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 Introduction & Motivation
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Goal: To synergize the complementary strengths of both modalities: integrating the rich
textural details of visible imagery with the salient thermal targets of infrared data.

Infrared Modality

8-14 µm

Thermal Radiation Imaging

 Highlights thermal targets 
(e.g., humans, vehicles)

• High noise levels, blurred 
details, and poor visual 
quality (lack of  texture)

Imaging Wavelenth

Imaging Principle

Advantages

Limitations

Examples

Visible Modality

380-780 nm

Reflection-based Imaging

 Clear texture and apperence

• Severe information loss under 
poor lighting conditions or in 
the presence of  camouflage
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Military Detection Urban Security

Autonomous Driving Intelligent Industry

DTG-18N Military Panoramic Night Vision Goggles PTV-R Intelligent Security Surveillance System

QuadSight Night Driving Assistance System UAV Multimodal Industrial Inspection Platform

BROAD APPLICATION 
SCOPE

Targeting complex 
environments, not 
just lab benchmarks

Safety

Reliability

24-Hour Availability 
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IlluminationWeatherSensor

High quality scenarios

Complex interference scenarios

Vulnerability of SOTA methods to degradation scenarios

(b) Infrared(a) Visible

(d) Ours(c) EMMA [CVPR 24’]

Fusion results in degradation scenarios
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(b) Infrared(a) Visible

(d) Ours(c) Text-IF [CVPR 24’]

Fusion results under composite degradationDegradation entanglement

Degradation entanglement causes failure in degradation-aware models 5
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Degree sensitivity analysis

(a) Noise Level (σ) (b) Blur Level (kernel size) (c) Haze Level (density)

(d) Visible (e) High-level prompt (f) Middle-level prompt (g) Low-level prompt

level =8 level =6level =7 level =5 level =3

Prompt: … merge infrared and visible images, handling grade #level low-light problem …

6Lack of  degree modeling leads to suboptimal results

w/o degree 
guidance

local optima
global optima

with degree 
guidance

Schematic diagram of gradient solution

starting point
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Existing restoration-fusion methods overlooking the domain gap between simulated
data and realistic images, which hampers their generalizability in practical scenarios

Existing methods are tailored for specific or single types of degradation, making
them ineffective in handling more complex composite degradations

Existing methods lack degradation level modeling, causing a sharp decline in
performance as degradation intensifies



Methodology — Physics-driven Degraded Imaging Model
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• Stripe Noise:

• Blur&Noise:

• Illumination Degradation:

• Weather Related Degradation: 

Physics Imaging Model

Physics-driven 
Degraded 

Imaging Model



9Overall framework of  our controllable image fusion network

Methodology — Overall Framework
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Methodology — Textual-Visual Prompts Alignment



modulation
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modulation

Feature Aggregation Feature Modulation

Methodology — Prompt-modulated Restoration and Fusion
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n

Loss Function of Stage I

n

Loss Function of Stage II

 Intensity Loss

 SSIM Loss

 Maximum Gradient Loss

 Color Loss

 MSE Loss  Cosine Similarity Loss

Methodology — Loss Function



 Experimental Analysis — Visualized Fusion Results on Challenging Scenarios
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Visible
(Deg.\ En.)

Infrared
(Deg.\ En.)

DDFM
(ICCV 23’)

LRRNet
(TPAMI 23’)

SegMiF
(ICCV 23’)

DRMF
(ACMMM 24’)

EMMA
(CVPR 24’)

Text-IF
(CVPR 24’)

Text-DiFuse
(Neurips 24’)

ControlFusion
(Ours)

Fusion results on real world challenging scenarios



 Experimental Analysis — Visualized Fusion Results on Challenging Scenarios

14

n

Fusion results on real world challenging scenarios



 Experimental Analysis — Generalization Results on Actual Captured Images
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n

Generalization results on the actual captured images



 Experimental Analysis — Quantitative Results on Single Degradation
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Four Challenging Degradation 

Scenarios

 VI (Blur): Motion or focus blur.

 VI (Rain): Weather interference.

 VI (Low Light): Poor illumination      
1111conditions.

