0.56 61.83 136 0.90
MetaFusion | 0.50 60.96 1.72 0.87 | 045 5930 1.65 0.89 |0.33 60.79 190 0.78 |0.59 61.81 1.59 0.86
CDDFuse 048 59.64 1.69 104 |046 5954 1.67 095 |0.32 60.18 1.85 091 |0.56 61.76 141 0.89
DCEvo 045 59.60 152 1.03 |042 59.13 157 094 [030 5921 1.81 089 |054 61.12 128 0.94
BDLFusion |0.54 62.16 1.65 1.04 |0.49 59.55 1.68 0.99 [030 6091 1.81 082 |057 6120 1.54 091
PromptFusion | 0.44 59.93 1.54 1.02 | 045 59.71 164 096 |031 6036 1.81 090 |0.56 61.99 136 0.89
LRRNet 049 61.59 157 0.81 [045 5928 1.75 0.86 [025 59.84 1.65 081 |0.56 61.34 133 0.83
EMMA 044 5970 153 101 |043 5952 156 092 |0.31 60.02 1.78 0.93 |0.54 61.80 129 0.87
ReFusion 048 5994 1.68 1.03 |046 60.08 1.68 096 |0.31 5990 1.83 092 |0.55 6192 134 093
SAGE 0.53 6026 174 1.06 | 047 59.16 1.66 094 |031 59.01 1.83 090 |0.60 61.43 150 0.95
Ours 0.55 62.02 176 1.08 [0.51 6123 1.77 1.03 [0.35 61.60 1.90 0.96 |0.62 6325 1.54 0.97

Table 1: Quantitative comparisons of fusion metrics with other SOTA fusion methods on M?3FD, RoadScene, TNO, and AWMM
datasets. Boldface denotes the best while underline denotes the second best results.

Downstream IVIF applications

Ablation study

In this section, we evaluate the practicality of our method
in downstream tasks. We randomly split the M®FD dataset
with an 8:1:1 ratio and utilize YOLOVSs for object detection.
Similarly, the FMB dataset is randomly divided in an 8:1:1
ratio using SegFormer-B1 for semantic segmentation.

We test the detection performance on six classes, shown
in Table 2 (left), our method achieves the highest mAP. Fig-
ure 4 visually displays the superiority of our method, that
while others miss the detection of people or misidentify trees
as people, our method detects all objects precisely. In the se-
mantic segmentation, we evaluate all methods on 14 classes,
from which the results of 6 classes are selected and dis-
played in Table 2 (right). Our method outperforms notably
in terms of mloU of all 14 classes. The qualitative segmen-
tation comparisons in Figure 5 also show that our method
obtains the best segmentation results, precisely segmenting
all classes with clear edges.

To understand the contribution of each component in our
framework, we conduct a series of ablation experiments.
Four fusion metrics and two downstream task metrics are
utilized to fully assess the performance for experimental
groups, displayed in Table 3. Performance of image fusion
and object detection is tested on M®FD dataset while that of
semantic segmentation is evaluated on FMB dataset.

Study on the domain adapters. As shown in Table 3, the
first five rows present our ablation experiments for our pro-
posed domain adapter, where the 2nd to 4th rows explore the
necessity for both ranks of adapters, and the Sth row proves
the effectiveness of the HKA strategy for dynamical rank
weights adjustment. We can achieve that the absence of any
of the high-rank or low-rank adapters would lead to perfor-
mance degradation. The HKA strategy is also evaluated to
be valid for balancing branch weights.
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Figure 5: Qualitative comparisons of semantic segmentation performance in both daytime and nighttime scenes.

M°FD FMB

Methods .

People  Car Bus Light Moto Trunk mAP | Car Person Sky Bus Motor Pole mloU
TIM 0435 0.669 0.686 0.319 0379 0.612 0517 | 0.854 0.684 0954 0.852 0.722 0.545 0.728
Text-IF 0475 0.680 0.689 0.304 0.391 0.633 0.529 | 0.866 0.726 0.958 0.859 0.724 0.557 0.743
MetaFusion 0449 0.653 0.717 0330 0.357 0.563 0.512 | 0865 0.715 0957 0.825 0.732 0.555 0.736
CDDFuse 0475 0.677 0.675 0322 0.384 0.652 0.531 | 0.863 0.723 0.956 0.877 0.744 0.550 0.739
DCEvo 0482 0.679 0.700 0.308 0.374 0.605 0.525 | 0.865 0.730 0.957 0.855 0.699 0.553 0.740

BDLFusion 0487 0.672 0.670 0.299 0399 0.624 0.525 | 0.863 0.738 0.960 0.857 0.690 0.558 0.739
PromptFusion | 0469 0.675 0.696 0.305 0.404 0.609 0.526 | 0.863 0.728 0.955 0.860 0.732 0.548 0.739

LRRNet 0464 0.667 0.664 0.322 0390 0599 0518 | 0.867 0.713 0956 0.841 0.738 0.553 0.741
EMMA 0470 0.675 0.674 0320 0375 0.611 0521 | 0.865 0.721 0955 0.858 0.710 0.549 0.736
ReFusion 0478 0.679 0.672 0.342 0.416 0.641 0.538 | 0.870 0.730 0.957 0.836 0.734 0.556 0.742
SAGE 0480 0.675 0.694 0307 0.382 0.636 0.529 | 0.860 0.728 0.958 0.862 0.726 0.547 0.739
Ours 0.489 0.683 0.705 0.326 0.423 0.644 0.545 | 0.884 0.730 0.960 0.855 0.741 0.559 0.749

Table 2: Quantitative comparisons of downstream task performance with other existing fusion methods for object detection on
M3FD and semantic segmentation on FMB dataset. Boldface denotes the best while underline denotes the second best results.

Setting CC PSNR SCD SSIM | mAP | mloU improvement in overall performance, achieving our goal of
Base 043 5971 1.51 0.94 |0.523]0.736 mutual promotion between two related modules.
low-rank 047 59.82 1.55 0.98 |0.527]0.738 The above ablation study demonstrates that every compo-
high-rank 0.46 59.97 1.57 0.98 |0.526|0.737 nent in our framework is effective and indispensable, pre-
_dual-rank 1049 60.67 1.64 1.03 |0.534]0.744 senting the necessity of employing both the dual-rank do-
dual-rank+HKA [0.53 61.42 1.71 1.07 [0.539]0.746 main adapter and the bi-level optimization strategy.
Ours 0.55 62.02 1.76 1.08 |0.545|0.749

Conclusion

Table 3: Quantitative results of the ablation study. The met-

. . In this paper, we introduce the Domain Adaptation Guided
rics across three tasks prove every component to be effective.

Infrared and Visible Image Fusion method (DAFusion),
obtaining significant improvement on both fusion quality
and downstream task performance. Through integrating the

Study on the bi-level optimization. To assess whether bi- dual-rank domain adapter and the image fusion module in
level optimization plays a role in the collaboration of image a bi-level optimization framework, we achieve the mutual
fusion and domain adaptation, we compare the method with promotion and guidance between image fusion and domain
(Ours) and without bi-level optimization (dual-rank+HKA). adaptation. Extensive experiments across three benchmarks
According to the experimental results in Table 3, the incor- evaluate the effectiveness and robustness of our method for
poration of a bi-level optimization framework leads to an severe environments, surpassing existing SOTA methods.
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