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◼ Introduction

Visible (noisy) Infrared (noisy)

➢ Image Fusion:

It aims to merge the complementary information of source images and generate a single informative fused

image with better scene representation.

➢ Background:

In real-world scenarios, challenging environments and the inherent constraints of cost-effective multi-modal

devices often degrade image quality with significant noise, posing a critical challenge for noise-robust, high-quality

image fusion.
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◼ Motivation

➢ Separate Denoising and Fusion:

Most methods are tailored for standard scenarios and ineffective at suppressing noise. Independent denoising-then-fusion approach:

 Single-source denoising ignores cross-modal complementary information, propagating residual noise or artifacts.

 Disjoint framework is computationally redundant.

Independent Two-Stage Approach 

Visible

(noisy)

Infrared

(noisy)
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Image

Denoising Fused Image

 Limited interaction  Accumulated errors  Computational Redundancy

➢ Supervised Degradation-aware Fusion Methods:

Existing degradations-aware fusion methods learn fixed mappings from noisy-clean source image pairs:

 Supervised approach restricts the denoising efficacy and generalization.

Supervised Approach 

 Limited efficacy and generalization

Learned Fixed Mapping

Unseen Mapping
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◼ Contributions

➢ An unsupervised noisy visible and infrared image fusion method:

Without the supervision of clean data, it can still realize denoising and fusion simultaneously with fewer

parameters, and is robust against various and variable noise conditions.

➢ A convolutional low-rank optimization module:

As clean data exhibits convolutional low-rankness, we introduce the convolution nuclear norm minimization

to decompose clean data from noisy inputs, providing optimization guidance for the network during training.

➢ A joint denoising and fusion network:

It consists of intra-modal recovery and inter-modal recovery and fusion. It leverages self- and cross-modal

attention to approximate guidance. A convolution matrix-based regularization loss further suppresses noise.
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◼ Method

➢ Problem Formulation

A pair of observed noisy visible and infrared images 𝐕,𝐑  can be decomposed as:

convolutional

low-rankness

clean data noise

small-scale perturbations 

with limited overall 

energy and amplitude 

joint denoising and 

fusion network 
Target:

𝐕

𝐑 𝐅

high-quality

fused image 
contain vital information in the clean data 

𝐋𝒗, 𝐋𝒓 mined from 𝐕, 𝐑, respectively
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◼ Method

➢ Overall Framework

Convolutional Low-Rank 

Optimization Module

Joint Denoising and Fusion Module

solve the ill-posed decomposition 

problem to provide precise 

guidance for network optimization

optimized with the decomposition 

results; enable the joint restoration 

and fusion of complementary multi-

modal information
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◼ Method

➢ Convolutional Low-Rank Optimization Module

We take the decomposition of the noisy infrared image 𝐑 as example and decomposition problem can be formulated as:

convolution nuclear 

norm of the clean data 

Forbenius norm of noise

These components can be obtained by minimizing the following energy function: 

By releasing nuclear norm with                                                                       the energy function can be rewritten as:
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◼ Method

➢ Convolutional Low-Rank Optimization Module

This problem can be solved by iteratively addressing the subproblems related to 𝐋, 𝐒, 𝐌, 𝐍.

With 𝑡 denotes the iteration step, this problem can be 

partitioned into the following four subproblems:

During the iteration, the close-form solutions for these 

subproblems can be obtained as:
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◼ Method

➢ Joint Denoising and Fusion Module

⚫ Intensity Loss: ⚫ Gradient Loss: 

⚫ Chrominance Loss: ⚫ Convolutional Low Rank Regularization Loss: 
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◼ Experiments and Results

 Datasets: LLVIP dataset, M3FD dataset

 Patch size: 128×128

 Convolutional Low-Rank Optimization Module:

𝑘1, 𝑘2 = 12, 𝑘3 = 2, 𝑚, 𝑛 = 256. Iteration 𝑇 = 30.

𝛼 = 200𝔼 ▽ 𝑥 −▽ 𝐺 𝑥 , 𝛽 = 2, 𝛾 = 80𝔼 ▽ 𝑥 −▽ 𝐺 𝑥

 Joint Denoising and Fusion Module:

Hyper-parameters: 𝜆 = 1𝑒3, 𝜂 = 30, 𝜅 equals during the training phase

Optimizer: Adam Optimizer

Learning Rate: 2e-4 with exponential decay

Number of Blocks: 𝐿1, 𝐿2 = 4, 𝐿3, 𝐿𝑟 = 2

Platform: NVIDIA 3090 GPU
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◼ Experiments and Results

➢ Qualitative Comparison

Gaussian noise — LLVIP dataset Gaussian noise — M3FD dataset

Visible (noisy) Infrared (noisy) CTNet+Tar. CTNet+CDD.

CTNet+DDFM CTNet+Meta.

DRMF Text-IF Deno-IF (ours)OmniFuse

CTNet+Fusion. CTNet+Prompt.

Visible (noisy) Infrared (noisy) CTNet+Tar. CTNet+CDD.

CTNet+DDFM CTNet+Meta.

DRMF Text-IF Deno-IF (ours)OmniFuse

CTNet+Fusion. CTNet+Prompt.

1. Joint denoising and fusion avoids residual noise in denoising-then-fusion approaches caused by limited pre-denoising performance.

2. Infer clean data from noisy source images in an unsupervised manner, show generalization across various noise types and levels.

3. The inference on clean data is based on convolutional low-rankness, avoiding excessive distortion of meaningful contents. 
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◼ Experiments and Results

Speckle noise — LLVIP dataset Speckle noise — M3FD dataset

Visible (noisy) Infrared (noisy) CTNet+Tar. CTNet+CDD.

CTNet+DDFM CTNet+Meta.

DRMF Text-IF Deno-IF (ours)OmniFuse

CTNet+Fusion. CTNet+Prompt.

Visible (noisy) Infrared (noisy) CTNet+Tar. CTNet+CDD.

CTNet+DDFM CTNet+Meta.

DRMF Text-IF Deno-IF (ours)OmniFuse

CTNet+Fusion. CTNet+Prompt.
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◼ Experiments and Results

➢ Quantitative Comparison

 Similarity-based full-reference metrics: SSIM, PSNR, feature similarity index (FSIM) and correlation coefficient (CC) 

 Quality-based no-reference metric: BRISQUE 
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◼ Experiments and Results

➢ Quantitative Comparison
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◼ Experiments and Results

➢ Parameter Analysis, Ablation Study, and Different-Level Performance

Parameter Analysis Ablation Study

Results on Dealing with Different-Level Noise



Thanks for watching !

Email: xu_han@seu.edu.cn
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