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Text Modality Assisted Guided Mural Inpainting Algorithm

CHEN Yong'? DU Wanjun' ZHANG Shilong'

1 School of Electronic and Information Engineering, Lanzhou Jiaotong University, Lanzhou 730070, China
2 Gansu Engineering Research Center for Artificial Intelligence and Image &. Graphics Processing, Lanzhou 730070, China

Abstract: Objectives: Existing deep learning algorithms in the inpainting of murals only consider the prior
information of mural images to guide the inpainting of damaged areas, and lack of text information to
guide the inpainting of murals, resulting in semantic inconsistency and lack of details in the inpainting re-
sults. In order to solve this problem, a text modality—assisted guided mural inpainting algorithm is pro-
posed. Methods: First, a text modality—assisted guided mural inpainting network is proposed, which uses
the text information as the control guidance for mural inpainting, and provides context—guided repair infor-
mation for mural images. Second, a text filtering module is constructed to obtain the text features of the
damaged area by filtering the mask image and the complementary image, and a cross—modal semantic en-
hancement module is designed to enhance the filtered text features to improve the consistency between text
semantics and image semantics. Then, the upsampled texture detail inpainting network is designed to
achieve bidirectional fusion of shallow and deep features to obtain mural images with fine—grained features.
Finally, the normalized discriminator is used to match the recovered murals to the game, and the recovered
murals are obtained. Results: The experimental results of real mural restoration show that this method can
effectively repair damaged murals, and is superior to comparative algorithms in subjective and objective
evaluation. Conclusions: The proposed method can effectively repair damaged murals, achieving better vi-

sual perception and coordination.

BEEWEH HAEBN SR 205 F 54 (19YICT760012) 5 2% I 2830 K2 FEREWF TR A A (2022TC36) 5 24 M 28 38 K 24 5 7 AFF & 30
H(ZDYF2304),
FE—EE Wk W B, W5 ) o RS AL EE G FEALILGE o edukeylab@126.com



742 DR 22 A (R BB 2 D

2026 -4 H

Key words: mural inpainting; text guide; cross—modal inpainting; semantic filtering; semantic enhance-

ment

BE A O R o S 1 4 i A 3, R A AT
FEAE A SCAR S8 )™, S TR AF D7 s SO Y 2 4
RS SE b AT A o ARE I A
KRG g s A0 4 G s I BE 5 BE I £y ST BE )
e B 0 5 G UK R 22 i TR i, R
B LARNE AE E T OK BE  J2 H
G b BUAT U e R i R B R, L 1
CINZEs #P R L S L P SRR LA oA AN
SO AR A B M 2 T R RE L 4 A TR A 3
g, Je NSRS 5 s

SR, i FARARAE A Al N B3I 2
FOWLELEE ot ARRE I TS [ R BE B
PE L BT S IR A U AR B e g
S REA ROk N TAB i XK, A SCAR 38
PRAP TR 1 F 58 AR

PG K5 A 18 52 02 A Bk G X A i i 1 0
B2 TR DR SCIE A M A BEEY . H T,
15 A8 5 T7 1 43 A% G 05 TR RINIR BE 2 ) O
W A G S T 1 — MR T A R HIL R 2 A
it W 1 T 2K 4 i A DR JE B X ke G X it 47 B
FRAEL 12 2 T vk X A DX B R Y PR B S AL
RAE

BT IRE o o) 1 BB 07wkl e )
B AE AR S B B AR R R A . H
R, 2 TR 22 ) W S 7 ik £ 20 5] e
SMAGI B E Ik, Hob kg SR —
fi 2 M) T Wl Bt PR R S e R A R AT B
I ABRAZZE T B ORI R R R (R R
XA X IR AT B A, B = G0 SOAR B 4
T, P EUE G RATAE SR — B L

