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Abstract—Existing image fusion methods often perform poorly
in real-world scenarios with complex degradations due to a
lack of understanding of diverse degradation characteristics
and the absence of relevant datasets. To address this issue, we
propose a unified text-guided degradation-aware fusion frame-
work that introduces textual prompts to adaptively mitigate
multiple degradations. A two-stage training strategy is adopted,
together with a Cross-Prompt Attention Aggregation Module
and a JointGate module, to enable cross-degradation knowledge
sharing. In addition, we construct an infrared-visible fusion
dataset that covers various representative degradation scenarios,
providing a solid benchmark for evaluating fusion performance
under complex conditions and facilitating future research on
degradation-aware image fusion. Extensive experiments and
ablation studies demonstrate that the proposed method achieves
superior performance in both single and compound degradation
cases, showing stronger generalization capability. Our code will
be available comming soon.

Index Terms—Image fusion, Infrared and visible, Degradation
scenarios, Text guidance

I. INTRODUCTION

Infrared and visible image fusion (IVIF) aims to generate
images that retain salient infrared targets and fine visible
details. Such fused images can enhance downstream tasks,
including detection, segmentation, and re-identification. How-
ever, in real-world scenarios, IVIF faces multiple degradations
that compromise quality. Visible images are prone to low
light or overexposure, while infrared images suffer from noise
and low contrast. Such degradations reduce clarity and hinder
downstream performance.

Current methods follow two paradigms. The first is a two-
stage approach: restoration models first remove degradations
before fusion. However, due to the significant domain gap
between restoration and fusion models, this strategy is suscep-
tible to domain shift issues, making it difficult to guarantee the
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quality of the final fused images. The second paradigm focuses
on degradation-specific designs, such as DIVFusion [1] based
on Retinex theory, or PFF [2] guided by visual perception.
While effective for single degradations, these methods struggle
with complex combinations. In particular, when visible and
infrared images suffer from different degradations (e.g., low-
light in visible images combined with low contrast in infrared
images), designing dedicated fusion models for each case
is costly and impractical. Nevertheless, robust IVIF in all-
weather and complex scenarios requires a fusion model with
adaptive degradation-handling capability.

With the rise of vision-language models, text prompts offer
flexible guidance for image processing. On the one hand,
semantic text provides high-level guidance, enabling person-
alized and controllable enhancement. On the other hand, the
strong generalization capability of pretrained language models
helps overcome the limitations of degradation-specific priors.
Text-IF [3] was the first to introduce text guidance into the
IVIF task, achieving degradation-aware and interactive fusion
through semantic prompts. However, it relies on fixed prompts,
lacking adaptability to compound degradations.

To address these challenges, we propose a unified text-
guided degradation-aware IVIF framework. Unlike existing ap-
proaches, our method adopts two-stage training paradigm. In
the first stage, the model learns stable fusion under individual
degradations. We employ Semantic-Guided Cross-Attention
Module, which leverages the attention mechanism to enable
text prompts to spatially regulate the fusion of infrared and
visible features, enhancing controllability and robustness. In
the second stage, semantic alignment and knowledge sharing
across tasks are achieved through Cross-Prompt Attention
Aggregation Module and JointGate Module, producing uni-
fied text-prompt representations for diverse degradations. This
is the first attempt in the field of visible light and infrared
image fusion. Our method avoids the high computational cost
of training separate models for each degradation combination.



In addition, we have constructed a multi-degradation
infrared-visible fusion dataset, which encompasses both
single-degradation and compound-degradation scenarios. We
designed dedicated training and testing sets for each degra-
dation scenario, offering a comprehensive and challenging
benchmark that facilitates the development and evaluation of
robust multi-degradation perception fusion methods.

