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Non-causal selective state space model for image restoration
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Abstract: Objective Image restoration plays a crucial role in enhancing the quality of degraded images and boosting the
efficacy of downstream applications such as image segmentation, object detection, and autonomous driving. This problem
centers on reconstructing a high-quality image from its compromised version, which tackles various distortions such as
noise, blur, and compression artifacts. In the era of deep learning, the effectiveness of image restoration techniques has
remarkably improved, which is largely due to the development of sophisticated models including convolutional neural net-
works (CNNs), graph models, and vision Transformers tailored for complex image degradation scenarios. A recently intro-
duced selective state space model, which is known as Mamba, has propelled considerable progress across domains includ-

ing natural language processing and computer vision. Mamba distinguishes itself with its robust expressive modeling capa-
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bilities, which enable it to adeptly capture and depict intricate data patterns. Moreover, Mamba offers enhanced computa-
tional efficiency and a reduced memory footprint, which surpass those of previous models. To utilize Mamba for image pro-
cessing, tokens must be extracted from images. Following token acquisition, Mamba models the interactions and dependen-
cies along the token sequence. Mamba leverages advanced state space modeling to decode the structure and semantics of an
image by analyzing token interactions. In image restoration, tokens represent image patches, and their dependencies are
typically considered non-causal, which allows interactions regardless of spatial distance. The existing deterministic token
scanning in selective state space models, which imposes a causal relationship and one-way interactions, conflicts with this
non-causal approach. This mismatch may constrain the potential of these models in image restoration, which affects their
performance. To bridge this gap, we introduce NCMamba, which is a novel model that reconciles the causal bias of selec-
tive state space models with the non-causal nature of image patch interactions. Our research validates the effectiveness of
NCMamba across diverse image restoration challenges. Method To mitigate the contradiction between the inherent causal
relationships of the selective state space model and the non-causal relationships among spatial image patches, we introduce
a stochastic scanning strategy for tokens. This innovative method deviates from traditional deterministic scanning tech-
niques through effectively eliminating the intrinsic causal constraints. This approach facilitates a more comprehensive and
nuanced modeling of the spatial relationships within image patches, which considerably boosts the capability of the model
to perform high-quality image restoration. The strategy employs a random shuffle function to disrupt the linear arrangement
of tokens. This function ensures that the interaction likelihood of each token pair is equalized, which enables the model to
effectively capture non-causal dependencies. An inverse shuffle function complements this approach by reordering the
tokens to their original sequence, which aids in precise image reconstruction. Specifically, the random shuffle function sto-
chastically permutes the token sequence. As a result, the concept of “distance” between tokens is eradicated, and all
tokens are treated equally post-shuffle. The relationship between every token pair then has the same probability of being
processed directly by the selective state space model. Consequently, the inverse shuffle function restores the shuffled
tokens to their original order, which facilitates the accurate reconstitution of the data structure of the image. Combining
multi-scale, local relationship, and global relationship priors, our proposed model, which is dubbed NCMamba (non-
causal Mamba) , integrates local-global complementary modeling within a UNet structure, which showcases general model-
ing capability for diverse image restoration tasks. Result NCMamba was tested across multiple datasets, particularly on
image denoising, deblurring, and shadow removal. The experiments demonstrate that NCMamba consistently outperformed
established models such as CNNs and vision Transformers. Notably, on the SRD dataset for image shadow removal,
NCMamba achieved a PSNR improvement of 0. 86 dB over the ShadowDiffusion method. Ablation studies further validated the
effectiveness of our non-causal modeling and local-global complementary strategies. Conclusion This study introduces
NCMamba, which is a tailored selective state space model designed for image restoration. Our extensive testing confirms its supe-
riority over traditional models, which establishes it as a robust solution for complex image restoration tasks. The empirical evi-
dence underscores the capability of NCMamba to deliver significant improvements in image quality under various conditions.

