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Restoration of traditional Chinese painting based on

twin cascade spatial filtering
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(1. School of Information Science and Technology, Northwest University, Xi’an 710127, China;
2. School of Art, Northwest University, Xi’an 710127, China)
Abstract Traditional Chinese paintings are invaluable cultural legacies, but they often suffer from issues
such as cracking, damage, and fading due to the effects of time and various natural factors. While some deep
learning frameworks have made significant progress in natural image restoration, they tend to rely heavily on

convolutional weight sharing and translational invariance. This reliance may limit their ability to fully capture
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the unique spatial characteristics of paintings with intricate layouts and abstract structural information. To ad-
dress this issue, this paper proposes a Twin Cascade Spatial Filtering (TCSF) prediction method for the resto-
ration of traditional Chinese paintings. The TCSF adopts a hierarchical decoding strategy that analyzes the hier-
archical features of painting images across multiple scales. It cascades a spatial filtering prediction approach to
obtain restoration kernels, restoring missing region pixels from coarse to fine detail. Furthermore, in order to
precisely restore the missing structural and brushstroke information in areas where feature information is
sparse, this paper introduces a spatial encoding mechanism. By spatially encoding the filter feature maps into
coordinate matrices and infusing coordinate information encoding into the filtering prediction process, this pa-
per provides spatial reference information for the recovery of missing pixels, thereby enhancing the accuracy
and visual quality of the restoration outcomes. In the experiments, the model was trained using representative
images of traditional Chinese paintings, and the mural datasets and Places datasets were added to test the mod-
el’ s generalization ability. In contrast to existing work that utilizes synthetic masks, this paper extracted actual
damage masks from real painting images in order to more realistically simulate damage scenarios. The qualita-
tive and quantitative experimental results demonstrate that the proposed method achieves favorable restoration
results in traditional Chinese painting recovery tasks and provides useful insights for digital art restoration and
cultural heritage protection.

Keywords image restoration; spatial filter prediction; restoration of traditional Chinese paintings; broken

images of cultural relics mask
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Tab.1 Results of quantitative comparison between TCSF and other methods at different masking ratios

Mertics Masks PConv HAN MISF CoordFill AOT-GAN Ours
0% ~10% 25.805 2 30.277 17 31.809 7 29.433 0 30.700 2 32.014 7
10% ~20% 22.256 2 27.260 2 27.616 0 26.691 3 27.559 3 27.795 2
PSNR 20% ~30% 21.226 5 25.593 3 25.6217 25.130 4 25.500 2 25.753 7
30% ~40% 19. 676 7 23.1810 23.228 5 23.150 4 22.766 5 23.3119
40% ~50% 18.028 4 21.881 1 21.498 5 21.6719 20.962 4 21.5825
0% ~10% 0.844 7 0.940 4 0.956 1 0.898 1 0.918 1 0.957 4
10% ~20% 0.718 0 0.877 3 0.894 5 0.8359 0.884 3 0.897 5
SSIM 20% ~30% 0.690 0 0.840 8 0.850 1 0.798 7 0.8415 0.853 5
30% ~40% 0.629 5 0.770 9 0.767 3 0.731 8 0.764 5 0.771 2
40% ~50% 0.548 3 0.696 0 0. 683 4 0.661 4 0. 680 5 0.688 5
0% ~10% 0.027 0 0.007 8 0. 006 2 0.020 3 0.019 3 0.006 1
10% ~20% 0.043 6 0.016 1 0.014 6 0.027 0 0.023 2 0.014 3
L, 20% ~30% 0.049 2 0.020 9 0.020 3 0.0315 0.028 4 0.0199
30% ~40% 0.061 8 0.0310 0.0358 0.040 3 0.038 7 0.0309
40% ~50% 0.080 4 0.0415 0.042 8 0.049 7 0.049 3 0.042 3
0% ~10% 0.148 6 0.045 2 0.044 7 0.075 1 0.062 2 0.043 7
10% ~20% 0.262 8 0.099 8 0.099 7 0.114 7 0.099 6 0.099 4
LPIPS 20% ~30% 0.280 1 0.133 8 0.130 3 0.144 1 0.142 6 0.130 2
30% ~40% 0.326 1 0.196 0 0.191 0 0.1930 0.190 7 0.189 7
40% ~50% 0.386 7 0.2530 0.249 2 0.249 3 0.259 1 0.249 0

3.5 EMXWE

B T AL LLAR, A SR TCSF 1z 52
ROR S HA 7 2 6T 2 PR X L, 2 PR T R4
ORBERAEIE S B 6 T AIE 8 i, i IALS
NAE10% ~20% AR B0 T BB 2 52 350CR 19
L) N 6,7 o NI B JEAR T AfE 10%
~30% ,20% ~30% #ili§ il T B ACR K 8
JE/R T —SeAE B FU B B A2 4G

