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Abstract

Current image fusion methods struggle to adapt to real-world
environments encompassing diverse degradations with spa-
tially varying characteristics. To address this challenge, we
propose a robust fusion controller (RFC) capable of achiev-
ing degradation-aware image fusion through fine-grained lan-
guage instructions, ensuring its reliable application in adverse
environments. Specifically, RFC first parses language instruc-
tions to innovatively derive the functional condition and the
spatial condition, where the former specifies the degradation
type to remove, while the latter defines its spatial coverage.
Then, a composite control priori is generated through a multi-
condition coupling network, achieving a seamless transition
from abstract language instructions to latent control variables.
Subsequently, we design a hybrid attention-based fusion net-
work to aggregate multi-modal information, in which the ob-
tained composite control priori is deeply embedded to lin-
early modulate the intermediate fused features. To ensure
the alignment between language instructions and control out-
comes, we introduce a novel language-feature alignment loss,
which constrains the consistency between feature-level gains
and the composite control priori. Extensive experiments on
publicly available datasets demonstrate that our RFC is ro-
bust against various composite degradations, particularly in
highly challenging flare scenarios.

Code — https://github.com/HaoZhang1018/RFC

Introduction
Due to the limitation of the imaging principle, single-modal
images can only capture partial scene attributes, failing to
support comprehensive perception. In this context, image
fusion technology emerges (Singh et al. 2023; Huang et al.
2024; Liu et al. 2024a,c), aiming to integrate complementary
information from multi-modal images to provide a compre-
hensive representation of the imaging scene. Thanks to this
excellent representational capability, image fusion has be-
come a core component of numerous intelligent perception
applications, effectively enhancing the accuracy of military
reconnaissance (Muller and Narayanan 2009), autonomous
driving (Yadav et al. 2020), etc.
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Figure 1: Comparisons between our RFC and existing fusion
methods in the degraded scenario.

From the task definition, the application scenarios of im-
age fusion typically involve environments where a single
sensor is ineffective due to poor conditions. In the real world,
such environments typically exhibit two key characteristics.
On the one hand, degradations are pervasive (e.g., overexpo-
sure, low-light, noise, haze, blur, and flare), with their types
being diverse and severely compounded. On the other hand,
these degradations exhibit spatially varying characteristics,
potentially occurring both globally and locally. For instance,
noise often appears in low-illumination regions, while flares
typically accompany light sources. Therefore, equipping fu-
sion models with the ability to overcome spatial-varying
composite degradations is crucial for ensuring their reliable
application in the real world.
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Unfortunately, existing fusion methods struggle to meet
this requirement, fundamentally hindering the practical ap-
plication of image fusion technology. More concretely,
mainstream fusion methods (Li and Wu 2018; Zhang and
Demiris 2023; Ma et al. 2019; Tang, Yuan, and Ma 2022;
Liu et al. 2024d) that focus solely on enhancing informa-
tion aggregation capabilities essentially do not eliminate
degradations. Instead, the persistent presence of degrada-
tions leads to the erroneous discarding of valuable infor-
mation, rendering image fusion more akin to a problem of
“information compression”. Differently, some of the latest
methods (Zhang et al. 2024a; Chen et al. 2024; Zou and
Yang 2023; Zhang et al. 2024c; Tang et al. 2023) coop-
erate to achieve degradation removal and information fu-
sion, enabling the restoration of more information from low-
quality source images. This perspective tends to turn image
fusion into a problem of “information mining”. However,
these methods can only handle a single type of degradation
and are ineffective against composite degradations, let alone
those with spatial variability.