The main contributions of this work are as follows:

o A unified text-guided fusion framework with two-stage
training, achieving both stable single-degradation perfor-
mance and adaptive multi-degradation fusion.

o A Cross-Prompt Attention Aggregation Module and
JointGate Module that align semantics across degrada-
tions to learn unified prompts.

o A Semantic-Guided Cross-Attention module that spatially
regulates fusion with text, improving controllability and
robustness.

o A multi-degradation dataset covering typical scenarios,
providing a benchmark for future research.

II. RELATED WORK

Image Fusion. Earlier visual-oriented fusion approaches
primarily concentrated on merging complementary informa-
tion from multiple modalities and improving visual fidelity.
These methods often depend on sophisticated network archi-
tectures and carefully designed loss functions to ensure that
the integrated content retains the essential characteristics of
the original images, preserving their unique features while
enhancing overall quality. The mainstream network architec-
tures primarily include CNNbased [4], [5]], AE-based [6], [7],
GAN-based [8]], Transformers [9] and diffusion models [10]].
Furthermore, several schemes including joint registration and
fusion [[11]], [12], semantic-driven [13[], [[14]], and degrada-
tionrobust [3] methods, are proposed to broaden the practical
applications of image fusion. For instance, Tang et al. [15]
and Liu et al. [16] developed corresponding solutions for
illumination distortions and noise interference, respectively.
In addition, Yi et al. [3] proposed a unified image restoration
and fusion network to address various degradations. However,
they are unable to handle mixed degradations and struggle to
generalize to real-world scenarios. In particular, Text-IF [3]]
relies on tedious manual efforts to customize text prompts for
each scene, hindering large-scale automated deployment.

Image Restoration with Vision-Language Models. With
the advancement of deep learning toward multimodal inte-
gration, the image restoration field has progressively evolved
into a new paradigm of text-driven schemes. CLIP [17]]
establishes visual-textual semantic representation alignment
through dual-stream Transformer encoders pre-trained on 400
million image-text pairs. This framework lays the founda-
tion for the widespread adoption of Prompt Engineering in
computer vision. Recent studies integrate CLIP encoders with
textual user instructions, proposing generalized restoration
frameworks, including PromptIR [[18]], AutoDIR [19], and
InstructIR [20]], which effectively handle diverse degradation
types. Moreover, SPIRE [21]] further introduces fine-grained

textual restoration cues by quantifying degradation severity
levels and supplementing semantic information for precise
restoration. To eliminate reliance on manual guidance, Luo
et al. [22] developed DA-CLIP by fine-tuning CLIP on mixed
degradation datasets, enabling degradation-aware embeddings
to facilitate distortion handling. However, existing unified
restoration methods are primarily designed for natural images,
which exhibit notable limitations when processing multimodal
image pairs (e.g., infrared-visible).

III. PROPOSED METHOD

A. Problem Analysis

Given two source images, an infrared image [;, € RHXWx1

and a visible image I,,; € RT*Wx3 4 typical fusion paradigm
employs a deep network N to integrate complementary
information and generate a fused image Iy, formulated as:

If :Nf([irvlvi)- (1)

In real-world scenarios, the source images are often degraded
by various factors, which severely deteriorate the quality of
fusion. Therefore, advanced fusion paradigms must simultane-
ously consider image restoration and information integration.
To address this challenge, we introduce textual prompts into
the fusion process, breaking the limitation of producing a
single fused result while enhancing robustness against degra-
dations. Specifically, we adopt a two-stage training strategy to
establish a unified text-guided degradation-aware framework.

In the first stage, we use infrared-visible image pairs with
single-type degradations, along with corresponding textual
prompts, to guide the model in learning basic degradation-
aware enhancement and fusion capabilities. This process can
be expressed as:

Iy = Npg(Liv, Lois Trear | ), 2)

where T;..: denotes the textual prompt for a specific degra-
dation, and €2 represents the set of degradation types.

