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Table 2 Comparison of experimental results for different models on the NYU Depth V2 dataset
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w2 T
RMSE REL LG10
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§<1.25 §<1.25% 86<1.25°

CHK[30] 0.555  0.127  0.053  0.841  0.966  0.991
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WCHR[19] 0.523  0.113  0.049 0.872 0.975 0.993

SCHK[20] 0.528  0.115  0.049  0.870 0.974  0.993
AR5

0.508 0.112 0.048 0.875 0.977 0.994
(R2SE)
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Fig. 6  Visualization of results on the NYU Depth V2 dataset
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Monocular image depth estimation based on multi-scale
feature extraction

YANG QiaoNing JIANG Si  JI XiaoDong YANG XiuHui

(College of Information Science and Technology, Beijing University of Chemical Technology, Beijing 100029 , China)

Abstract; The overall accuracy of the depth map in current monocular image depth estimation methods based on
depth learning is poor due to insufficient network extraction features and loss of edge information. In this paper, a
monocular image depth estimation method based on multi-scale feature extraction is proposed. Firstly, Res2Net101
is used as the encoder, the channel is grouped in a single residual block, and the stepped convolution method is
used to extract more fine-grained multi-scale features to strengthen the ability of feature extraction. Secondly, a
high pass filter is used to extract the edge of the object in the image to preserve the edge information. Finally, the
structural similarity loss function is introduced to make the network pay more attention to the depth correlation be-
tween adjacent pixels in the local area of the image. The method is verified on the NYU Depth V2 indoor scene
depth data set. The experimental results show that the method proposed in this paper is effective, improves the o-
verall accuracy of the depth map, and the root mean square error (RMSE) reaches as high as 0. 508. For a thresh-
old value of 1. 25, the accuracy reaches 0. 875.

Key words: monocular image ; depth estimation; multi-scale feature; structural similarity loss function
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