VI (Over-exposure): High dynamic    
1111range issues.

Conclusion: Our ControlFusion 

achieves State-of-the-Art  

performance on almost all metrics, 

proving superior robustness.



 Experimental Analysis — Quantitative Results on Compound Degradations
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Compound Degradation Scenarios

 OE + LC: Visible Over-exposure 
mixed with IR Low-contrast issues.

 LN: Extreme Low-light conditions 
corrupted by Heavy Noise.

 RH + RN: Rain/Haze and Noise 
interference affecting both sensors.

 LL + SN: Visible Low-light coupled 
with IR Stripe Noise.
Observation: Even with dual-sensor

impairments, our ControlFusion

maintains superior stability and

quality.



 Experimental Analysis — Fusion Results with Various Level Prompts
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Prompt Template: “ … merge infrared and visible images, handling grade #level low-light/over exposure problem … ”

Dynamic Adaptation

Handles wide spectrum 

(low-light to over-exposure)

Prompt-Driven Control

Adjust strength via specific 

prompt levels (level=7/8/9)

Superior Robustness 

high-quality fusion in 

compromised environments 
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Comparison of models trained with varying degradation 
levels in real-world datasets

Prompt Density Scaling

Validating extensibility by increasing
degradation prompt density from 2 levels
to 4 levels during training.

 Performance Trend 

As the diversity of prompt levels increases,
the model consistently achieves higher
scores across all evaluation metrics.

Observation: Capitalizing on richer 

supervision, the framework 

demonstrates favorable scaling 

properties, driven by higher prompt 

diversity.



 Experimental Analysis — Quantitative Results on Practical Scenarios 
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Evaluated on 4 standard datasets to 

ensure diverse coverage of real-world 

conditions

 MSRS & RoadScene: Complex urban 
and road environments

 LLVIP: Challenging low-light surveillance 
scenarios

 FMB: Comprehensive multi-scenario 
benchmark

Dominating Performance: ControlFusion 

consistently dominates across all 

datasets, validating its reliability for 

practical deployment



 Experimental Analysis — Object Detection 
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Visualization results of target detection on the LLVIP dataset

21
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 Experimental Analysis — Object Detection 
 Dual-Purpose Perception: High-quality 

fusion must serve both human visual preference 
and machine perception (downstream tasks)

 Information Aggregation: Effectively 
preserves thermal targets (from IR) and texture 
details (from Visible) to aid detection

 Significant Boosting: Achieves the 
highest Precision and mAP, validating the 
model's effectiveness in semantic understanding

Core Value: ControlFusion successfully 

bridges the gap between pixel-level 

fusion and high-level semantic tasks

Quantitative comparison of object detection on 
the LLVIP dataset
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n

Visual results of ablation studies under degradation scenarios
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 Experimental Analysis — Ablation Studies
 Purpose: Compare full model against five component variants to verify individual effectiveness

 Ablation Variants (Configs I-V):

 Config I: w/o Color Loss
 Config II: w/o Gradient Loss
 Config III: w/o Intensity Loss

 Config IV: w/o PMM (Prompt Modulation Module)

 Config V: w/o Frequency Branch



n

Physics-Driven 
Model

• Integrates Retinex theory and 
atmospheric scattering principles

• Bridges the gap between synthetic

data and real-world images

• Specifically models the degradation 
of infrared-visible dual 

modalities

 Conclusion & Future Work
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n

• Propose ControlFusion, a 
unified framework using prompts 
as a medium

• Uniformly models diverse 
degradation types and degrees

• Controllability: Responds 
precisely to user-specific 
customization needs.

Controllabe

Framework

n

• Devised a novel visual adapter to 
integrate frequency characteristics

• Directly extracts text-aligned 
degradation prompts from input 
images

• Enables automated deployment 

without manual intervention

Automated 
Deployment
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ControlFusion: A Controllable Image 
Fusion Network with Language-Vision 
Degradation Prompts

This work was supported by National Natural Science Foundation of China (No. 62276192).

Thank You for Watching!

View on Github: https://github.com/Linfeng-Tang/ControlFusion 
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