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A View Reconstruction Method Based on Deep Network
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Abstract; To deal with stereo matching in the environment of only a single view, a full
convolution reconstruction model with weighted local contrast normalization constraint is proposed
on the basis of the existing view reconstruction network model Deep3D. This model adopts the
improved full convolutional neural network architecture as the feature extraction module of the
model to reduce the training parameters and training time, and to increase the nonlinearity of the
model. In order to further improve the accuracy of reconstruction, a new constraint condition
based on weighted local comparison normalization is designed, and a loss optimization function
combining structural similarity (SSIM) cost and L1 cost is used to optimize the model. Experiments
were carried out on the KITTI 2015 dataset, and compared with the Deep3D model and subsequent
improvements. The experimental results show that the generated right view has a great improvement
in SSIM and peak signal to noise ratio when only the left view is used as the training data, which
can meet the accuracy requirements of the right view in the stereo matching method.

Key words: view reconstruction; convolutional neural network; stereo matching; fully
convolutional network; weighted local contrast normalization

SERVEECR = e SR A B R fER R LA IR Y ST A DT R AR T, 2
PR TN MR G S AR B Y SRR R T IR A 2 1 B H L AR
SR, W EAHBLTE B8 I AF e bR B DR 22 MR 2D M) Al (D207 LT 58 MO T 2008 U
R, DR B EARALZE SRR I sre P a2 5 k. 3 BRI P A PRGN 5 X 7 ) B S VR B T 22 ]
Wb K R M = e R R — A BSCR M TIAE BY 5y T R S E T Y R
W U ORI R, O G e FREE PO e iR, I8 e 2 ) 3 SUAR B2 AR IR X
T EARMEAE A R rh H AR BULMT =42k 5 s QBRI Aot % 2] %07 ikt 5 2R A

KRB 2020 -01 -18
E£WH.: ERAA/RFIEETHEIES T H (61902261).
TEE RN, k(1988 - ), B INARMEM A RIS oA TRa (1954 - ) 53 iD= B N AR RS 20% 144 .



1066 ARRXFFR(BAFFIR)

%41 %

B L o 4 R DG A B S R R Ry W B A
S T Rk B ) B Luo 45U YR T8
H R BEAS T ) B0 AT LA 87 3238 S WA~ 1+ [n) A
BVRR P15 ol T 0 A S AR DE i () BT, 5 BUAS T K
FAk A5 AL, SR, 1% B S AR DL B, AR
KAREE e TR A it R RS R, R, A SC
P A AR R SCRE T I EE 5. M ETA 2 3¢
HR T PR R ) v 8T BF ST, Flynn 255 1 UGl
T A FRIR B I 45 D FL A A0 J P g USR5 R A AN
A WAL, Zhou %517 ) A B 22 I 45 27 > A )
S5 B AS TR RR A 0 R O 1 ke 00 A I TR, Xie
A8 3R LT Deep3D 4% M 22 0 J&] v 772 A= A DG
e 8 A A PR R it D 24 i 2D HEL 2 AL 78 1l 3D L B
(1] . Luo 551 7€ Deep3D M 45 3L At I 38 18 24
75 DR 2 S AL T LI A U AR

SR, 3R T 356 T 40 &1 G B A R0 RN B
HBA — 2 1A Ry R4 | 332 M) ST AR DG T 7 32 10 T 445
SR T BENE SR E R LR A OR AR SO T S
(PR T B T v, B — b 1 3 T i e R
PR 2R 2% AR B B AR,  HL ot T —Fhohin Ay
JeyiB R I —Ak (LCN) 2951 2544, IR FH &5 4 A1
PIPE A (SSIM) 5 L1 A ZE & A4 AT Ak bR
BOFRERIYEAT 0 AL, A 190 286 5 T 206 124 o L4 1k
HARZZ 52 B LS 2 ).

1 WEEET A

X — R 1 AS SO T A 12 B P 2R A
YRI5 KRR S SCTE AT 19 28 A58 50 F) BE Al 1 3k
Fr 7R, 51T B IMALR A He ) — A 45 25 >k
SLHAL P AR
1.1 REERFGESN

ARSI WU 52 7 Deep3D'* 7 i i) 3
fili Lt i T 1 A P A R

W A
R ) De[f(i’)/ ARG )

WG )=L () )

s
ARELG)

BiRRE

E1 HEERRAZE
Fig. 1 View reconstruction method
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Fig. 2 View synthesis network model
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Fig. 3 Model training process
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Table 1 Evaluation analysis of models
] SSIM PNSR
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Fig. 4 Parallax,reconstruction error and reconstructed right view with different reconstruction methods
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