To address these challenges, we propose a robust fu-
sion controller, termed RFC. It derives a degradation-aware
image fusion framework with fine-grained language in-
structions, enabling adaptability to harsh environments with
spatial-varying composite degradations. Firstly, RFC parses
language instructions to obtain two complementary control
conditions. 1) Functional condition: enables the specifi-
cation of the degradation type to be removed, supporting
both single-type degradation removal and unified removal
of composite degradations. 2) Spatial condition: defines the
regions to be enhanced, supporting both local and global
enhancement. Secondly, functional and spatial conditions
are processed through a multi-condition coupling network,
to generate composite control priori. This process trans-
lates abstract language instructions into latent control vari-
ables, providing a high-quality interactive medium for dy-
namically modulating the fusion process. Thirdly, the com-
posite control priori is embedded into a hybrid attention-
based fusion network through the linear feature modulation
strategy (Perez et al. 2018). While aggregating multi-modal
information, it can precisely perceive and remove spatial-
varying composite degradations. Finally, a novel language-
feature alignment loss is introduced. By constraining the
consistency between feature-level gains and the composite
control priori, it can ensure that the controlled output aligns
with the expectations of the language instructions. As pre-
sented in Fig. 1, our RFC significantly outperforms state-of-
the-art methods in terms of harsh scenario characterization,
particularly in challenging flare environments.

In summary, we make the following contributions:

• We propose a robust fusion controller, forming a
degradation-aware image fusion framework with fine-
grained language instructions. To our knowledge, this is
the first attempt in the field of image fusion to elimi-
nate spatial-varying composite degradations, enhancing
the robustness of fusion models in harsh environments.

• We design a novel generative mechanism for composite
control priori, which can translate abstract language in-

structions into latent control variables. This enables us
to establish an open-ended paradigm for image fusion,
facilitating fine-grained functional control over arbitrary
regions in accordance with user-defined instructions.

• A language-feature alignment loss is introduced, which
drives feature gains to maintain potential consistency
with composite control priori, strongly ensuring the mod-
ulation rationality of our RFC.

Methodology
Our RFC leverages language instructions to guide fusion,
ensuring high-quality multi-modal aggregation while accu-
rately removing spatial-varying composite degradations. We
first parse instructions into functional and spatial conditions,
defining the desired operation and target regions. These are
then coupled into a composite control priori, modulating hy-
brid attention fusion modules to achieve the desired results.
The overall framework is shown in Fig. 2.

Language Instruction Parsing
Given the input language instruction ζ, which expresses a
composite requirement. First, we split ζ to obtain language
fragments ζf that describe the functions (e.g., remove noise)
and language fragments ζs that specify the spatial regions.
Their semantic content differs significantly, so we intro-
duce two strategies to parse them separately. Specifically, ζf
essentially represents a requirement for visual appearance,
so we leverage the visual-text alignment capability of the
CLIP (Radford et al. 2021) model to parse it:

α = ET (ζf ), (1)

where ET is the text encoder from the pretrained CLIP, α
indicates the obtained functional condition.

In contrast, ζs is more related to spatial localization,
which cannot be handled by CLIP due to a lack of fine-
grained parsing capability. Thus, we use a powerful spa-
tial parsing model, CLIPSeg (Lüddecke and Ecker 2022),
for analyzing language fragments ζs, to locate specific im-
age regions based on language instructions: {Svis, Sir} =
CSeg({Ivis, Iir}|ζs), where CSeg indicates the function
of the pertained CLIPSeg, {Ivis, Iir} denotes the visible
and infrared image pairs, and {Svis, Sir} represent the
output spatial response maps. Considering that CLIPSeg
is trained only on the visible modality, the location con-
fidence on multi-modal data may be reduced. Thus, we
fine-tune the CLIPSeg by unfreezing the parameters in
the last convolutional layers Φc of its decoder. The fine-
tuned spatial response maps are generated by {S′

vis, S
′

ir} =
CSegΦ′

c
({Ivis, Iir}|ζs), where CSegΦ′

c
is the fine-tuned

CLIPSeg. To combine the cross-modal priori knowledge be-
fore and after fine-tuning, we perform spatial response mix-
ing, obtaining a comprehensive spatial condition β:

β = Svis ⊕ Sir ⊕ S
′

vis ⊕ S
′

ir, (2)

where ⊕ is the concatenation operation. Now, through pars-
ing the input language instruction, we obtain the functional
condition α and the spatial condition β.
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Figure 2: The overall framework of our proposed RFC.