In the second stage, when the model is exposed to images
suffering from multiple degradations, it receives multiple tex-
tual prompts and dynamically fuses them to adaptively align
semantic information across tasks, thereby achieving unified
cross-degradation modeling. This can be formulated as:

If = NTf (IiT7 Lyi, g(Tt(eI;tv Tt(e292tv cee ’T(N)) | Q)v 3

text

where G denotes the cross-task prompt alignment function.

B. Image Fusion Pipeline

Image Encoder. The encoder extracts multi-scale features
from degraded infrared (D;,) and visible (D,;) images us-
ing Transformer/Restormer-based blocks, which capture both
spatial and semantic information.

Cross-Fusion Layer. To integrate features across modal-
ities, we adopt cross-attention (CR-ATT). Each modality is
projected into ), K, and V.

{Q’i'm Ki'm ‘/H} = -7:2'{17«167’(Fi'r')7 {th K’uia ‘/UL} == Fgf“(pui)7 (4)
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Fig. 1. The overall framework of our unified text-guided degradation-aware image fusion framework.

where F;,. and F,; represent linear projection functions that
map F;,. and F; to their corresponding ), K, and V' represen-
tations. Next, the queries ) from one modality are swapped
to facilitate spatial interaction.

d

Fir = softmax (@A) Vi, Fyt = softmax (%44 Vir, (5)

where dj is the scaling factor. Finally, the cross-attended
features are concatenated and fused via a convolution.

Fy = Conv(Concat(F}", F}")). (6)

Semantic Interaction Fusion Decoder. The fused features
Fy are refined by spatial self-attention and further guided by
text semantics F}e,; through the Semantic Guidance Module
(SGM). The Transformer-based decoder D then reconstructs
the fused image. Both encoder and decoder operate at multiple
levels with downsampling and upsampling to capture rich
details.

C. Text-Guided Module

The text-guided module couples semantic information from
text with the fusion process, enhancing degradation-aware rep-
resentation. Text serves as a high-level degradation condition
to uniformly model both single and compound degradation
types, and enhances the model’s robustness and generalization
in complex degradation scenarios by modulating cross-modal
fusion features. Through the Cross-Prompt Attention Aggre-
gation Module (CPAM), degradation-specific texts explicitly
influence the feature modulation process via attention weights.

Textual Semantic Encoder. Given a text prompt Tic.:, We
map it into an embedding using the frozen CLIP text
encoder F,; to ensure semantic consistency:

Fteact = Et (Tteact)a (7)

where Fi.,; denotes the textual semantic feature. Prompts with
similar semantics yield embeddings that are close in Euclidean
space.

Cross-Prompt Attention Aggregation Module(CPAM).
To integrate multiple degradation prompts, we aggregate [N
sub-task prompts Fj;; € REXNXd into a unified prompt
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Fig. 2. The structure of Cross-Prompt Attention Aggregation Module(CPAM).

Funified € RE*4 via cross-attention. We use the unified

prompt as the query (Q) and the sub-task prompts as keys
(K) and values (V) for a multi-head attention layer. This
enables the unified prompt to selectively attend to the most
semantically relevant sub-task prompts, achieving effective
multi-prompt integration:

Q = Wunnified7 K= Wk:ﬂisty V= W"’F‘li‘gt’
KT 8
attn = Attentzon(@, Ka V) = SOftmaX(Q )V, ( )
Vidy

where attn denotes the output features of the cross-attention.
We then apply residual connections and normalization, fol-
lowed by a feed-forward network (FFN) and a linear mapping
layer to obtain the reference feature F.:

Frey = Linear(FFN (LN (Fynifieq + attn))). 9

Frer supervises Fypifieq during training, aligning multi-
degradation tasks and providing the basis for gating.

Semantic Guidance Module (SGM). Fi.,: extracted by
the CLIP text encoder is first mapped into the visual space
through an MLP ¢(-). Meanwhile, Fy from SSA is flattened
and projected to the same dimension. By treating Fj.,; as
query and F'y as key/value, cross-modal attention is applied.
This enables the text to selectively emphasize semantically
relevant regions in the visual feature space, thereby generating
enhanced features guided by textual semantics.

