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Image Inpainting Research of Veneer Defect Based on Match Attention

GE Yilin' , SUN Liping1 *, WANG Di’
(1. College of Computer and Control Engineering, Northeast Forestry University, Harbin 150040, China;
2. College of Petroleum Engineering, Harbin Institute of Petroleum, Harbin 150028, China)

Abstract ; The quality of veneer determines the grade of veneer wood—based panels and the treatment of defects on veneer becomes
an important part of wood processing. In order to deal with veneer defects and improve wood utilization, an image inpainting method of
venerr defect based on match attention is proposed. The method proposes a match attention module to acquire features at a distance to
enhance the accuracy of the model and uses a double convolution module that captures multi—scale contextual information. Then region
normalization is used throughout the network to avoid mean and variance bias. Peak signal—to—noise ratio (PSNR) and structural simi-
larity index (SSIM) are used as evaluation indicators. The results show that the PSNR of the improved method reaches 28. 48, and the
SSIM reaches 0.91. Compared to the globally and locally consistent image completion ( GL.) method, the PSNR and SSIM are im-
proved by 1.03% and 0.05%, respectively. This method can achieve consistent effect in structure and texture, which providing guid-
ance for the inpainting of the veneer defects.
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Fig. 1 Three types of defect images
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Tab. 1 Wood texture species

2 A T4
Species Scientific name Latin name
Bk Pieca abies
-
o +*X]L (RN Pinus sylvestris
Conifer
220 Cupressus sempervirens
TR Fagus sylvatica
ik Juglans regia
TR 2 Castanea sativa
TR Quercus cerris
I AR .
Broadleaf S} Fraxinus ornus
Bk Ailanthus altissima
TR Robinia pseudoacacia
RITREEAR Platanus orientalis
RitERAA Alnus glutinosa
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Fig. 2 Image acquisition equipment
TRIE 27 S BRI R A A B O, LI 2R A%
RO DR TR DI s A v SR T 00 B R R
AWFFEIAEH] T 8 Pl ARG 58 07 12 A 45 B (K
PR TR RS ) BT DTS A 3 BN U5 ik

Z— (TR | ST X5 ASR AN R (EAROR ) | RN v
M F EL R 0 — 1k SR B S A AR e X
Rk MG, 2 R ikt A 1 R s plfili A, oA
7 RO L 50% MHERBEBLEE . UL Ah, BTy
BB RN ZBEHL B 3 AR b RS G 5
JEEESR 5 — N R i AR, oAb g ol R IR A
G NI EE M R AT JESHE S LR QR WY i
PRAERAT 6 £ A il b T4 i S8 LU, BRI L
PR AR M ALFRAE 41 354 TRIEMG , BRIG B 4 Mt
A% 16 380 TR B, HEHE A 43 I 2 550 4R
MRS , 55 80% 1 20%

3 HiEEE

Fig. 3 Data enhancement
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Tab. 2 Training parameters
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Parameter Numeric value
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S £ v
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Iteration
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Batch Size
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Fig. 5 Generate network structure diagram
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Fig. 7 Comparison image of center mask generation

Pog = 1010%10((2nMSEl)) ° (8)

SEFIARBLE ( Structural Similarity , SSIM, 28 Hig
M Sy ) , BERE I 3 AR J7 I 2 5K 1K R A AR B
P AT Sz e AR BT &, SSIM A A 5¢ B ( Lumi-
nance, 2 iC K L) KT (Contrast, 2 HiE R €) |
25K (Structure , 2UHPIE R S) 3 BR BES [ b 2 5K K]
JH) 22 5, SSIM B 5 BE N LERE | 45 4 43 ) 4 =X
(9)— (1) PR,

_ gy *e
Lixy=—"T"72_"5 (9)
My Ty *ey
20,0 *c,
C(X,Y) = 2 o (10)
oy to7y *c,
Oyy *e;
Sgpn=—""o (11)
OO0y Ty

2

c
¢y =(k1L)2,02 =(k2L)2’C3 =? o (12)

Ky wy, S BINEIG X R Y ¥ 0, oy 535

HER X Y BB ER; o | oy 2P BIFRR IR X

my Hgﬁ%;o-xy REREZR X F1 Ymﬁ%;cl VCy\C3

HHBGEE, =0.01, k,=0.03; L HIEERMENHE

J L, — AR R 255, W S, W (13) B,
(ZMx,u,y +c,) (20, +c,)

Ssimex,y) :( >

M +:u’§ +cl)(0-2X + 0’?, +cz) ’

£d

(13)

PSNR I SSIM Fé) {8 e WU ik I 46 52 00 AL il
MSE (BRI 26 EB N, 3 A7 ki) b O e
1B 525 EUR B A B 7 T R L3R 3,