Composite Control Priori Generation
Effective control of the fusion process necessitates a variable
that captures both functional and spatial conditions. Inspired
by FiLM (Perez et al. 2018), we design multi-condition cou-
pling (MCC) modules to combine α and β following the idea
of feature-wise affine transformation, as shown in Fig. 3.

We first use two 1D convolution layers to generate func-
tional affine variables: {αi

w, α
i
b} = Proji1D(α), where αi

w

indicates the functional weight, αi
b denotes the functional

bias, and i is the index of the multi-condition coupling mod-
ule. Then, we perform an affine transformation (AT) for a
functional compound and combine it with the spatial condi-
tion: AT(·|αi

w, α
i
b) ⊕ β. Such an operation ensures that the

functional and spatial conditions are fully coupled, serving
as the core component of the MCC module. The function of
the MCC module can be represented as:

F i
out = MCC(F i−1

out ,AT(·|αi
w, α

i
b)⊕ β), (3)

where F i−1
out is the composite control priori output from the

i − 1-th MCC module, and when i = 1, F i−1
out = β. To-

tally, 3 MCC modules are used, and the output F 3
out of the

last module is regarded as the composite control priori γ. It
then undergoes 2D convolution to produce final hybrid affine
variables {γkw, γkb } = Projk2D(γ), which can be considered
to fully integrate both functional and spatial conditions.

Controllable Information Fusion
Next, the task at hand is to enable high-quality multi-modal
feature fusion and seamlessly embed the generated compos-

C
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𝛼௪௜ 𝛼௕௜
c

C
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Leaky

𝛽

Figure 3: The structure of multi-condition coupling module.

ite control priori into the fusion process. We develop hy-
brid attention fusion (HAF) modules based on CBAM (Woo
et al. 2018) to achieve this goal, as illustrated in Fig. 4.
First, we employ the channel attention mechanism to blend
infrared and visible features. Formally, we use pooling op-
erations to squeeze the input feature F , obtaining the max-
imum and average responses along the spatial dimensions,
respectively. These responses are processed by a multi-layer
perceptron (MLP), combined through summation, and sub-
jected to a nonlinear activation to produce the final attention
map, which is used to enhance the aggregated feature F .
This process can be represented as:

F k
c = σ(κ(PM (F k−1)) + κ(PA(F k−1)))⊗ F k−1, (4)

where F k−1 is the feature output from the k − 1-th HAF
module, and when k = 1, F k−1 = Fir ⊕ Fvis. PM and
PA denote the maximum and average pooling, κ indicates
the MLP function, and σ indicates the Sigmoid function.
Building on it, the spatial attention mechanism is utilized
to reinforce the spatial representation of fused features F k

c .
Concretely, pooling operations are applied to F k

c to extract
the maximum and average responses in the channel dimen-
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Figure 4: The structure of hybrid attention fusion module.

sion, which are subsequently concatenated, projected, and
activated to produce the spatial attention map. The spatial
attention-based reinforcement process can be defined as:

F k
c,s = σ(κ(PA(F k

c )⊕ PM (F k
c )))⊗ F k

c , (5)

where F k
c,s is the fused feature that has been attention-

enhanced across both the spatial and channel dimensions.
For embedding the composite control priori, we still follow
the idea of feature-wise affine transformation. Specifically,
we use the affine variables {γkw, γkb } to process F k

c,s:

F k
control = AT(F k

c,s|γkw, γkb ) + F k−1. (6)

Finally, an UNet-like (Ronneberger, Fischer, and
Brox 2015) decoder DU with skip connections
is employed to reconstruct the fused image:
If = DU (F 1

control, F
2
control, F

3
control, F

4
control).