JointGate Module. To adaptively control the strength
of text-guided visual enhancement, we design a JointGate
Module. Based on F,;fieq and Fr.p, the module generates
a dynamic gating vector g € [0,1]5*? that matches the



dimension of the visual features. The process is formulated

as:
attn_score = softmax(Linear(concat(Fyunificd, Fref))), (10)

g = Sigmoid(Linear(attn_score ® concat(Fynified: Fref)))
g balances the contributions of text and visual features, en-
abling adaptive semantic control under different degradations.

D. Loss Function for Two-Stage Training

To ensure stability and adaptability across multiple degra-
dations, we adopt a two-stage training strategy with different
loss designs for each stage.

Stage 1: Single-Degradation Training. Using in-
frared—visible image pairs under a single type of degradation,
together with the corresponding textual prompts, the model
learns fundamental degradation-aware enhancement and fusion
capabilities. The Stage 1 loss Lysi0n combines four terms:

The intensity loss L;,; enhances overall brightness to
highlight salient targets:
1y — max(I7, I7)l,

i) vt

1
Lint = W' an

The structural similarity loss L,;,, preserves structural
consistency:

Losim =2 — (SSIM(I, IZ) + SSIM(I;, I%)).  (12)

The maximum gradient loss L,..q enforces the preser-
vation of critical edge information from both source images,
leading to sharper textures in the fused output:

(13)

)

1
£grad = WHVI]C - max(VIq ngl)Hh

The color consistency loss L., keeps color fidelity with
the visible image in YCbCr space:

1
Ecolor - WHJT_.CbCT(If) - FCbCr(Igi)”la (14)
The final Stage 1 loss is a weighted sum:
Efusion = Qnt (t) . »Cint + assim(t) . »Cssim (t)
+agrad(t) N Lgrad + acolor(t) ‘ ‘CCOZOTv

where «,(t) are task-dependent weights modulated by the
prompt ¢.

Stage 2: Multi-Degradation Alignment Training. For im-
ages with compound degradations, the reference feature F..y
is provided alongside the single-degradation prompts from
Stage 1. Through CPAM, semantic alignment and knowledge
sharing across degradation tasks are encouraged. To enforce
this, we introduce a cosine similarity alignment loss L, :

15)

Funified . Fref

£ali n=1-— y (16)
! | Funificallll Fregll
The total Stage 2 loss is then defined as:
L= ﬁi;ﬁ;{;iﬁ +a- Laign, (17)

where « is a balancing hyperparameter. £;; combines fusion
and semantic alignment, enabling robust recovery under di-
verse degradations.

IV. EXPERIMENT
A. Implementation and Dataset

Implementation. For training, images are cropped into
96 x 96 patches with a batch size of 16. Stage 1 runs for 100
epochs on single-degradation pairs, and Stage 2 for 80 epochs
on compound-degradation pairs, guided by corresponding tex-
tual prompts. We use AdamW with a learning rate of 1 x 1074,
and all experiments are conducted on a Tesla V100 GPU
using PyTorch. We use standardized degradation prompts. For
example, for low-light scenarios: ”This is the infrared—visible
image fusion task. Visible images have low-light degradation.”
We then employ GPT-5 to generate hundreds of semantically
consistent instructions for training, from which one is ran-
domly selected at each iteration. These prompts do not need
to precisely match the image content; semantic consistency is
sufficient.

