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Abstract: The vison inspection technology based on line structured light is broadly used in industrial inspection. The
images dynamically collected onsite usually contain stripe adhesions and local fractures, which influences the center line ex-
traction accuracy and further measurement accuracy. Thus, it is necessary to construct an image inpainting model to remove
the stripe adhesions and fix the local fractures. The existing image inpainting models can achieve high accuracy on RGB da-
tasets, but cannot adapt to laser stripe grayscale images. Therefore, a laser stripe image inpainting network RSM-Net(Recur-
rent Similarity Mapping Network) is proposed. The kernel of RSM-Net is a recurrent neural network. RSM-Net replaces
some original Pconv(Partial convolution) layers with soft-coding Pconv layers to strengthen the feature learning ability. The
asymmetric similarity module is designed to decrease the negative impact of image background features on the restoration.
A mixed loss function containing the multi-scale structural similarity(MS-SSIM) loss term is designed to precisely guide the
restoration of stripe structural information and realize the high-precision laser stripe image inpainting. The experiments dem-
onstrate that the proposed RSM-Net outperforms the compared state-of-the-art image inpainting models in inpainting accura-
cy for small and large stripe adhesions, and local fractures.
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TE T AR BE R B R 04 R L BE B8 0 AN (], i35 TRy
fIE ] £ 22 [R] (4 4% 5XARALEE | J5 & 1SR A B AR XT AR A
{LLBE . Variant2 Fll RSM-Net [ X I ZE T Peonv |2, Al & F
FHAE 5 Peonv-Net BERL Y 4 fith )2, J5 75 % AL AR B9 35
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H AR WL 1 5 e A AR
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RSM-Net R R 2441 AT U B+ B S Pony 2 PSR+, 1K B8
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T S2 5 X T Variantl | Variant2 . RSM-Net 5
BRI 4 A 3 0 BB 5 BB T 2 2 OO0 R B R
Bfl S ROCRE DB RS B . SER A Rk 3
IR B HEAE RANHL B R . Variant] 78 B A K B2 15 b5 |
FR BT BT X EE Y A A L Variant2 X Variantl i
15T DAl 5 4% 5% R oL S e et Sy =l XoF kA {0
B, WY T TORS B . RSM-Net 76 4 /MK B 46 b
4 T AR B Variant2 , B X Variant2 B 15 16 =2 ¥ 15 40

Pconv JZ 2 3 5 B 90 15 Peonv )2 , T &t % Pconv JZ 3
Tk A B T A ) ] s AR X AR i eR
B R AN TR PR DX e R A X £ 18 X el R AE AR 1k
FA) 5% ] 3 A

& 5.8 6 45 Hi T RSM-Net £5 %1 F1 4 4~ baseline F5 !
X 2 A~ LR S BE DX S S A T8 02 1 S B0 25 SR X L
K15 J s /INGBE X R 18 52 28R X L, 8] 6 g os KOBEE
DX 38 FRAE 2R R L

WE 5 Fr 7 , RSM-Net #5250 75 /NG BE X 38 ] LS B
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T8 REME 255 AL BB E OE R AFAE Y AT %A
HOR (AR A 22 fiEe s, 1 B ST 4 [A]# ; PTC-Net Al Peonv-Net U JE 1k 58 3 MG 2 '
MAE MSE PSNR SSIM S M0 L A TR T SR SR 2Y . Peony-Net I 2445 10
Peonv-Net® | 3.0331 | 493.5388 21.1976 0.959149 i
>-Net”! . K .8 A . e N . . \
ot asags | sorsorz T atomr | ossrae HOF] 6 5 | RSM-Net BURLAE G HE DA 47T L)
- - - - 5z Bl %l I 46 4g 4t N
RFR-Net"® | 2.8189 | 481.4003 21.3057 0.962518 i} fﬁmﬂ” f‘] 'gﬁ6ﬁ@% LR 22 i%ﬁ?f?lﬂ
U D N
Variant] 24387 | 388.7194 22.2344 0.964595 FRBE I L, FCrf LBAM R PIC-Net A7 7E0E 26 e 4
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Variant2 2.0234 | 2773013 23.7013 0.968528 8 4% ANV i ]
RSM-Net 17837 | 217.6479 | 247533 | 0.972458 25 b RTIR , AR SCHE Y Y RSM-Net #58 JC 8 7E /NG

K51 1445 & ; Variant1, Variant2 FIl RFR-Net 76 1% X 3813

(g) RFR-Net

(b) ¥t

¥ ¥ —

BE DX A 2 RGHE X ek 1 948 52 RO B 35 L T 24 il
FRAEGIE R AL

(e) PIC-Net

(h) Variantl (i) Variant2 (/) RSM-Net

K5 BRG] CNEREX )

(¢) Ground-truth (d) Pconv-Net ) PIC-Net

(h) Variant1 (i) Variant2 (/) RSM-Net
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3.5.2 HREESLIXIEL

AR SZE X L T Variant] | Variant2 . RSM-Net
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MAE MSE PSNR SSIM
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