Optimization Regularization
The above designs offer the architectural support for ro-
bust image fusion with fine-grained language instructions.
To ensure their effective operation, we formulate optimiza-
tion regularization, comprising a degradation-aware recon-
struction loss and a language-feature alignment loss.
Degradation-Aware Reconstruction Loss. This regulariza-
tion term aims to drive the targeted removal of degrada-
tions, enhancing perceptual fidelity. The data used to con-
struct this loss is multi-modal clean-degraded image pairs
{Ivis, Iir, I

′

vis, I
′

ir}, where Ivis and Iir are degraded im-
ages, and I

′

vis and I
′

ir are corresponding clean ones.
Based on the input language instruction ζ, we identify

two conditions: the degradation type Ω (e.g, low-light, flare,
haze, noise, blur, and their composites) and the target region
Λ (can be either a local region or the entire image). Firstly,
according to Ω, we retrieve {IΩ

vis, I
Ω
ir} that includes this spe-

cific degradation (or a compound of multiple types of degra-
dation) from the dataset. Secondly, in conjunction with Λ,
we simulate pseudo multi-modal references:

{Îvis, Îir} = {IΩ
vis, I

Ω
ir}Λ + {I

′

vis, I
′

ir}Λ, (7)

where Λ indicate regions that are not specified by language
instruction ζ. With the pseudo multi-modal references in
place, we construct the degradation-aware reconstruction
loss to constrain the final fused image If from three aspects:
contrast, structure, and color: Lrec = Lcon + Lstr + Lcor.
The corresponding loss terms are defined as:

Lcon=
∑

α{Λ,Λ}‖I
y
f−max({Îyvis,Îir})‖{Λ,Λ}, (8)
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Figure 5: Schematic diagram of the alignment mechanism
between feature-level gains and language instructions.

Lstr=
∑

α{Λ,Λ}‖∇I
y
f−max({∇Îyvis,∇Îir})‖{Λ,Λ}, (9)

Lcor =
∑

α{Λ,Λ}‖I
cbcr
f − Îcbcrvis ‖{Λ,Λ}, (10)

where superscripts y and cbcr denote the illumination
and chrominance channels, respectively. We use dynamic
weights α{Λ,Λ} to distinctively handle the distance calcula-
tions for the language-specified region Λ and other regions
Λ. The dynamic weights are defined as αΛ = Υ(If )/Υ(Λ),
in which Υ is an operator that calculates the number of pix-
els in specific regions. Such a mechanism can prevent the
limitation of the target region from being overlooked during
the optimization process when its size is too small.
Language-Feature Alignment Loss. Through the above
loss, the dynamic responsiveness of the final fused image
to language instructions can be effectively driven. However,
the internal fusion process still lacks constraints, which po-
tentially compromises the fusion model’s sensitivity to lan-
guage instructions. Thus, we introduce a novel language-
feature alignment loss, primarily ensuring that the feature-
level gains introduced by HAF modules remain consistent
with the composite control priori. As shown in Fig. 5, we
calculate the residual between the input of the first HAF
module and the output of the final HAF module, represent-
ing the feature-level gains by the composite control priori:
∆F = F 0

control − F 4
control = Fir ⊕ Fvis − F 4

control. Then,
the language-feature alignment loss is defined as:

Lali = 1− 〈τ(γ), τ(∆F )〉
|τ(γ)| × |τ(∆F |)

, (11)
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Figure 6: Demonstrating global and local degradation-aware fusion ability of our RFC.

where τ is the flattening operator, and 〈·〉 is the vector dot
product. This loss effectively ensures the rationality of the
intermediate fusion processes under language instructions.

Experiments
Experimental Configurations
Datasets. We construct the required training and testing
dataset based on MFNet (Ha et al. 2017), LLVIP (Jia et al.
2021), M3FD (Liu et al. 2022), FMB (Liu et al. 2023), and
RoadScene (Xu et al. 2020) datasets. Specifically, we extend
these existing datasets with simulated degradations (e.g, low
light, flare, haze, noise, blur, and their composites). Our
training set includes 14, 654 image-text pairs with annota-
tions specifying degradation types and regions. Testing em-
ploys 700 multi-modal image pairs.
Implementation. We use the AdamW optimizer with an ini-
tial learning rate 2e−4 to update the parameters of all net-
work modules. Meanwhile, the multi-scale training strategy
is adopted to enhance our RFC’s generalization performance
across images of varying scales. All experiments are con-
ducted on four NVIDIA Tesla P100 GPUs with 16 GB mem-
ory and one Intel(R) Xeon(R) Gold 5117 CPU.