*3 HOBEREANAENEERITR
Tab. 3 Effectiveness results and comparisons

of center holes

ik VAR S5AARIIME B
Method PSNR SSIM MSE
L T 22.15 0.63 0.002 8
CE

(ﬁ‘%ﬂ%%ﬁﬂ?ﬂ%méﬁ 27.45 0.86 0.002 1
ABER 28.48 0.91 0.001 4
Ours

MR 3 ATLLE ), A5 7 B B 45 R 7E 3 A4
PERAGAR AR A 4 1Y), P AR AF 5 A5 AU X6 R 4%
BEAT 5 HA RS,

2.3 HRhKLE

ARBGEHE B ARk BE 08 2 TR B R i X
FRAIE AR o G B S0 PR — SOPE i 2k, B
FHEF AT E5ET7 A MA BEH R HE A X B A
FRAE , DT K & B 2% DX 3 A 41 95 £ 8 vk £
RN, it T ¥EM T 22 WA , A 3 TR (RS B2
HT R UE MA BEER AT RN X R A& AT 55 1A 3%
PR IR s DAL R AR, 1 2 A an 1A
8 iz, Bl 8 (a) Sy A3 S i i A EIZ, I 8(b) S



104 U N

540 %

WA MA JZ2 5 kA A s R, AR T ki T
RN, {H2: EUE (14 S RS I8 NS5 MR IE AR SR %
F 8(c) WA A RN A4S 5 RV Jy o fdi I DT i
T SR H M BN 75 56 b ik BURFAE A5 8 1 I 2
DUAE BUBR R I N 25, (R AR SR i/ VR 2 A BARE 1Y
W, i 8 IR Y, U MA AR il &
Fb U RN AR B R 38R 4, 1 8 (d) S [l st
i MA FEEA RN A A 25 5 AT LA 5] 8 (d) &
B 0 45 J R A CRAIE SO 1) — B0ME R 25 4

(a) Hi AFEBLES (b) JEMAZY
(a) Masked input (b) Methods
image without MA

(c) ffiFIBN4S
(¢ ) Methods use BN

MM, LRES R E T MA BIERRAE A T A
DX 35 RS B R AE , k2D 20 BN 25 4 A B & 2
RN BENZE G & AE A, 4 R A8 52 I 2% T i
2.4 ERFAXKIE A KIS

SUHLR B Y R AE AR 9 56 ik B AT
YT L RENS B A A SO, IR B
AU X i o DX o A R, B SRR an i 9 B
N AERJE W R R AR BE % BT R HUIR S5
AT LUA 5 St — 20X B XA M I R AR TS =

(d) FEFARNFIMALS
(d) Methods use
RN and MA

(e) FLSEEIR

(e) Original image

B8 HERKRER

Fig. 8 Ablation test results

(b) WASGHEGR

(a) LE5FIR T
(b) Masked image (¢

(a) Original image

3 ZEip

AHFFESE T T DU E T SO 1Y B AR
BB ESRIE 5 07 1, AT X GL Jr ik A MR UR A

(a) MR (b) BASBREEIR ) BRIFHER

(¢
(a) Original image (b)) Masked image (¢ ) Inpainted result
9 BREXBERER

Fig. 9 Defective area reconstruction results

FRAL S5 B0, ) SAS B AT R AiE £ B 3 70 A5 A
HOIN AR R R R AL T SRR O A A
W25 M RN, el R 0918 52 45 3L, e e B XTI 25
AFE MR HR I A0 A R, 245 BT Wasserstein A3



55 13 FOJEIBE , 4 R T VT IC T SRR SR R s 1R (818 TS

105

e PR — TIN5 I e . A XS EE CE Tk
A GL J5ik , A58 7 i ANUAE L SE SR RS
telf | I ELE RN FE b UE B 5 2 B9 A R0k, iR e
Y, e 5 A Y PSNR {H 3K 1) 28. 48, SSIM {EL ik #]
0.91,5 GL JiEAHE 38 F T 1.03% 41 0. 05%, Ht
DIZEAUE S EMRAE R SR Sk 15 S A AR, e84t
o BLRCRT LA I A AR A R 2% D B R TR B

(1]

[9]