Key words: image restoration; selective state space model (selective SSM) ; non-causal modeling; multi-scale modeling;
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Fig. 2 Structure of non-casual selective state space model
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NCMamba 7E [ 52 23 B J5 1 DA SR B3 X B S AR
SR DR T 8 L O A, AR ) R e £ HE N
W HEBR T 14 DX 3R DL B W ) NCMamba HA5 11
MR T

&1 ETSRDYFEENEGRERZEEMREXTLL

Table 1 Quantitative comparison of image deshadowing on SRD dataset

. B 5 X 42k AEBIRE X3 Eo IR

i PSNR/dBT  SSIMT MAE!  PSNR/IBT  SSIM?T MAE!  PSNR/IBT  SSIM?T MAE/
LN 18.96 0.871 36.69 31.47 0.975 4.83 18.19 0.829 14.05
Guo 5§ A (2013) - - 29.89 - - 6.47 - - 12.60
DeshadowNet - - 11.78 - - 4.84 - - 6.64
DSC 30.65 0.960 8.62 31.94 0.965 4.41 27.76 0.903 6.71
DHAN 33.67 0.978 8.94 34.79 0.979 4.80 30.51 0.949 5.67
Fu 4§ A (2021) 32.26 0.966 8.55 31.87 0.945 5.74 28.40 0.893 6.50
Jin%F A\ (2021) 34.00 0.975 7.70 35.53 0.981 3.65 31.53 0.955 4.65
BMNet 35.05 0.981 6.61 36.02 0.982 3.61 31.69 0.956 4.46
ShadowFormer 36.91 0.989 5.90 36.22 0.989 3.44 32.90 0.958 4.04
Li %% A (2023) 39.33 0.985 6.09 35.61 0.967 2.97 33.17 0.941 3.83
ShadowDiffusion 38.72 0.987 4.98 37.78 0.985 3.44 34.73 0.970 3.63
HomoFormer 38.81 0.987 4.25 39.45 0.988 2.85 35.37 0.972 3.33
NCMamba 39.04 0.983 4.21 39.72 0.982 2.80 35.59 0.958 3.30
NCMamba+ 39.06 0.983 4.21 39.75 0.982 2.79 35.62 0.959 3.29

VE VKL R 2 A 53 0 FR A5 A R e IR S5 R =7 R SRS SOR SR AR B B SR PPAG 45 53 170 | 431 B (R

b AR NBRS o

3.2.2 BEREHEM

PG BT 55 BT I 2 5 T 4 1 R B0
P o E A 4 H AL 45 S S B 4R (GoPro Al
HIDE (human-aware image deblurring) ) DL K -~ EL 51

B BG4 (RealBlur-R F1 RealBlur-J) o SE5 % &
5E A BHF5E—50: NCMamba 5 5 {£E GoPro 4%
£ BT ISR, IETE T 4 BdiE 4 R eE A
JIT 38T S R ABR D A A B A TR 28 I 45 11
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(a) BAsEIA

(¢) L% A(2023)

(d) HomoFormer

(e) NCMamba

() Tl e

K5 KL ASEBCRX L
Fig. 5 Visual comparison of image shadow removal

((a) shadowed image; (b) BMNet; (c¢) Liet al. (2023); (d) HomoFormer; (e) NCMamba; (f) ground truth)

% : Xu 58 A (2013) | Nah %5 A (2017) | DeblurGAN
(Kupyn %% , 2018) . Zhang %5 A (2018) . DBGAN
(deblur GAN) (Zhang %5 ,2020) . MPRNet (multi-stage
progressive image restoration ) (Zamir %5, 2021) ; J T
Z 2 BHAL I J7 1 - MAXIM (multi-axis multilayer
perceptron) (Tu4E,2022) F1FET Transformer 19771
Uformer (Wang 4 2022) . Restormer (Zamir 4% ,
2022).

2 PHYE AR 7R , NCMamba 7E PSNR
1 SSIM F5 b5 3k 1 X6 b F) e 4 AR 28 I 25 11
J7 %%, B i MPRNet, Jf H SE 30 T 5 % I8 (9 Trans-
former B 7Y (411 Uformer ) A4 O MHERE . ILAM, Kl 6
P52 O AL 5 X L P 2 — 251 2 T NCMamba
AP 500 IR 6 1 4 g2 i 2 st 5
fib 7 B 40 H , NCMamba B A5 3 7 W 18 [E 1% & R
HER .