Robust Fusion Controller Validation
First, we demonstrate our method’s capability as a robust fu-
sion controller that effectively removes degradation artifacts
during the fusion process, both globally and locally.
Global Degradation-Aware Fusion. As shown in Fig. 6
(a), our RFC achieves global degradation removal under dif-
ferent language instructions. For instance, instructions like
“reduce the noise” selectively suppress noise while preserv-
ing other characteristics, whereas “enhance the visibility”
eliminates composite degradations, producing a completely
clean output. This highlights RFC’s capability to interpret
language instructions for targeted enhancement precisely.
Local Degradation-Aware Fusion. Our RFC also supports
local degradation removal, addressing practical needs such
as enhancing key objects (e.g., cars, pedestrians). As shown
in Fig. 6 (b), when an instruction specifies both the degra-
dation type and target region, RFC selectively restores the
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Figure 7: The flare removal function of our RFC.

designated areas while maintaining contextual consistency.
Flare Removal. In nighttime driving scenarios, lens flare
degrades image quality, impairing visibility. As a highlight,
our RFC mitigates flare artifacts through language-driven
modulation in Fig. 7, leveraging infrared cues to compensate
for overexposed regions. This results in robustness improve-
ments to produce perceptually superior fused results.

Comparison Under Composite Degradations
We first compared RFC with nine SOTA methods under
composite-degradation scenarios, including MRFS (Zhang
et al. 2024b), CDDFuse (Zhao et al. 2023a), DDFM (Zhao
et al. 2023b), CAF (Liu et al. 2024b), SHIP (Zheng et al.
2024a), FISCNet (Zheng et al. 2024b), ReFusion (Bai et al.
2024), SDCFusion (Liu et al. 2024e), and Text-IF (Yi et al.
2024). For methods without degradation removal capabil-
ities, we use an all-in-one enhancement method, Instruc-
tIR (Conde, Geigle, and Timofte 2024) for pre-processing.
For Text-IF, we inform it of all the types of degradation
present in the source images through textual input. Our RFC
is tested with the default instruction: “enhance the visibility
of the image”. Visual results in Fig. 8 highlight RFC’s ad-
vantages in handling composite degradations. For example,
the competitors all fail to handle the noise that is introduced
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Figure 8: Qualitative results under composite degradations.

VIS CAF CDDFuse DDFM FISCNetIR

MRFS SHIP Ours (“enhance 
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ReFusionSDCFusionText-IF

Figure 9: Qualitative results under no degradation. The high-
lighted area at the bottom represents the residual maps be-
tween fused results and the source visible image.

Degradation DDF. SHI. CDD. MRF. CAF ReF. FIS. SDC. Tex. Ours
Qabf 0.25 0.41 0.39 0.24 0.32 0.43 0.43 0.43 0.38 0.45
SSIM 0.27 0.27 0.29 0.25 0.28 0.29 0.27 0.28 0.23 0.32

MI 2.29 2.53 2.73 2.47 2.34 2.62 2.40 2.38 2.22 2.79
VIF 0.44 0.45 0.48 0.42 0.44 0.49 0.46 0.49 0.39 0.50
SCD 1.35 1.06 1.27 1.16 1.25 1.26 1.04 1.24 1.04 1.28

Table 1: Quantitative results under composite degradations.

No-Degra. DDF. SHI. CDD. MRF. CAF ReF. FIS. SDC. Tex. Ours
SD 37.18 46.54 49.16 46.83 39.65 48.19 48.63 47.04 50.89 49.90
AG 4.40 7.37 6.96 5.16 6.23 7.30 7.79 7.32 7.62 9.78
EN 6.99 7.24 7.28 7.24 7.03 7.30 7.31 7.29 7.35 7.36
SF 12.48 21.28 20.71 14.66 21.65 21.27 22.26 21.07 22.14 26.62

Table 2: Quantitative results under no degradation.

when enhancing illumination. In contrast, our RFC effec-
tively removes composite degradations, while preserving the
saliency of the pedestrian and the fine details in the back-
ground. Furthermore, we use five full-reference metrics to
compute the correlation between the fused result and source
images, as shown in Table 1. Our RFC outperforms other
methods on most metrics, showing its ability to retain key
scene information.

