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Abstract

Depth estimation of endoscopic image and 3D reconstruction of surgical scene are key factors to
CEIER .

XES|H: TN, FbeR, skorte, KRk, sifgid. XTSI FERS R =g EE AN BGS5ES5
¥, 2024, 13(2): 107-116. DOI: 10.12677/jisp.2024.132010


https://www.hanspub.org/journal/jisp
https://doi.org/10.12677/jisp.2024.132010
https://doi.org/10.12677/jisp.2024.132010
https://www.hanspub.org/

TIRW %

improve surgical efficiency of surgeons in minimally invasive surgery. In this paper, a 3D recon-
struction method of surgical scene based on spatiotemporal analysis is proposed, and the proposed
network is designed as an encoder-decoder structure. The encoder uses ResNet34 module, im-
proved SAB attention mechanism, improved FPN module and feature enhancement module, and the
decoder obtains the depth information and pose information of the image through up-sampling, so
as to realize accurate depth estimation of the endoscope image. In terms of tracking and recon-
struction, the camera pose is optimized through spatiotemporal tracking, the depth information of
the spatial dimension is combined with the time dimension, and the three-dimensional structure
of the surgical scene is restored through spatiotemporal analysis and fusion. Hamlyn public data-
set was used for evaluation, and experimental results show that the method proposed in this pa-
per could effectively improve the accuracy of depth estimation of endoscopic images. At the same
time, three-dimensional information of surgical scene could be accurately restored through fusion
with depth information and time dimension to assist surgeons to achieve accurate intraoperative
navigation.
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Figure 1. The overall process of three-dimensional reconstruction of surgical scene
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Figure 2. Overall flow chart of depth estimation
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Figure 3. Depth estimation network framework diagram
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Figure 4. Improved SAB attention mechanism frame diagram
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Figure 5. Depth estimation network structure diagram
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Figure 6. The depth estimation result
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