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Generate Adversarial Depth Repair Under Structural Constraints

LU Qi', GONG Xun"'?*?*

(1. School of Computing and Artificial Intelligence, Southwest Jiaotong University, Chengdu 610031, China; 2. Engineering
Research Center of Sustainable Urban Intelligent Transportation, Chengdu 610031, China; 3. Manufacturing Industry Chains

Collaboration and Information Support Technology Key Laboratory of Sichuan Province, Chengdu 610031, China)

Abstract: Unlike RGB images, pixels in depth images represent the distance from the acquisition device to
the points of the scene, and the direct use of inpainting methods for the natural image can not effectively
restore the scene structure of missing areas in deep images. This paper proposes a two-stage code structure
generation counter-network to solve the problem of deep image inpainting. Unlike standard generative
adversarial network (GAN) models, the generator network in this paper includes depth build G, and depth
repair G, modules. G, obtains the predicted depth from the RGB image, replacing the missing area of the
depth image to be repaired, and ensuring the local structure consistency of the repair area. G, introduces
RGB image edge structure to ensure global structure consistency. The consistency of the missing areas,
which is not considered in the existing image inpainting methods, is solved by a structure consistency

attention module (SCA) embeded into G,. The proposed depth image repairing model is verified on

HE&EWEFHFHRPBHRA(62376231) ; T4 T A AT H (2023YFG0267, 2023YFS0202) 5 H e 5 48 B A BBl 55 2% B 4%
B33 3 (2682021ZTPY030,2682022KJ045) .
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several mainstream data sets, showing that the effect of structural constraints, and the combination of the
generator and discriminator is evident.

Key words: depth image; image inpainting; two-stage generative adversarial networks; edge information
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Fig.1 C-D GAN network model

TP U 26 S T B HIR A THT 55 R R BIR B BRI e die . 455 A RGB B o, i
L0 A5 SRR ) O R B MR P RoR A
P, =G, (x) (1)
BB H R B Al ST 32 2045 S BT 815 /43 26 A W A5 80, 5 1 XU H I/ ALY 47 114 TG i A
R DL K e T AR B 2T 0 GRS S RS B o A S8 TR BE A= ol I 4% 5k T TR XURG 3 8 1) 7 =Xk A TR
FEEIME o WA IEHS 7T LABA R S — > A 25 EG B B A e X BHR 43 A 6 55 i 7 L 8 — A RS (IR0
IR EE R B 5 — D EHR CHARED b A BT B2 7w/ ME BB H ARSI A Z 8] Y BE 2 . AR SOy IR
S A R P 2% ) A — JEVARL, SR 6 R RS B UR 8 RGN 3
TESIL b, — A7 B 7 52 02 R A FR Bl 8 090 245 e /) A IO 288 i 114 118 450 3R (8RN L 52 {1 22 ) ) i A it
Qe CRRIGREES ) o SR, B T 00 H T B Al 1 ) R[50 A 1) 22 B2 Pk (2 A 380 09 R T AT LK 7 T B A
RGB EM4 ), FH 5L T 5 — F 450 2 T00 00 % B85 170 A 25 1 A 0 )~ 2 Bl 000 285 2 v o A AT REASE A 1) °F- 28
B, JC 45 0w R AR A o 8 R X BTN 2 i Oy 2, A5 BISE AR DA 43 A vh g R — A BB BE A 7 A T
B A . S SCHR9 ], TR BE AR UM 45 SR FH S B UNet 1 S fi B 25 4, SE A 9 78 1.3 9 v 43
TR BE A2 8 00 246 Ay A5 28 00 % BE LR P, PR e 5 18 52 TR B2 TRMR A 5 X B, DR IE T 18 52 IX 3l )
BRAE R —F Mk . P A BB Y AR R B R R R T & A U S A A AE Bk . S T IR
R EERE B A SCHR A Canny 595 N RGB BG4 Bl 4540 IR . IR EEAEEZ N R P, i 4 45
Fa ] o R A6 S TR 11 m A g i A, JF 0 R A A 8 A iR BE I Py,
P,=G,(P,m,n) (2)
1.2 SCA#EHR

A SCAE IR FEAE 5 N 28 F i A T 45 ) — 3073 & 77 (Stracture coherent attention, SCA) L . & 2 i



