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Abstract: Objective Blind image separation (BIS) is the application of blind source separation in the domain of image pro-
cessing. It refers to the inverse problem of simultaneously estimating and restoring multiple independent source images

from a single observation image under conditions of unknown mixing mode and without prior knowledge of the source
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images. Typical applications include bad weather (rain, snow) removal and reflection/shadow layer separation. Traditional
methods, represented by independent component analysis and its improved algorithms, rely on strong assumptions such as
“statistical independence of source signals” and “non-Gaussianity,” which often fail for real images owing to strong feature
correlation and nonlinear mixing. Although sparse coding and low-rank decomposition, which emerged later, introduced
prior constraints, they remained difficult for characterizing complex textures and structures. In recent years, deep learning
frameworks have gradually dominated: convolutional neural networks (CNNs) achieved efficient feature extraction with
local receptive fields. Generative adversarial networks (GANs) circumvented explicit priors through adversarial training,
and variants such as CycleGAN, Attention-GAN, and Transformer-GAN have been proposed successively, achieving sig-
nificant progress on synthetic datasets. However, in complex real scenes, existing methods based on CNNs and GANs still
exhibit insufficient performance in processing such mixed images. The reasons are as follows: 1) uncertainty in source fea-
ture distribution (features within the same source category vary significantly in shape, transparency, and scale, resulting
in modeling difficulties) ; 2) complex image mixing (nonlinearity, crosstalk between channels, making the “reverse map-
ping” nonunique) ; and 3) irregular noise interference (sensor noise, compression artifacts, motion blur coupled with the
source signal, further blurring the separable boundary). These factors make it difficult for models to characterize the com-
plex and variable feature distribution of source images in real scenes. Consequently, under strong noise, nonlinear mixing,
and highly coupled texture details, problems, including source image separation estimation bias, texture distortion, and
artifact residue, arise. These problems negatively impact the effectiveness of image restoration. To address these chal-
lenges, this study proposes a novel dual-channel diffusion separation model (DCDSM). It leverages the powerful genera-
tive ability of diffusion models to handle complex mixed images effectively. Method DCDSM consists of a dual-branch
structure based on a conditional diffusion model. This model exploits the diffusion process to learn the feature distribution
of the source images, enabling the reconstruction of the feature structure for initial separation. During the reverse denoising
process of the dual-branch diffusion, the design of the wavelet suppression module (WSM) is grounded in the characteristic
of mutual coupling noise between the two source images. The structure of the interactive dual-branch separation network
enhances the separation of detailed information within mixed images. WSM is composed of two independent wavelet
frequency-domain feature extraction networks (WFENs). A WFEN employs a two-dimensional discrete wavelet transform
to process high- and low-frequency sub-bands in the time-frequency domain to obtain suppression information. In the time
domain, an encoder-decoder structure is utilized to capture global contextual features and reconstruct local details, thereby
enhancing the texture and edge information in the low-frequency sub-bands. In the frequency domain, a window-based fre-
quency channel attention mechanism is introduced to process the high-frequency sub-bands. Finally, a two-dimensional
wavelet inverse transform is employed to integrate the outputs from both branches to obtain the suppression information.
Simultaneously, the noise output from the intermediate process of the other branch is subtracted pixel-wise from the sup-
pression information to decouple the two source images, thereby further improving the model’ s performance in image sepa-
ration tasks. Result DCDSM is validated through the construction of synthetic datasets from diverse application scenarios ,
encompassing rain removal, snow removal, and the simulation of complex mixtures. The experimental results are as fol-
lows: 1) in the tasks of rain and snow image restoration, DCDSM achieves quantitative metrics (PSNR/SSIM) of 35. 002 3
dB/0. 954 9 and 29. 810 8 dB/0. 924 3, respectively, demonstrating an average improvement of 1. 257 0 dB/0. 927 2 dB
(PSNR) and 0. 026 2/0. 028 9 (SSIM) over the current state-of-the-art methods. 2) For the dual-blind separation of com-
plex mixed images, the restored dual-source images exhibit significantly better texture fidelity and detail integrity compared
with those from other methods, with PSNR and SSIM metrics reaching 25. 004 9 dB and 0. 799 7, respectively, surpassing
those of the comparative methods by 4. 124 9 dB and 0. 092 6, respectively. Ablation experiments validate the effective-
ness of the proposed modules and the interpretability and rationality of the selected hyperparameters. Conclusion The
experiments of DCDSM on rain, snow, and complex mixed datasets verify the effectiveness of the method in the task of
dual-channel BIS. Experimental results show that the proposed method achieves the best subjective and objective indica-
tors compared with other methods and solves the problems of residual rain/snow lines and blurred texture edge details in
real complex separation scenes.

