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Abstract When performing computer vision tasks such as three-dimensional reconstruction and scene understanding, it is
a basic task to recover depth information in three-dimensional space from two-dimensional images. When deep learning is
currently used to complete this task, methods with higher accuracy often require a huge amount of data, and the acquisition
of these data is usually complicated and expensive. In response to this problem, this paper based on transfer learning, and
proposes a encoder-decoder network using global self-attention. It takes a single image as input and has a global receptive
field at each stage of encoding. After decoding, the depth regression task is transformed into a classification task, greatly
reducing the amount of training data required while ensuring the accuracy of the model. The experimental results show that
compared with the current state-of-the-art depth estimation networks AdaBins and DPT-Hybrid, the designed model
reduces the root mean square error by about 2. 2% and 0.3%, and reduces the amount of training data by about 80% and
99.6%.
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Table 1 Quantitative comparison with prediction results of other models

Model S5, 4 5, 4 5,4 REL v RMS vy log, ¥ Train cost /10°
Model in literature [ 5] 0.769 0. 950 0. 988 0.158 0.641
Model in literature|[ 8] 0. 828 0.965 0.992 0.115 0. 509 0.051
Model in literature|[ 4 ] 0. 895 0. 980 0.996 0.103 0. 390 0.043 80
Model in literature[ 7] 0.903 0.984 0.997 0.103 0. 364 0. 044 12.67
Model in literature[ 11] 0. 904 0. 988 0.998 0.110 0. 357 0.045 691.2
Proposed model 0.902 0.987 0. 998 0.103 0. 356 0. 044 2.53
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Fig. 7 Ablation study of different loss functions. (a) Comparison of using L, or not; (b)(c)(d) comparison of using L, combined with

different loss items and weight values
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