Comparison Under No Degradation
Beyond removing degradations, our RFC can further gen-
erate additional textures in degradation-free environments
with the instruction “enhance the details of the image”. As
shown in Fig. 9, the residual maps between fused results and
the source visible image reveal that RFC retains more high-
frequency information in areas like trees and grass, while
preserving richer thermal radiation in the human region.
Since RFC achieves information generation beyond source
images in degradation-free scenarios, full-reference metrics
in Table 1 are no longer applicable. Instead, we employ four
no-reference metrics for objective evaluation. In Table 2, our
method achieves the best scores on most metrics.

Vis. Ins. + CAF Ins. + CDD. Ins. + DDF. Ins. + FIS.Inf.

Ins. + MRF. Ins. + SHI. Ours (“enhance 
visibility...”)

Ins. + ReF.Ins. + SDC.Tex.

Figure 10: Qualitative results of generalization experiment.
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Figure 11: Ablation on language-feature alignment loss.
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Figure 12: Ablation on functional and spatial conditions.

General. DDF. SHI. CDD. MRF. CAF ReF. FIS. SDC. Tex. Ours
Qabf 0.30 0.48 0.47 0.42 0.24 0.48 0.49 0.49 0.52 0.54
SSIM 0.26 0.22 0.22 0.30 0.19 0.24 0.23 0.26 0.26 0.31

MI 2.39 2.60 2.77 2.98 1.97 2.76 2.68 2.62 2.68 2.44
VIF 0.35 0.33 0.33 0.39 0.21 0.34 0.34 0.35 0.38 0.40
SCD 1.34 1.09 1.13 1.45 1.02 1.14 1.12 1.25 1.19 1.39

Table 3: Quantitative results of generalization experiment.

Generalization Experiment
Besides, we conduct generalization experiments on the
M3SVD dataset (Tang et al. 2025), which contains real-
captured degraded data using the MAG64AI camera. As
shown in Fig. 10 and Table 3, RFC outperforms others in
both visual quality and objective scores, demonstrating its
strong generalization ability across diverse fusion scenarios.

Ablation Studies
Language-Feature Alignment Loss. Lali is directly re-
moved for verifying its role. As shown in Fig. 11, removing
Lali hinders full alignment with language instructions, leav-
ing artifacts due to incomplete degradation removal. This
can be attributed to the facilitating effect of Lali on the re-
construction loss Lrec. Specifically, Lali aligns internal fea-
ture changes with the instruction, while Lrec enforces pixel-
level consistency with the instruction-specified appearance.
With the shared goal of ensuring the output faithfully fol-
lows the instruction, Lali can help Lrec achieve better op-
timization, as shown in Fig. 11. The quantitative results in
Table 4 also demonstrate the importance of Lali.
Functional and Spatial Conditions. We remove functional
condition α and spatial condition β from the FiLM-inspired
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Figure 13: Ablation on fine-tuning CLIPSeg.
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Figure 14: Qualitative object detection verification.
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Figure 15: Qualitative semantic segmentation verification.

MCC module, respectively. As shown in Fig. 12. When re-
moving α, RFC loses the ability to perform the specified
degradation removal function. When removing β, RFC can-
not specify regions for target processing. In contrast, RFC
responds correctly only when both α and β are present. At
this time, RFC is capable of accurately localizing the spec-
ified spatial regions while achieving the desired function of
degradation removal.
Fine-Tuning CLIPSeg. Fine-tuning is applied to the de-
coder’s last convolutional layers in CLIPSeg to adapt to
multi-modal data, thereby improving both local localization
and global perception. As shown in Fig. 13, fine-tuning en-
ables image-wide responses and effective removal of global
degradations, which are not present before fine-tuning. Ad-
ditionally, the quantitative results in Table 4 show that re-
moving fine-tuning leads to a decline in fusion performance.
The Number of Modules. In this work, we use three MCC
modules to generate variables that capture both functional
and spatial conditions, and use four HAF modules to em-
bed the composite control priori into the fusion process. To
verify the rationality of this configuration, we conduct an ab-
lation study on the number of modules. As shown in Table 4,
we evaluate the performance under different settings, using
2, 3, and 4 MCC modules and 3, 4, and 5 HAF modules, re-
spectively. Our method achieves the best fusion performance
with the configuration of 3 MCC & 4 HAF modules.