Key words: blind image separation(BIS) ; diffusion model(DM) ; wavelet transform; Fourier transform; image restoration
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Yin %5 ,2025) . K148 73 (Zhang %5 , 2024b; Dong %5 ,
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Table 1 Comparison of rain removal experiment results
Rain-0.5 Rain M
Trik Param/M  FLOPs/G
PSNR/dB SSIM PSNR/dB SSIM PSNR/dB SSIM
DerainNet 26.396 1 0.814 1 254823 0.794 8 25.9392 0.804 5 1.25 42.34
PreNet 25.453 8 0.779 7 254552 0.779 6 254545 0.779 7 0.095 10.54
MPRNet 25.6425 0.764 5 24983 1 0.7349 25.1832 0.7497 3.64 148.55
Restormer 27.978 8 0.8727 26.357 4 0.8022 27.168 1 0.8375 26.10 140.99
BID 334752 0.904 8 30.458 3 0.8514 31.966 8 0.878 1 144.9 104.56
DRSformer 26.6502 0.794 1 224516 0.6227 245509 0.708 4 33.65 24291
NeRD 34.949 7 0.9456 31.5332 0.907 6 33.2415 0.9226 22.89 156.35
LDRCNet 31.5262 0.894 8 30.760 2 0.887 4 31.1482 0.8911 3.64 148.84
Histoformer 36.037 6 0.950 6 31.4529 0.906 7 33.7453 0.928 7 16.62 91.59
DCDSM (A 30) 36.244 3 0.9615 33.760 2 0.948 2 35.002 3 0.9549 16.71 96.61
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Fig. 4 Rain removal effect of various methods on Rain-0. 5 dataset

((a) rainstorm (dense rain pattern) weather; (h)light rain(sparse rain lines) weather
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Fig.5 Comparison of snow removal effects by various methods
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Table 2 Comparison of snow removal test results

WiReS PSNR/AB  SSIM  Param/M FLOPs/G
DesnowNet 198179 07679  15.64 1.7K
HDCWNet 17.5929  0.6229 6.99 9.78
Snowformer 150240 0.5655 838  19.74
Restormer 205271 0.8042  26.10  140.99
TransWeather ~ 21.9684 0.8299  21.90 5.64
BID 19.8580 0.7570 1449  104.56
SMGARN 275771 09017 6.86  450.30
LDRCNet 28.8836 0.8954 3.64  148.84
Historformer 277700 0.8524 1662  91.59
DCDSM(AC)  29.8108 09243 1671  96.61