Dataset. We construct a dataset that includes four types
of single degradations(low light(LL) and overexposure(OE) in
visible images, and low contrast(LC) and random noise(RN) in
infrared images) and four types of compound degradations(LC
+ LL, RN + LL, LC + OE, RN + OE). Our dataset is
constructed by synthesizing typical degradations on exist-
ing high-quality infrared—visible fusion datasets (LLVIP [23],
RoadScene [24], and M3FD [13]]), including visible low-light,
infrared noise, and infrared low-contrast conditions. We follow
the mainstream paradigm of degradation-aware restoration and
fusion datasets, as adopted in existing studies such as the EMS
dataset proposed in Text-IF [3]]. Visible low-light is simu-
lated using a local illumination transmission-based degradation
model. Infrared noise is generated by combining Gaussian,
Poisson, and stripe noise with controllable parameters. Infrared
low contrast is produced by compressing the effective dynamic
range of the original histogram. In total, we obtain 3,880
training pairs and 1,488 testing pairs, each containing both
clean and degraded infrared and visible images.

B. Fusion Performance Comparison

We compare our method with seven state-of-the-art (SOTA)
fusion models: SwinFusion [9], YDTR [25], EMMA [26],
Text-IF [3]], SeAFusion [|14], DCEvo [27]], and DAFusion [28]],
where Text-IF and DAFusion jointly perform degradation
restoration and fusion.

Without pre-enhancement. Table [I| reports results on stan-
dard fusion tasks. The consistently higher values of SSIM and
VIF demonstrate that our method achieves superior perceptual
fidelity. The higher values of EN and PSNR demonstrate that
our results contain richer details and less distortion, leading to
clearer and more reliable fused images.

With pre-enhancement. Figure illustrates perfor-
mance under both single degradations and compound degra-
dations. For fair comparison, baseline fusion models are
combined with advanced restoration networks—URetinex [29]
for low-light image enhancement, NAFNet [30] for denoising,
and AirNet [31] for contrast enhancement. Our method more
effectively suppresses infrared noise on human subjects. In
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Fig. 3. Comparison of our method and the combination of existing image restoration and fusion methods on degraded source images. Degradations from top
to bottom: RN, LL, LC + LL, and RN + LL. In RN and RN + LL degradation, our method more effectively suppresses infrared noise on human subjects. In
LL degradation, it achieves higher fidelity, with vehicles rendered in correct colors.

TABLE I
QUANTITATIVE COMPARISON RESULTS ON TYPICAL FUSION DATASETS.
THE BEST AND SECOND-BEST RESULTS ARE HIGHLIGHTED IN AND
PURPLE.

TNO RoadScene VIFB
EN SSIM PSNR VIF EN SSIM PSNR VIF EN SSIM PSNR VIF

SwinFusion 6.9 1.37 13.39 0.76 7.07 141 13.23 0.67 6.93 139 13.67 0.72
YDTR 642 139 1432 06 6.8 141 147 059 6.63 14 1494 0.58
EMMA 7.16 131 14.04 0.7 741 131 1378 0.66 7.15 138 1431 0.7
Text-IF  7.15 135 14.61 0.76 7.36 135 14.61 0.76 7.21 136 1398 0.8
SeAFusion 7.1 1.32 13.74 0.69 7.44 13 13.69 0.68 7.03 1.36 13.74 0.66
DCEvo 6.95 137 135 083 7.16 138 13.51 0.75 6.97 1.38 13.68 0.74
DAFusion 7.43 1.17 1231 0.72 7.49 131 1422 0.67 742 125 12.66 0.84
ours 73 139 14.62 0.78 748 147 147 0.78 727 143 14.07 0.87

Methods

TABLE I
QUANTITATIVE COMPARISON RESULTS IN DIFFERENT DEGRADED
SCENARIOS WITH PRE-ENHANCEMENT.