&2 7EGoPro##Esk il GrE G EEMES ERERT L

Table 2 Quantitative comparison of image deblurring when models is only trained on GoPro dataset

. GoPro HIDE RealBlur-R RealBlur-J

i PSNR/IBT ~ SSIMT  PSNR/BT ~ SSIMT  PSNR/BT  SSIMT  PSNR/IBT  SSIMT
Xu&FA(2013) 21.00 0.741 - - 34.46 0.937 27.14 0.830
Nah % A (2017) 29.08 0.914 25.73 0.874 3251 0.841 27.87 0.827
DeblurGAN 28.70 0.858 2451 0.871 33.79 0.903 27.97 0.834
Zhang %5 A (2018) 29.19 0.931 - - 35.48 0.947 27.80 0.847
DMPHN 31.20 0.940 29.09 0.924 35.70 0.948 28.42 0.860
DBGAN 31.10 0.942 28.94 0.915 - - - -
MPRNet 32.66 0.959 30.96 0.939 35.99 0.952 28.70 0.873
MAXIM 32.86 0.961 32.83 0.956 35.78 0.947 28.83 0.875
Uformer 32.97 0.967 30.83 0.952 36.22 0.957 29.06 0.884
Restormer 32.92 0.961 31.22 0.942 36.19 0.957 28.96 0.879
NCMamba 33.17 0.961 31.06 0.943 36.20 0.956 28.76 0.873
NCMamba+ 33.19 0.961 31.08 0.944 36.20 0.956 28.96 0.879

T L R RIZe TR B TR A AL DRSS A =" R R IR SOR i BRI i S A 4 2R
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B, EFR, FX, B5MH, BEEZE
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(d) Uformer (e) NCMamba (f) TEMWERRZ
El6 FEUR LB SRR L

Fig. 6 Visual comparison of image deblurring

((a) blurred images; (b) DBGAN; (c¢) MPRNet; (d) Uformer; (e) NCMamba; (f) ground truths)

3.2.3 EMg L

PG 25 MR AT 55 1 VPN 2 5 T L S MR 5 3 5 i)
IG5 %4l 4 SIDD . o8 T %8 U NCMamba 94
ROPE, BEFE T 9 B B AR M By R MR Oy B 3R AT T
#4345 : BM3D ( Dabov % ,2007) . RIDNet ( Anwar £/l
Barnes, 2019) . VDN (Yue 4% , 2019) . DANet ( Yue
4, 2020) . CyclelSP (Zamir %5 , 2020a) , MIRNet
(Zamir %, 2020b) . MPRNet (Zamir % , 2021) ,
Uformer (Wang 4§ , 2022) Lk % MambalR (Guo % ,
2025)

3 095 i 45 B R, NCMamba 7£ PSNR I
SSIM WA~ S PERE R An b, NG T 5L 3
2 B 22 (25 1) 5 15 (B MPRNet) , A8 T BLA 19
Transformer J7 ¥ (41 Uformer ) #1355 B Mamba J7 15
(MambalR) . X #8625 JUE B T NCMamba 75 FL 52 M
PRI B AL A R R e T, SRR T AR
A M 5 Sl P B A 5 S8 PR R T T

®3 ETSIDDHEEHEREREE

Table 3 Quantitative comparison of image denoising on

TEEEXTEE

SIDD dataset
SIDD
Tk

PSNR/dBT SSIMT
BM3D 25.65 0.685
RIDNet 38.71 0.914
VDN 39.28 0.909
DANet 39.47 0.918
CyclelSP 39.52 0.957
MIRNet 39.72 0.959
MPRNet 39.71 0.958
Uformer 39.77 0.959
MambalR 39.89 0.960
NCMamba 39.91 0.960
NCMamba+ 39.92 0.960

T LA R IR AR5 & S el IR 2R
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3.3 LN
3.3.1 VMRS

P AT X F BT BRAS AL (0 TR T i S 56
505 Mr o S5 o AT Bk BIR 2 AT 45 (BodiE 4R
SIDD) , H A2 PTAl A [ A5 78 20 4 % g 246 P BB Y T
ko T2 S AR TR 21 24 45 Bl AL ZE HE L] AL
il J BB P IR S A AU AL R 4 Ry e PR MRS 2
(AR, 25 S S, Bt AL O 1 L e = R SR
HEMRE T, HoE BB I T RN R
XL A REALE] o LAk, JR BB B R A 23 ) A 7
Hl 4 Jry B P P RS 2 T AR (1 5 | AR S 3 B 7 T
RIS 25 W B %R, PSNR 48 #5433 42 T 0. 04 dB F1I
0.14dB.
3.3.2  ZEFERIEIE T

HR A DL - BE 5 Pt A% 4 B 2 A A AR %o it
HLA T (RPN HE ) AR . ML E 4L &
(1R 50 B AR R R 2 IR B K . R, T
E LR LY RS BUR GO E 2 VA = N B (W= RS
PHIEEAE . R I SR AR M 8 T I8 95 K,
1 SRR 7 T B P X (EDKS A S A R
S