FooF FEMARTHARTRRERBGS L 1051

TR G 7 R AT 1 T 1 X R | r,
T SC X ] A B 2ok T ek K, T2 W T AR ALK L g

[ A S, & S BB B 45 A o = 8 ek FniE et . 2 E
B AIHLE L K Liu 25V f B9 58 A, 8 0 % 18 Bk 2k 1X Jek )

B AR SEPE BT 2 4 — Bk B B e . W 3 s, SCA R B Ijiﬁﬁéﬁgﬁ
BB 4B B < R A A o
W% T RGELL 0 )b 22 4h T 4R P B | SRR

k _ L Fig.2 Previous inpainting methods
AAE X, SCA JZ S 7E R P8 R AL & s 1y L SCHb
TR HTFHHAR,. KRG EENESH D™ WMD" T

2k AR BT R, DY (R4 R AL T OCRORAIRUE  poe pon DR D
B AN T R, B9 ARl B A, D AT 2 A0 48 P A 28 1 kb ZR L : z:l R|— ;
T AR RS, FR I8N ’7 il gﬁ;{sw
<R, R,> D= ot D
= (3) 7 E
HRI H Rz’ H L R 1 R
C | R | R~ | (a) Searching (b) Generating

Fl3 SCARiH
Fig.3 SCA module

ERC A BTG A A EE T AR
05 AT A B A 1 AR B — AN T B SR R A
T ,Di'= 0 ,R=R,. \R,JFUf, i TRA LA T m — LERZH MGG (5) KRB m,. A
L B AT AR B R,
D D _

= rg pre SR T s e R (5)
D + D> DY+ Dy

1.3 AT
TR P Az i 0 2% 45 46 il 256 18 32 X 256 18 2 i A T8 R i b B A TR RE 4 3 10 A ORIl Pro 4
B B4 & 8 -4 A2 i Leaky Relu £ A 0 ok 85, H N i KN R 4 38 TE 55053 701 o 64,128,256
512.512.512.512.512, 2Ky 2. fifk it 4 000 gt B B B 26 AL AR 45 4 , 1 FH S A5 AR AT 1R, JF sl 2D e
TEBRSS(128.64.3) o 245 F i Ja — )2l ] tanh /5 R 006 pR AL
TR A5 52 I 24 245 460 P G B0 4 0 A 00 2 AL 1o B B Bl FH T A9 30X 3 3 45 BRI 4 X4 I 9 5Kk
o 3X 34 B HE 7 5 1) RO EURE 38 308 )™ 1 — 1%, BE 8 52 /& W0 28 JRAR IR B 0 SUAR BB J) o 4 X4 9"
KA BB 25 ] Bl 2D — 2B ORGSR S L BRI 1 RS2 Y, B AR A5 B R BE LR ol SRR s AR
SCEE ) —BOMETE R 2 RS S WA G v A 32 . AR O B I 4% 118 S 0 A0 A R
1652 VR B RN AR TR MG o 22 SCHR [ 11 0% 0 30 25 90 4 25 44, 36 BRI 45V S 10 28, C-D GAN ) 51 2%
38 4 BUZ R R AR )2 AR, R VGG R 2% $2 BURHAE 181 58 X 4318 52 56 3 UG R E 4R R .
1.4 HMEEH
A SORE A5 R R K Ry R 43 X PR R R R o B2 SRR 12 T IR R, AR SOR A T L Y4
B T RGP RS, T 2 6 A 48 2 R 43 S R X E A A 2 L R TR SO X AR L e P ST
(Hrp - RoRFITHRE M), RIKA N
L, =1G,(G(z2),m,n)— x|m (6)
Leonet = G2 (G (x),m,n)— zl+(1 —m) (7)



1052 R E B L Journal of Data Acquisition and Processing Vol. 38, No. 5, 2023

ik 4 A TR B S IX AR 3R AR S AR R — A /N B R s T L Y R R
JIE AR SR A A 23 8] T8, A AR Ol
L = a1 Linore T @5 Loniext (8)
Py Tl a, 73 12X B4R AR R (=1, a,=1.2, ZE BEIE LR 351 A) .
A S ] WGAN-GP S UE Jy st Hi it 28 . WGAN-GP & WGAN $ 25 58 % 09 e ik RAS | 38 38 51 A KS
JIF A5 S Ab B WG AN 515 i A0 B8 H 4 0] . WGAN-GP g — ik T GAN I AR T 2, BRI e 1Y
4%, WGAN-GP St 2 %o X iy