Semantic Verification on High-Level Tasks
Object Detection. We implement object detection on the
LLVIP dataset with YOLO-v5, in which the detector is re-
trained on the results of these fusion methods and the source

Ablation SSIM MI VIF SCD Qabf
w/o Lali 0.324 2.815 0.484 1.242 0.465

w/o Fine-tuning 0.321 2.817 0.479 1.226 0.460
2 MCC & 4 HAF 0.320 2.749 0.476 1.220 0.431
4 MCC & 4 HAF 0.323 2.687 0.474 1.172 0.439
3 HAF & 3 MCC 0.319 2.725 0.481 1.197 0.440
5 HAF & 3 MCC 0.324 2.732 0.487 1.193 0.435

Full Model (3 MCC & 4 HAF ) 0.325 2.867 0.485 1.242 0.469

Table 4: Quantitative results of ablation studies.

LLVIP Precision Recall mAP@0.6 mAP@0.85 mAP@(0.5:0.95)
VIS 79.0 62.5 65.4 50.6 53.5
IR 90.2 78.1 71.2 51.0 54.7

DDFM 95.6 85.8 85.4 61.7 71.1
SHIP 93.0 87.1 72.2 55.8 61.5

CDDFuse 93.9 89.0 80.6 52.8 65.5
MRFS 94.1 82.8 83.3 60.7 74.4
CAF 94.7 86.2 79.2 57.7 65.9

ReFusion 96.0 91.0 77.8 55.0 60.7
FISCNet 93.6 89.0 72.2 52.4 56.8

SDCFusion 93.2 88.6 72.2 53.5 56.4
Text-IF 96.0 90.9 79.5 58.3 64.8

Ours 96.7 90.2 87.5 61.5 75.3

Table 5: Quantitative object detection verification.

FMB DDF. SHI. CDD. MRF. CAF ReF. FIS. SDC. Tex. Ours
Vegetation 42.12 48.67 49.28 73.16 40.83 50.32 50.89 49.76 43.64 75.18
Building 56.81 62.01 60.18 78.7 55.42 62.4 60.73 59.27 53.24 81.38
Person 50.25 48.67 42.69 52.45 41.03 42.77 31.7 33.02 34.37 49.86

Car 70.63 75.07 72.61 77.66 70.21 74.66 73.91 72.59 70.71 77.59
Sky 54.39 67.34 69.28 90.5 50.3 69.94 72.3 71.13 58.19 89.6

mIoU 52.15 56.37 56.61 67.54 50.64 57.79 57.24 57.65 51.79 67.01

Table 6: Quantitative semantic segmentation verification.

images. As shown in Fig. 14 and Table 5, our RFC surpasses
all competitors in detection accuracy, demonstrating its abil-
ity to improve high-level semantic tasks. Notably, detection
performance based on the fused images outperforms those
based on the source images, highlighting the value of the
image fusion technology.
Semantic Segmentation. We retrain SegFormer (Xie et al.
2021) on the FMB dataset and apply it to the fused results
of each method. As shown in Fig. 15 and Table 6, RFC
achieves superior segmentation performance across multi-
ple categories, with results second only to MRFS. This is
because MRFS is a specific method designed for the collab-
oration of image fusion and semantic segmentation.

Conclusion
This study proposes a robust fusion controller, termed RFC.
It can achieve degradation-aware image fusion with fine-
grained language instructions, improving the fusion model’s
robustness in harsh environments with spatial-varying com-
posite degradations. RFC parses language instructions into
functional and spatial conditions, and couples them to obtain
the composite control priori. With the continuous modula-
tion of this priori on the fusion process, combined with the
guidance of the language-feature alignment loss, RFC can
eliminate composite degradations according to language in-
structions. Extensive experiments demonstrate RFC’s supe-
riority in both perceptual performance and semantic quality.
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