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Table 1 Comparison of BP between proposed method and other algorithms unit: %
Backgammon Dots Pyramids Strips Boxes Cotton Sideboard Avg
OFSY 330 4.828 37.670 0.356 18. 640 19. 246 3.036 10. 355 13. 447
CAE 3.924 12.401 1.681 7.872 17.885 3.369 9.845 8. 140
EPI-refocus 4.305 3.904 0.424 3.922 12.170 0. 559 5.955 4.463
EPINET 3.501 2.490 0.159 2.457 12. 341 0.447 4.462 3.694
OBER-cross+ ANP 3.413 0.974 0. 364 3. 065 10.759 1.018 5.671 3. 609
LFauNET 3.126 1.432 0.195 2.933 11.044 0.272 2.870 3.125
SPO-MO 3.450 2.781 0. 050 4.118 15. 494 2.161 7.515 5.081
Fast-LFnet 5.138 21.169 0.620 9.442 18.699 0.714 7.032 7.467
OAVC 3.120 69. 100 0.830 2.900 16. 100 2.550 12. 400 15. 286
OACC-Net 3.931 1.510 0.157 2.920 10. 700 0.312 3.350 3.269
Ours 2.179 0.772 0. 365 1.779 12. 087 0.497 3.956 3.091
w2 PRI S H ARSI IL B MSE X Lt
Table 2 Comparison of MSE between proposed method and other algorithms unit: pixel
Backgammon Dots Pyramids Strips Boxes Cotton Sideboard Avg
OFSY 330 7.549 14.756 0.008 7.269 9.561 2.653 2.478 6.325
CAE 6.074 5.082 0.048 3.556 8.424 1.506 0. 876 3.652
EPI-refocus 5.553 3.063 0.041 1.870 7.552 0.573 1.609 2.894
EPINET 3.705 1.475 0. 007 0.932 5.968 0.197 0.798 1. 869
OBER-cross+ANP 4.799 1.757 0.008 1.435 4.750 0.555 0.941 2.035
LFattNET 3.648 1.425 0. 004 0.892 3.996 0.209 0.531 1. 529
SPO-MO 4.133 3.763 0.009 1.934 10. 374 1.329 0.932 3.211
Fast-LFnet 1.488 3.070 0.018 0.231 4. 260 0.339 0.742 1.450
OAVC 3.840 16. 600 0. 040 1. 320 6.990 0. 600 1.050 4.349
OACC-Net 3.938 1.418 0. 004 0. 845 2.892 0.162 0.542 1.400
Ours 2.056 0.795 0.010 0.339 3.771 0. 260 0.649 1.126
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Table 3 Comparison of operation time unit: s Table 4 Results of ablation study
‘ Avg . . MSE /pixel BP /%
Algorithms runtime Algorithms Avg runtime Model Training Testing Training Testing
SPO-MO 2115. 417 LFattNET 5.862 Baseline 1.932  2.279 12.087 14.610
EPI-refocus 72.742 OAVC 4.220 Baselines+3D _Conv ~ 1.475  2.012 9.424 11.919
EPINET 2.041 Fast-LFnet 0.624 Baseline+Mix_Att 1.352  1.656 5.406  9.825
Ours 0.387 Full 0.728 1.184 2.838  4.820
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Fig. 7 Visual representation of BP
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Depth Estimation Method of Light Field Based on Attention Mechanism of
Neighborhood Pixel

Lin Xi, Guo Yang, Zhao Yonggiang, Yao Naifu

School of Automation, Northwestern Polytechnical University, Xi'an 710129, Shaanxi, China
Abstract

Objective Accurate acquisition of depth information has always been a research hotspot in computer vision. Traditional
cameras can only capture light intensity information within a certain time period, losing other information such as the
incident light angle helpful for depth estimation. The emergence of light field cameras provides a new solution for depth
estimation. Compared to traditional cameras, light field cameras can capture four-dimensional light field information.
Micro-lens array light field cameras also solve the problems of large camera array size and impracticality to carry.
Therefore, employing light field cameras to estimate the depth of a scene has broad research prospects. However, in the
existing research, there are problems such as inaccurate depth estimation, high computational complexity, and occlusions
in multi-view scenarios. Occlusions have always been challenging in tasks of light field depthestimation. For scenes
without occlusions, most existing methods can yield good depth estimation results, but this requires the pixels to satisfy
the color consistency principle. When occluded pixels exist in the scene, this principle among different views is no longer
satisfied. In such cases, the accuracy of the depth map obtained using existing methods will significantly decrease, with
more errors in the occluded areas and edges. Thus, we propose a method to estimate light field depth based on the
attention mechanism of neighborhood pixel. By exploiting the high correlation between depth information and neighboring

pixels in sub-aperture images, the network performance in estimating the depth of light field images is improved.

