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Self Supervised Monocular Endoscope Depth Estimation with Embedded Dual Attention Mech-
anism

ZHANG Lianwu,LI Sheng
{ College of Information Engineering ,Zhejiang University of Technology , Hangzhou 310023 , China)

Abstract ; The sparse texture and restricted field of view of the tissue surface in endoscopic scenes significantly increases the difficulty
of depth estimation. Conventional methods are susceptible to interference from noise, missing texture and illumination variations , resul-
ting in insufficient stability of the results. To improve the accuracy of endoscopic image depth estimation,a self-supervised monocular
endoscopic depth estimation network architecture embedded with a dual attention mechanism is proposed. The network adopts an en-
coder-decoder structure ,and in order to improve the accuracy of the model, this paper integrates a dual-attention mechanism in the net-
work architecture, which specifically includes channel attention and spatial attention modules for extracting contextual information at a
distance in both channel and spatial dimensions. Meanwhile, photometric reprojection error and structural similarity and edge-aware
smoothing are introduced as loss functions to accommodate the special properties of endoscopic images. Finally,it is tested on Endo-
slam public dataset,and the results show that the method proposed in this paper can effectively improve the accuracy of depth estima-
tion of endoscopic images.

Keywords: endoscopic images; monocular depth estimation; channel attention mechanism; spatial attention mechanism; self-
supervised learning
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Fig.6 Comparison of results from different

depth estimation algorithms
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Table 2 Results of the ablation experiment

RS Backhone  AbsRel SqRel RMSE RMSElog §<1.25 §<1.25% &§<1.25°
Baseline Resnet-18  0.324 0.026 0.068 0.352 0.601 0.810 0.919
Baseline Resnet-50  0.320 0.024 0.061 0.345 0.614 0.823 0.927
Baseline + CA Resnet-18  0.318 0.023 0.063 0.337 0.627 0.828 0.928
Baseline + PA Resnet-18  0.302 0.021 0.061 0.324 0.634 0.835 0.936
Baseline + CA +PA Resnet-18  0.204 0.021 0.058 0.303 0. 641 0.842 0.947
Baseline + DA (ours) Resnet-1§  0.292 0.020 0.054 0.294 0.645 0.852 0.953
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