g1 A8 5 H A A H B MSE 5 1R B 51 5
R SE BB S, WA & 25 R 5 B geit
fr R TE S S AR R AR S8 O B A TR 1R 4T 5]
52 . SCHRLIS T8 iy T A H i 2 48 5 51 = (1R
1& 52 1 B AL EdgeConnect, 56 18 52 8458 19 34 4 &1
(TR DERIE- S LR SRR o (ER A RNl
WA OB & B SR R, By il B LB R
B A TR R SCHRL 14 T4 H A 1B 4R e ] 5 A
BB W Ik AR T IE R B R S0 LB IR
2 G A A e A R A A IR A H AN B R A
AR, SCHRL IS 4@ 1 — Fh Qe R 45 A k5 2
WRE R T7 ik B2 T EGs g0k 5 251 %
R, S BUe & 45 R A7 1E 2 Jm 1 SOR — E0r) 7]

A, SCHRL16 151 AT —Fl 22 RORE e J&] sk i B 42
P 265, 3 o o ~F PR g s ) o K 2 A5 IR 1R 5
B 10 G A2 ARG 52 5 i v AN 2 AT AR 45 4
P, 2 T BRI ORI 5 BB B2 85 A7 A
WSO — B s SCERL17 T8 i T — Ff SCA
G145 1 X FE & ) TDANet 18 52 8R4 4 F|
PR A X S 4 S s 3 AR B s S R e 2 B
MR A 8 S TR P s T IR A R B B
S, BB A5 RAT A A0 Bk SRR Y
[

gr LTIk, H AR BG4S 5207 I AR 18 ik
BE IR ASAR B B ) 1] 50 S 6 £ 5 0 45 X ek i
FrHEWr kb 42, i = 51 4 SOR 5 B 45 & B8
WAEE , S BUE 2450 o) B OR — 20 41y
B SEE, P, ASSCHR I T — Rl T OOAR
S0 5 RS BE I A8 52 Bk R SO B 51 5 58
BT B A8 BE I PN A B B A5 O T 4R SO 5
SRR B R M T SOAS TR SO R R B, R T
R P 5 R I T 5 Al I8 o 90 A5 30 4 9 X ) S
AHEAE, JF BT 0 g A B, 3 R SOA T
PR T SCHY — BOPE 5 81X SO 51 5 BE 1 18 52 i 72
FRORT BE I 20 Y AN R Y IR RR, B T SRR
PARY B SR, i 2o BE I R R AR S R R AR
FIR L i il 58 JOKT BE i 2] {50 ) A L P A K

1 7FiERE

11 EEMEIER

AR SCRT $ kT SO B B 1S 0 R
Be 55k A SCA AR T2 R RE 12 4515 5L 5 3
Xof B A R I ) 5 RS B S AR AE B T 2 A A
B 1R 7R o BERL AR, 15 5, 4 4 58 1 i 0 E b
BE 1] 4 00 i A B AR S B 8 b 4R IO B AR Ry
TIE o SCASH R g A 3000 B 9110 42 R 2% (bidi-
rectional long short-term memory, BiLSTM) H ,
145 B LR R AR A A AR o U, R R R AN
PR JR) R AR A B SCAS T SO B AR B 3 i R
ok R AL HRA: ) R A A DX S Y O R A AR
B AR5 ¥ g A5 B 59 B R AE 5 R R AL
N BT SIS SR AR B, X SCAS T SORE AR E AT B 5
i 5 SCA TR S MR SO — ot . s L AL
FoRFESCHRAN B S W £ HEAT SR TR AR T B AL A
MBS i RE i B4



95 51 B 4 3] Mh KA SOACRE A Bl 5| 5 A B o i 5 030 7% 743

;;;;

KRS
L
o R P+ 45 P15
DAMSM#i %k

£
)
Ibmw
|

: EUGHFAE
EIR A ‘ ’ |
Eaga, NrR BiLS }—_I
s ’ y |

SCAHIR - |_SCASBRAE

Bl B AHEZE
Fig. 1 Model Framework of the Proposed Method
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Fig. 2 Text Semantic Filtering Module
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Fig. 3 Cross—Modal Fusion Decoding Repair Network
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