[& % X #ik]
SRR B MOl AR A R AR PR BBl 22 T R TR R T
[J]. tiPE4R 2 ,2022(2) :118-120.
SU L Z. Exploring the development of forestry economy un-
der forestry ecological protection[ J]. Shanxi Agricultural
Economy, 2022(2) :118-120.
ZEA], TR ST SR T ST ] TP E A
WM ,2022,29(2) .5.
QIN L, YU X F. Analysis and suggestion on quality of
wood—based panel products[ J]. China Wood—Based Pan-
els, 2022, 29(2).5.
A7 THT ) B AR 3R T 50 s S92 A i ) 38 Sl SR IR &
507 [ D] AEsT: AEsTARall R, 2020.
SHI Y. Image restoration for motion blur in real—time de-
tection system of veneer sheets surface defects[ D]. Bei-
jing: Beijing Forestry University, 2020.
TR H T2 3 PDE 9 5Bk B BGRB8 0 O
SERORBIFE[ D] IR AUl %% 2011,
WANG A C. Research on the key technology of veneer de-
fect image detection and patching based on variational PDE
[D]. Harbin: Northeast Forestry University, 2011.
ZEIsE. R EARBOR R BRI A S I B Ah BB R
RBLE W[ D] BN TLPE B TR, 2019.
LI M L. Research on key technologies and equipment for
automatic detection and repair of surface defects of furni-
ture wood blanks[ D]. Ganzhou: Jiangxi University of Sci-
ence and Technology, 2019.
GOODFELLOW I J, POUGET-ABADIE J, MIRZA M, et al.
Generative adversarial networks[ J]. Advances in Neural In-
formation Processing Systems, 2014, 27.2672-2680.
YU F, KOLTUN V, FUNKHOUSER T. Dilated residual
networks[ C]// In Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition, Honolulu, HI,
USA, 21 - 26 July 2017:636-644.
YU F, KOLTUN V. Multi—scale context aggregation by di-
lated convolutions [ C]//Proceeding of International Con-
ference on Learning Respresentations, 2016.
IIZUKA S, SIMO-SERRA E, ISHIKAWA H. Globally
and locally consistent image completion[ J]. ACM Trans-

actions on Graphics, 2017, 36(4) . 1-14.

[10] NOORD N V, POSTMA E. Light—weight pixel context

encoders for image inpainting[ J]. 2018. arXiv; 1801.

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[20]

[21]

05585[ cs. CV ]

BRI RE. T PR 22 190 265 18 K2 3T S ML e s 00 F
FE[D]. YFH L Tl k2 ,2022.

WU Z Q. Research on failure prediction of fire control
computer based on convolutional neural network [ D ].
Shengyang: Shenyang University of Technology, 2022.
RONNEBERGER O, FISCHER P, BROX T. U-Net:
convolutional networks for biomedical image segmentation
[ C]// Proceedings of the 18th International Conference
on Medical Image Computing and Computer—assisted In-
tervention. Munich, 2015, 234-241.

FANG Y C, LI'Y F, TU X K. Face completion with hy-
brid dilated convolution [ J ].
Communication, 2020, 80:115664.

XL, XU JRE SR 35 X o I 25 A A B 28 I 446 1) T
BB 1] HFFEHL TR 5 11, 2019,55(2) : 110
115,136.

LIU Y, LIU H Q. Facial image restoration based on ad-

versarial training and convolutional neural networks[J].

Signal Processing: Image

Computer Engineering and Applications, 2019, 55(2):
110-115, 136.

BRIFAR SR 4 MR, 55, FE TR A BRI kY
FHRIEE[J]. THEHLS B 2023,40(2) :617-622.

WU K J, SHAN H Q, MEI' Y, et al. Image restoration
based on attention and convolution feature rearrangement
[J]. Application Research of Computers, 2023, 40(2) ;
617-622.

ZENG Y, FU J, CHAO H, et al. Learning pyramid—con-
text encoder network for high — quality image inpainting
[J]. 2019, arXiv:1904. 07475 cs. CV].

BARMPOUTIS P, DIMITROPOULOS K, BARBOUTIS
I, et al. Wood species recognition through multidimen-
sional texture analysis[ J]. Computers and Electronics in
Agriculture, 2018, 144.241-248.

PASZKE A, GROSS S, MASSA F, et al. PyTorch: An
imperative style, high—performance deep learning library
[J]. 2019, arXiv:1912.01703[ cs. LG].

YUT, GUOZY, JIN X, et al. Region normalization for
image inpainting[ C]//Proceedings of the AAAI Confer-
ence on Artificial Intelligence, Honolulu, HI, USA, 27
January—1 February 2019; 34.2733-12740.

ARJOVSKY M, CHINTALA S, BOTTOU L. Wasserstein
generative adversarial networks [ C ]//Proceedings of the
34th International Conference on Machine Learning, PM-
LR, 2017, 70.:214-223.

PATHAK D, KRAHENBUHL P, DONAHUE ], et al.
Context encoders; Feature learning by inpainting[ C]//
Proceedings of the IEEE Conference on Computer Vision
and Pattern Recognition, Las Vegas, NV, USA, 27-30
June, 2016:2536-2544.