R4 HUIBHEERLR

Table 4 Quantitative results of ablation study

[EERIEN PSNR/dB
who AL HHE 39.80
RSk 39.82
wlo JEif 39.87
wlo & Jr) 39.81
NCMamba 39.91

SF RIS HEA B M X EREA ERERI IR ? A
ANTYHE T MR L R RO R 58 SRD AT SR ARIE o
K7 B, A AR M3, RS R g P BE
FPEEPRE TV, 2 SR BAE BT 5 (9 PR 48 b AR ARG 19
ME2E Lo XAPERESR TH LG UL, BEA B 3 A
B T SV i S B, 2 e A DY S
Jt R FH A BROIARE AR M = 8 REAEJS vl g 1o & THAAL %
BB, AR B E R . XM —TERERY P
W AE PR R B RN . B RVFEA R
TR TR T Ik BV i SRR o XA A BB IE
TAEGE IR AZ BRAPREE N A S R % D7 ik i el 47
PERIA Rt

—~—PSNR+6 | —~ PSNR=+ —~— PSNR
SRS 7T 3910 d ’
39.78 -
35.62 39.09—fHA
39.77
35.61 39.08
S 23007 23976
%35.60 % ' % '
-9 2. 39.06 =9 39.75
35.59 39.05
39.74
35.58 39.04
— 39.73
1248 16 32 64 1248 16 32 64 1248 16 32 64
ECR SEIEINY EURS SEIEINY ECR SEIEINY
() 4=X45, (b) BRIk (c) AEBHRZIX 4k

K7 SR RIEAEAEOO P RE (PSNR ) FIBRIE 22 (50

Fig. 7 Effect of Monte Carlo samples on PSN and standard deviation

((a) all region; (b) shadowed region; (¢) non-shadowed region)

3.3.3  HHALCRIMHT

BRI R AR Ty 1T, 2% 5 328t T NCMamba 55 HoAb 75
1 7E 2 B i RN P 45038 3 IR K (floating point opera-
tions per second , FLOPs) J7 THI A X% [t . FLOPs J2 A5 1
AL B 256 x 256 f8 K A B P s f9as Fidd o 45
R, NCMamba £EG-F5 3 B S BOMTH BRG]

B, 48 L T B A 19 Transformer £ 2 (41 HomoFormer)
6 Bl 22 0 45 A AY (40 DHAN) , J 3 3 3 1)
fit . HAKM 5 , 5 HomoFormer # I , NCMamba 7£
PSNR _[-4#£710. 22 dB; 5 DHAN M LL, #2715, 08 dB.
X EEZE LB NCMamba AN UFE E5 8 JFAT 55
TR 0, T HA AR5 RCR R . e
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Table 5 Comparison of model efficiency

ik BHE/M  FLOPs/G PSNR/AB
DHAN 22 113.9 30.51
FusE A (2021) 142 104.8 28.40
Jin 5§ A (2021) 21 113.9 31.53
HomoFormer 18 38.4 35.37
NCMamba 26 49.0 35.59
NCMamba+ 26 392.0 35.62

SRR L0 A L, NCMamba REE 75 AN
PEVERE I ETHR T, SR UL M2 B iy fif b Jr 56 . Xl
3 NCMamba £ 75 22 4b B A i 504 sl 7 130 9 Az
PR S s N AREI e
3.3.4  BHEYLEHE T

F T bt AL HE B4 B AILPE $1 485 48 15 Mamba 458
REAERAE R G R o A/ NI IIFGE S HERR X R RE Y
SZR T HERE B LA e OR R B AL HE A 2 40
RUZE B, BEHLE HEE TR AR Oy 235
VI , S50 70 BT 2 3 1 IR 28 1) SIDD £ 4k |
AN [R) 2 HE L A% R S B 25 AN R 6 TR o T AR
B, B TR L, AR R R AR S B Tk
B AESTEL LG R 100%, BRiE b, BEHLE HE
Bk Mamba 255119 PRSP | {8 Mamba 58035 B S &2
JFAT 55, PR 50 4 i HEHUAS SR A i 45 5

*o6 EHEENEGEREENZN
Table 6 Effect of degree of random shuffle on

image denoising

FIEL L A1/% PSNR/dB
0 39.80
25 39.85
50 39.89
75 39.88
100 39.91
4 it i
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