IR(RN) VI(LL) VI(LL) and IR(RN)  IVI(LL) and IR(LC)
EN PSNR CLIPIQA EN PSNR CLIPIQA EN PSNR CLIPIQA EN PSNR CLIPIQA

SwinFusion 6.94 14.21 0.177 696 1339 0.174 694 13.05 0.175 6.87 1428  0.175
YDTR 6.22 14.03  0.153 625 13.54 0.172 622 1291 0.154  6.04 1333  0.162
EMMA 7.04 1463 0.165 7.06 1382 0.177 7.04 13.74 0.16 7.01 1435  0.177
Text-IF  7.21 14.15  0.188  7.09 11.63 0.19 7.32 12.28 0.2 6.8 1456  0.183

SeAFusion 7.03 14.59  0.171 7.05 1373 0.182  7.03 13.64  0.173 7.0 1458  0.182
DCEvo 6.95 1423  0.185 6.99 1351 0.182  6.95 13.07 0.184 691 1438  0.184

DAFusion 7.33 1023  0.173 734 94 0.174 733 9.35 0.177 74 1034  0.185

ours 743 146 0.186 7.3 13.77 02 743 1399 0.197 741 1457 0.188

Methods

LL degradation, it achieves higher fidelity, with vehicles
rendered in correct colors. As shown in Table [[I, our method
demonstrates significant advantages in compound degradation
scenarios. Under the VI(LL)+IR(RN) condition, Ours achieves
the highest scores in both Information Entropy (EN, 7.43)
and Peak Signal-to-Noise Ratio (PSNR, 13.99), while also
attaining a competitive CLIPIQA score (0.197). This indicates
that our approach enhances the visual naturalness and semantic
consistency of the fused results while preserving rich detail
and structural fidelity.

C. Ablation Study

We design four ablation settings to assess the contribution
of each component: (I) w/o two-stage training (trained only
on compound degradations); (II) w/e JointGate Module; (III)
w/o Cross-Prompt Attention Module (CPAM), using only
uni fied_text in Stage 2; (IV) w/o Laiign.

The quantitative results reported in Table 4 demonstrate that
the complete model (Ours) outperforms all ablation variants
in both mixed degradation scenarios—visible low-light with
infrared random noise and visible low-light with infrared low-
contrast—on the metrics of Entropy (EN) and Peak Signal-to-
Noise Ratio (PSNR), confirming the necessity of the overall
architectural design. The most significant performance drop
occurs when removing the two-stage training strategy (Con-
fig I), notably reducing PSNR from 13.99 to 12.5 in the
VI(LL)+IR(RN) setting, which indicates the crucial role of
progressive learning in establishing a solid foundation before
tackling complex compound degradations. The absence of
the JointGate module (Config II) leads to a marked de-
cline, especially in the perception-aware CLIPIQA metric,
demonstrating its essential function in dynamically gating and
adaptively fusing cross-modal features to integrate critical
information from both modalities. While replacing the Cross-
Prompt Attention Module (CPAM) with a single unified text
prompt (Config III) yields better performance than Configs
I and II, it remains substantially lower than the full model,
highlighting the value of fine-grained, degradation-specific
feature modulation enabled by CPAM. Finally, removing the
text-image alignment lossLgg, (Config IV) results in the
second-best performance among ablated configurations, yet
a clear gap remains compared to the full model, suggesting
that Lgiign acts as a high-level regularizer that enhances
performance by enforcing semantic consistency between the
fused output and the textual condition.



TABLE III
QUANTITATIVE RESULTS OF THE ABLATION STUDIES.

VI(LL) and IR(RN) VI(LL) and IR(LC)

Configs pN PSNR CLIPIQA EN PSNR CLIPIQA
I 696 125 0.191 685 1345  0.18
II 685 1345 0181 681 1299  0.175
I 69 135 0186 698 13.6 0.182
IV 72 136 019 73 138  0.186
ours 7.43 1399 0.197 741 1457 0.188

V. CONCLUSION

We proposed a text-guided degradation-aware framework

for

infrared—visible image fusion. With Cross-Prompt At-

tention, a JointGate Module, and text-guided attention, our
method achieves adaptive and robust fusion under diverse
degradations. We further built a dataset covering multiple
types of degradation, which provides a valuable benchmark
and foundation for advancing academic research in multi-
degradation fusion and cross-modal learning. In future work,
we will extend this framework to broader degradation condi-
tions and cross-modal vision tasks.
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