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Light Field Depth Estimation Method Based on Encoder-decoder Architecture
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Abstract Aiming at the solution to the time-consuming and low-precision disadvantage of present methodologies, the light field
depth estimation method combining context information of the scene is proposed. This method is based on an end-to-end convolu-
tional neural network, with the advantage of obtaining depth map from a single light field image. On merit of the reduced compu-
tational cost from this method, the time consumption is consequently decreased. For improvement in calculation accuracy, multi
orientation epipolar plane image volumes of the light field images are input to network,from which feature can be extracted by the
multi-stream encoding module,and then aggregated by the encoding-decoding architecture with skip connection, resulting in fuse
the context information of the neighborhood of the target pixel in the process of per-pixel disparity estimation. Furthermore, the
model uses convolutional blocks of different depths to extract the structural features of the scene {rom the central viewpoint
image, by introducing these structural features into the corresponding skip connection,additional references for edge features are
obtained and the calculation accuracy is further improved. Experiments in the HCI 4D Light Field Benchmark show that the Bad-
Pix index and MSE index of the proposed method are respectively 31. 2% and 54. 6% lower than those of the comparison me-
thod,and the average calculation time of depth estimation is 1. 2 seconds,which is much faster than comparison method.
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Table 1  Effect of the number of viewpoints on performance
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(1) ¥R 14 % % (Bad Pixel Ratio, BadPix), 4 %I X 13 il
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{G))EN:|disp(i,j) —dispy (isj) | >e)
N

BadPix(e) =

D)
Ho e R M BIE . R4 HCI-4D S 56 i i v i )
AR W e BEEH 0,07,
(2)¥ 77 2% (Mean Square Error, MSE) , 77 22 F T4 I
TR g A0 25 TN I 0 I =2 ) ) O 25 R R A 3R A SR
B A SR R 22 10 T 7 AW ¥ (E Sk £ R . MSE # # H
TV A 0 e 22 5 B . MISE 19 {88 /0N , U BA A5 0 5k 375 1R
G0 22 R0 0o i BE B . AN T

MSE:%E(disp(i,j)—dis,bm(z‘,j))z (8)

4.3 ELWHER
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Comparison of experimental results

BadPix(0.07)

Algorithm AVG Backga- Dots Pyramids Stripes Boxes Cotton Dino Side-
mmon board
PS_RF?7) 6.961 7.142 7.975 0. 107 2,964 18. 946 2.425 4,379 11.752
spOl! 8.233 3.781 16. 274 0.861 14.987 15. 889 2.594 2.184 9.297
EPN+O0S+GC™2 11,200 3.328 39.248 0. 242 18.545 15. 304 2. 060 2.877 7.997
SOA-EPNH# 7.166 3.452 31. 005 0. 243 2.835 11.515 0. 854 1.707 5.722
Ours 4.784 1.163 6.223 0.508 5.362 15.034 0.727 1.551 4.710

MSE
Algorithm AVG Backga- ) L. . X Side-
mmon Dots Pyramids Stripes Boxes Cotton Dino board
PS_RF27) 3.694 6.892 8.338 0.043 1.382 9.043 1.161 0.751 1.945
spOLt] 3.572 4.587 5.238 0.043 6.955 9.107 1.313 0.310 1.024
EPN+0S+GC28] 5,980 3.699 22.369 0.018 8.731 9.314 1. 406 0.565 1.744
SOA-EPNI 4.894 4.016 24. 004 0. 020 1.296 7.698 0. 484 0.471 1.167
Ours 1.677 3.204 1.774 0.013 0. 951 6. 157 0.511 0. 141 0. 666
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Table 4 Comparison of calculating time

(A 2 s)
Algorithm Boxes Cotton Dino Sideboard
PS_RF[27] 1189. 644 1227.095 1297.555 1031.817
SPOL4] 2128.000 2025.000 2045.000 2073.000
EPN+OS+GCL28]  331.375 200. 031 239.734 276.313
SOA-EPNL14] 72.257 74.267 72.259 75.598
Ours 1.307 1.116 1. 143 1. 301
Boxes  ground-truth PS_RF SPO  EPN+OS+GC SOA-EPN Ours
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m
=

P 7 AR SOk 5 R L T A R 22 P B AT AR AL 2

Fig. 7 Visualization results of estimated disparity maps of our

method and the comparison method

S FATHE A UG AR Ik 42 I 25 i 185 380 X EP-

FL Light-Field Image Dataset®’” 1 “INRIA Lytro Light
Field Dataset™* " $&4it 1) 5. 52 3 AR 647 T M0, 0 3 2%

W 8 i, KoL | 4 DI 5ok B EPFL 84 4. %5 5 1~

ook @ INRIA $04is 45, 08 By 3 5t v 306 & &2 2% 10 B B4 1%

B, TR 22 18 a] DLE B AR SO R E B IO g &

L AE 15 B 0 O 25 50 L IR AE R A P 5t T L RE T
A5 2 3 0 L BRI A R 0 2 X UE R TR SCHR M B R 4% BT
B 9z e e

Bl 8 HIDL AL 2 R
Fig. 8 Estimated disparity maps of real light filed scene
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