WK s Fros, RAE TR R PConv $£2 3110
AR R, RERSTEHE BRI Z Mg B 55 1 AR R
(EL A ik AT R ol 45 50 2 4 L 1) 52 i, A T R4
ZERAT LA Y FEAR PR R T B RSt H T
W1 A M R MBS 52 R I X . AL Z T, Co-
ordFill ji iaf f 502 i i 7 B R AR R A A 18 3R 1]
IR AR, A R0RE G 1 M s A (EAE B R 25
H B R SCAEHE AR, T340, AIET S (a) FY

AR T L 53 SRR 7 ik A e AR L A S
HRAZ BRI, A Ty vk i o P 5 s 1Rl 45 A=A
RHOtEE 17X Lem R, B S (b) H AR T F
M-AER AR AT AR ), AT AR B p 4 1
HBE T SRR RIS I O, R A DT 3%, A T
LRI BE , TR SE B 1 SOBRAR 1 1) 52 D, 1
PRALSEROR S A5

gt im o i A AR Y U R R B A AR 50
SRR, AR A b, iy TR B AR SO AR
R, RS EREHK . B 6 (a) FR L T TEHE SR
ICRER I T AR A T7 IS SR T REASCRIR i
MRS ERZE R, JF HLECHAR L T HAR O 615 B A 45
SR ST AT, 30X ph 208 20 TN v A ) S )
{5 L REAT AL A SR 4 R 5 e I AR 3R ()1 Sy
fEA—ZAy L, & 6 (b) BB T —BhK 28 A%
ARSI , M3 SRR B, AT 1B R 5 1%



- 158 - PUL K24 ( AR B AR

A A0 S ST A

Eoorll
(b)W = ##% At

K5 AR 10% ~20% WHEE 4R 2R R

Fig.5 Results of qualitative comparison with other methods at masking ratios of 10% ~20%
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Tab.2  Ablation experiment results of spatial kernel module

Model MASK PSNR SSIM L, LPIPS
0% ~10% 31.965 2 0.956 6 0. 006 2 0.043 9

10% ~20% 27.770 6 0.895 8 0.014 5 0.100 0

(w/0) SKM 20% ~30% 25.747 1 0.8516 0.020 1 0.130 7
30% ~40% 23.2755 0.769 6 0.031 7 0.189 8

40% ~50% 21.564 8 0.687 1 0.042 8 0.2479

0% ~10% 32.014 7 0.957 4 0. 006 1 0.043 7

10% ~20% 27.795 2 0.897 5 0.014 3 0.099 4

Ours 20% ~30% 25.753 7 0.8535 0.0199 0.130 2
30% ~40% 23.3119 0.771 2 0.0309 0.189 7

40% ~50% 21.5825 0. 688 5 0.042 3 0.249 0
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Fig.9 Visualization results of component ablation experiment
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Fig. 10 The decline curves of L, loss and perceptual loss before and after adding spatial filtering prediction
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Tab.3 Experimental results of ablation with different loss functions

Loss PSNR SSIM L, LPIPS

(w/0) Ly, 25.637 4 0.850 9 0.023 1 0.131 4

(w/0) L, 25.626 4 0.848 9 0.0227 0.1353

(w/0) Ly, 25.710 6 0.850 5 0.022 8 0.133 7

+ L, 25.725 3 0.851 8 0.022 5 0.134 5

Ours 25.753 7 0.853 5 0.019 9 0.130 2
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Fig. 11  Visual display of ablation of different loss functions
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Fig. 12 Visualization of restoration results in mural datasets



- 164 - VUL R 2F 240 HARBRE AR

%55 %

3.7.2 Places £ ¥% 4 03X,

Places %45 4 76 K GUE AT 55 o d izl
s 38 2R 44t T 5 i
JCRMEEH B . ARFFEAE 50 Th BB A Pk
G P S SR I AR ASE AR 7 TR X0 AR R0 P 18 52 e
Jio AR ME 13 R, Bl 13(a) ((b) R

©

(d)

SOy, — NS

Input

XA, 7T LR AT R T Sk i
Hore FEEI13(c) (o) RN T X AR IS
SMRES, WA R AT LA, TCSF [R] # RE PR F¢
JEAT GERL Y 3 BEPE AL A3 . 28 B PR FEA
Gk MO SR S b A R W N o Sit NP2
PERESI A (B S RE

Kl 13 1E Places $dli4E P B L 455 HiAl

Fig. 13 Visualization of restore results in the Places datasets
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