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Depth estimation of complex textured light field image
based on multi-level residual fusion
ZHAO Yi', ZHAO Juanning®, SUN Lianshan'
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China; 2 School of Physics and Information Engineering, Shaanxi University of Science and Technology,
Xi'an 710021, China)

Abstract: The depth information of a light field can be computed using deep learning—based algorithms, yet it remains challenging
to obtain high—precision depth values in areas with image parallax, edges in light field images, and complex textures. In this paper,
we propose a multi-level residual fusion network for light field image depth estimation. This network leverages residual modules to
extract multi-level residual features, enhancing the network’s ability to capture details while maintaining its depth. The multi—level
residual fusion module is employed to combine these features, resulting in fusion features that encompass both shallow texture
information and deep semantic details. We applied this method to process the HCI4D light field dataset, achieving a mean squared
error index of 1.471 for image depth estimation and a bad pixel rate index of 4.208. Experimental results demonstrate that our
approach effectively handles complex occlusion scenarios in light field image processing.
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Fig. 1 Structure diagram of multi-level residual fusion network
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Fig. 2 Depth maps from four scenes in test dataset
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Fig. 3 Dead pixel plots from four scenes in test dataset
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Table 1 Comparison of MSE * 100 indicators of depth maps with different methods

Method boxes cotton dino sideboard backgammon pyramids stripes dots Avg
1f 17.43 9.168 1.163 5.071 13.01 0.273 17.45 5.676 8.655
spo 9.107 1.313 0.311 1.024 4.587 0.043 6.955 5.238 3.572
If_oce 9.593 1.074 0.944 2.073 22.78 0.077 7.942 3.301 5.973
cae 8.427 1.506 0.382 0.876 6.074 0.048 3.556 5.082 3.244
epinetfen ~ 4.189 0.287 0.336 0.778 3411 0.016 1.744 14.48 3.155
A3 3.750 0.220 0.130 0.618 4.480 0.008 1.125 1.440 1.471

K2 ARG ENREE BPT%3TEL
Table 2 Depth plots BP7 % comparison of different methods

Method boxes cotton dino sideboard backgammon pyramids stripes dots Avg
If 23.020 7.829 19.03 21.98 5.516 12.35 35.74 2.900 16.05
$po 15.890 2.594 2.184 9.297 3.781 0.861 14.98 16.27 8.233
If_oce 26.520 6.218 14.91 18.49 19.07 3.172 18.41 5.822 14.08
cae 17.880 3.369 4.968 9.845 3.924 1.681 7.872 12.40 7.742
epinetfen  12.839 0.508 1.286 4.801 3.580 0.192 2.462 3.183 3.606
AL 13.320 0.590 1.550 4.157 5.580 0.320 5.669 2.480 4.208
2.3 HRAIE FEREERE T RS2 AT 1 8 00T . TH Rl SC IR 2

THRLSCH R T 4D HCIOUS e & R SRILER 3,406 H] M_CRB i, M2 Y307 R 245 45
MSE YERITALHE AR X £ 4~ CRB(M_CRB) Fl MFFB W35 REA, UEAH 2 9 5k 2= 4 6 1 R AE 52 B 1T %
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Table 3 Quantitative comparison of module ablation

Method MSE
Base 2.26
M_CRB 1.67
MFFB 1.78
M_CRB+MFFB 1.47
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