Liw=Eie, [ D(2)]= E.e, [ D(x) ]+ aE,;ePr[H V.D(z) H2 o 1:|2 (9)

D g FU 5 5 o AT o5 s 22 a0 0 S PR T PR LA B X AR AEL 5 g o, 2 U0 5501
Je FEXT I A A
L SE RCEE R IY RPN S & 1 N T )
L,=aL,.+ BL,, (10)
A 2 o O H AR R AN A B0 8 O M BB R AU R B (BD U @ = 0.05, 8= 0.95) , AT Adam i BE L AL 5

2 XWEHERSW

2.1 HIE&EMWALE

NT B UE A SCOT W A R AR SCHE A A [ 26 LY Bdls 4 B E AT I AG - NYU Depth Dataset
V2" H Bosphorus ™. NYU Depth Dataset V2 ¥4 4 2 i FI K (19 Kinect M 464 /> [ % P9 37 5 U 48
RGB FRE R4 . 1 08B 07 B0 20 B R AR 2 307 Ik B% . LA RS 64045 28 X 48018 & (1 &4 T
Kbt —2f ,RGB Fl Depth Bl Jv ¥ B F BN SR E AR5 AT 0 R8T o B0 42 MG 43 ok 256 18 3% X
256 12 F 1 RGB R X I AR BE B . Bosphorus 2085 & & 171 F 05T = 4 F0 — 4 A NG A BEAT 55 . B8
JPE AL 1054 A9 4 666 5K =4k AR o o 42 IR B8] 43k 256 18 R X 256 132 F 119 RGB R R Y
TR

HERE N T PRAN AR SORE 1 R Bl 4 40 A Hp O TN B AL I AT TS0 . X O
B, S B A AR A v g TR TR 0 A5 2 A AR AR O3 AN B DU 1) B 1 A ] T SCRR [ 16 1 TAE AR 6 AL
A 5 P 5 T AL EE (B 0%6~10%6, 10 % ~20 %6 ) 3fe K] 43 7S [ 28 20 (g AS B0 e A8 . 8 5 JR1 4% 1) K /N hy 256
%% X 25614 %,
2.2 BSHEIZE

YRR R B Adam 536 HEAT AL, 90 B2 20 RN 0.000 2, 68 2 5086 B 4 R BN 0.5, 2 I
BT 0.1, 59828 Ak BB > 0.01, 208 5 10 5.
2.3 EJ|MWEIEMH

A4 3 NY U 37 5 %5040 4 R Bosphorus A B84 48 35 B 500 5K PSR, 7 HC #5 R5E RIS A1 D) 44 Jse
R T INR VAL . BT ORI BA A R GAN B T R G A8 5 4 Y SCk AR S R i
AETE RGB ES 47 8 B 58 25 808 R oA S iy LiT™ | Lahin ™ Zamir' " /E Jy 3 Uk, X6 4 3257 $2 19
C-D GANZEATSLEG X e o B 4 J 7R T oD 3 S, S [ 7 9 1 A 2 1 e B 45 51 5 781 5 R T fifi i Bt
HUHE RSB, AN [6) 7 3k B9 52 P L AR 4 SR o TR 4 RIEL 5 W (985 147 RIES 247 /& Bosphorus R 3K 25
HAATJE NYU EG AR a5 H . WnE 4 FniEl 5 0 8 ad o] 0040 R B G & 25 B 00 A7 32 AR 52 7411
Bosphorus A i F J5t 4 U8 BE (6148 &2 45 2 1 T 1PAL , LA LR SCERAR 30 T 45t 4, 5 REBEE X
B BT SRR . NYU B8 5108 5 45 S A7 0O AR 48, B R B T T i 2 AR e . Tl LR R B



P FMART AR RIRERE L 1053

o

(a) RGB (b) Depth map to (¢) GroundTruth (d) Li* (e) Lahiril™ (f) Zamir"” (g) The proposed
be restored method
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Fig.4 Qualitative comparison of center masks
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(a) Depthmapto  (b) GroundTruth  (c) No edge structure ~ (d) Using deep edge (e) RGB edge
be restored information information information
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Fig.7 Effect of different edge structure information
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Table 3 Control results of edge structure information on NYU dataset
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Fig. 8 Impact of SCA module
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Table 4 Comparison results of SCA module on NYU dataset
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38 5 U 0.83 25.64
FRXEENE 0.88 27.83
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