Methods First, after analyzing the characteristics of the sub-aperture image sequence, we utilize the correlation between
the depth information of a pixel in the light field image and a limited neighborhood of surrounding pixels to propose a
neighborhood pixel attention mechanism Mix Attention. This mechanism efficiently models the relationship between
feature maps and depth by combining spatial and channel attention, thereby improving the estimation accuracy of light field
depth and providing the network with a certain degree of occlusion robustness. Next, based on Mix Attention, a sequential
image feature extraction module is proposed. It employs three-dimensional convolutions to encode the spatial and angular
information contained in the sub-aperture image sequence into feature maps and adopts Mix Attention to adjust the
weights. This module enhances the representation power of the network by incorporating both spatial and angular
information. Finally, a multi-branch depth estimation network is proposed to take part of sub-aperture images of the light
field as input and achieve fast end-to-end depth estimation for light field images of arbitrary input sizes. This network
leverages the proposed attention mechanism and the sequential image feature extraction module to effectively estimate
depth from the light field image. Overall, we propose a novel estimation approach for light field depth. By leveraging the
correlation between neighboring pixels and incorporating attention mechanisms, this approach improves the depth
estimation accuracy and enhances the network’s ability to handle occlusions. The proposed network architecture enables

efficient and robust depth estimation for light field images.

Results and Discussions In quantitative analysis, mean square error (MSE) and bad pixel rate are chosen as evaluation
metrics. The proposed method demonstrates stable performance, with an average bad pixel rate and MSE of 3. 091% and
1. 126, respectively (Tables 1 and 2). In most scenarios, the method achieves optimal (bold) or suboptimal (underlined)
depth estimation results. The effectiveness of the proposed attention mechanism (Mix Attention) is further demonstrated
by ablation experiments (Table 3). Qualitative analysis (Figs. 7 and 8) reveals that the proposed method exhibits strong
robustness in depth-discontinuous regions (hanging lamp in the Sideboard scene), high accuracy in texture-rich areas and
depth-continuous regions (Cotton and Pyramids scenes), reduced prediction errors in areas with reflections (shoes on the
floor in the Sideboard scene), and high smoothness at depth edges (edges in the Backgammon scene). Generally, the
proposed method yields more desirable disparity estimation results. Experimental results indicate that the overall
performance of the proposed network surpasses that of other algorithms. Therefore, the proposed method exhibits stable
and superior performance in depth estimation, as indicated by the selected evaluation metrics, quantitative results, and

qualitative analysis.

Conclusions Aiming at the estimation task characteristics of light field depth and the features of light field data, we

propose an attention mechanism of neighborhood pixel called Mix Attention. This mechanism captures the correlation
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between a pixel and its limited neighborhood pixel in the light field and depth features. By calculating the feature maps of

the neighborhood, different feature maps in the network are selectively attended to improve the utilization efficiency of light
field images. Additionally, by analyzing the pixel displacement between different sub-aperture images in the light field, a
fast end-to-end multi-stream estimation network of light field depth is introduced to employ three-dimensional
convolutional kernels to extract sequential image features. Tests on the New HCI light field dataset demonstrate that the
proposed estimation network outperforms existing methods in three performance metrics, including 0. 07 bad pixel rate,
MSE, and computational time. It effectively enhances the depth prediction performance and exhibits robustness in
occluded scenes such as Boxes. Ablation experiments show that the proposed mechanism fully exploits the correlation
between neighboring pixels in different channels, improving the depth prediction performance in the estimation network of
light field depth. However, the performance of the proposed method is unsatisfactory in regions lacking texture
information. In the future, we will focus on techniques such as spatial pyramids to enhance the network's ability to extract

multi-scale features, smooth the depth results in textureless regions, and further improve the depth estimation reliability.

Key words light field image; depth estimation; neighborhood pixel; attention mechanism; neural network
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