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Depth Estimation of Monocular Road Images Based
on Pyramid Scene Analysis Network
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Abstract: Considering the problem that the prediction accuracy is not accurate enough when the depth
information is recovered from the monocular vision image, a method of depth estimation of road scenes based
on pyramid pooling network is proposed. Firstly, using a combination of four residual network blocks, the road
scene image features are extracted, and then through the sampling, the features are gradually restored to the
original image size, and the depth of the residual block is increased. Considering the diversity of information in
different scales, the features with same sizes extracted from the sampling process and the feature extraction
process are merged. In addition, pyramid pooling network blocks are added to the advanced features extracted
by four residual network blocks for scene analysis, and the feature graph output of pyramid pooling network
blocks is finally restored to the original image size and input prediction layer together with the output of the
upper sampling module. Through experiments on KITTI data set, the results show that the proposed method is
superior to the existing method.
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