TE IR R & 5 B AL 4 2R

2.5 RBREEBOSBELR

N T VFAL DCDSM 72 XU 75 B S50 P PR RE
T LT AR IR 5 8s 46 173505 BID (Han
45,2022) 5 0 FUSRIE , % WL B AR AR A0SR 3 P o

& 745 H T DCDSM 5 BID 78 3 MR 46 135570 1%
IR B ROR . TER 2R G R R Lt gl 6
(a), BID J7iEAESS 2 9 r B 25 5 rh 30 1 W 4 i)
OBE S M AL, R ECT T E YRR R L A
SO A O T SO T SEP R 5T A X
BCECSRRIE A HERA 43 B . TR AR M RN o3 B R
D7 A S R EE LT BID ik, ey s T H:
TERE = MG o3 B Bt Jr T AR . AR LI RN AT Y
SEGEE R ILE 6(h) (¢) , B8 BID FEHEAS 70 25 )7
TR A B AR5 B 5 se i a5 SR P R AE I =
FFE LR . M2 T, DCDSM 7E3X ME 55 1Y
I3 BRI T R AF A BT i, 7E 34
AR T PR ILT BID,
2.6 HBLSKIEHHT

7 I T O S BN A B | 7E Rain-0. 5
AR FIT TR . Sk 1AM R R A
TS He SR e v T i R S5 a (LR 7) RN K oA
P E R S5y (ULE 8) By ml g Bk, LA T 1
A WSM A RPE(IL R 4) .

473



PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS Vol. 31,No. 2,Feb. 2026

®3 BABEGWUABEILWE R
Table 3 Comparison of double separation experimental results of mixed images
SRR AR Rain Snow
i KR 1€ T M 1% AR LA TR
PZI\];R SSIM P/Sdl\];R SSIM P/S(E;R SSIM PZI\];R SSIM P/S(;;R SSIM PZ]\];R SSIM
BID 20.7808 0.7253 209791 0.6888 30.4583 0.8514 255299 0.7395 19.8580 0.7570 243866 09228

DCDSM  25.5090 0.8130 24.5008 0.7863 33.7602 0.9482 27.3137 0.8294 29.8108 0.9243 25.6368 0.9390
T IR R R A S LA R

HEEGe

A&

HIEg

SR

S ELE R

BID

DCDSM
(A30)

(a) E AR R

(c) KEEH L
R IR e o € S B N G = W B R P

Fig. 6  Visualization results of double separation experiments on complex mixed images, rain and snow datasets

Ko B4R

((a) complex mixed datasets; (b) rain removal datasets; (¢) snow removal datasets)

TEFR AT, AT T LU IHRAE S (1) IERRAEZE % FERFRIE e = 5 81 = O, SIS I S 45 R

IR ARG WSM; (1) A LM R R 25 =5
A5 A WSM; (I 78 LM Bzt = 0 BF 5] A WSM;;
(V)5 SIAEe =51 =0RTS] A WSM, HIHE 3 4

(PSNR/SSIM) £ 1. 300 4 dB/0. 113 7F117. 563 1 dB/
0. 138 3; —F AWt 5] AR, {#i PSNR #&5 8. 431 8 dB,
SSIM #£550. 154 8,
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Fig. 8 Ablation experiment of super parameter y
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Table 4 Ablation experiment of wavelet

suppression module

Tk PSNR/dB SSIM
(3|I/)\V]V)§N?SM R & 278125 0.806 7
E E;%%?T&ﬁ RHBEITL 9 1120 09204
g})\?;sDN?M fESIRBT R = 01 35.3756 0.9450
EHN%) lli\cgssl;\daﬁ%mt TIMIZ0 362443 0615

T L P SRR 5 8 R AL 25

3 & i

XUE E H I3 B A il PEAT 55, How 3 5
J73Z AR SC S0 v b R 1) 2 W A 2 A ER AL B
155 o ASSCHR MR — i B T/ N A ) ™ IR A (%) 3
EH G5 B M4, BRI E 2R A R DU 5
(R . 2t A DO 28 SR FH WL S 2R AR BB AR AEE 22
T A S ) A M g R v R W Rl /N A R AR
iE— 25 35 IR AA R B DU B R . Wi I15 1
AN S5 AR U B USSR 308 /) i 7 48 5 4ol L T
A 1Y) 22 SRR P R] 4 A3 2 R v ) O 4
USR5 14 5 e

55 3E DCDSM 14 A7 3501, 78 21> & i B 4
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