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Monocular depth estimation model based on multi-level feature fusion
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Abstract: In order to obtain the depth map with complete information, boost the quality of
prediction depth map, and solve the problem of feature fusion in monocular depth estimation
model, a dual-stream neural network model was proposed integrating multi-scale and multi-
layer features. In this model, ResNet-50 residual network structure was used to extract depth
feature information, and pyramid structure was used to fuse image features of different levels to
realize feature fusion of low, middle and high levels, so as to ensure the effective complementarity of
features at different levels, improve the transmission of feature information among multiple levels, and
to a certain extent, avoid the omission and lack of information. The experimental results on the KITTI
(Karlsruhe Institute of Technology and Toyota Technological Institute) dataset show that the root
mean square error of the model is 2. 370 4, the root mean squared log error is 0. 229, the average log10

error is 0. 118, and the threshold accuracy is 0. 686, 0. 951 and 0. 977, respectively, which
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achieves sound evaluation results.
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Fig. 1 Overall architecture of network
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Fig.2 Upsampling “pyramid” Fig.3 Downsampling “pyramid”
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Table 1 Error and accuracy comparison results of six models

- R 2% bi)is
RMS Log RMS Log 10 o1 02 0s
Eigen 2.644 0 0.272 0.167 0.488 0.948 0.972
Laina 2.461 8 0.243 0.126 0.674 0.943 0.972
Yin 2.519 3 0. 247 0.134 0. 640 0.947 0.979
Gur 2.399 6 0.234 0.120 0. 684 0. 949 0.975
Heo 2.408 2 0.235 0.121 0. 685 0.946 0.974
A LAY 2.370 4 0.229 0.118 0. 686 0.951 0.977
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Fig.7 Predicted results by model of this paper
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