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One-Shot Depth Map Generation for 3D Modeling of
Laparoscope Video Using Deep Learning
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Abstract: This research aims to generate depth map by one-shot in situation of monocular laparoscope using deep learning.
Recently, as a method of presenting 3D information in abdominal cavity to surgeons, AR 3D annotation systems has drawn
attention, and it is strongly expected to be introduced to actual medical sites. Currently, 3D information to systems is estimated by
image feature based method such as SfM and stereo vision. However, these methods are intolerant of low texture. In order to solve
such problem, we use deep learning to generate depth map from laparoscope by one-shot. First, using image pair (RGB image and
depth map) captured from RGB-D camera to generator learning. Next, correct distortion of RGB images captured from monocular
laparoscope, and execute the homography transformation from laparoscope to RGB-D camera. We also confirm the effectiveness
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our method to generate depth map.
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Fig. 1 Integration of one-shot depth map generation method and SfM
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Fig. 2 The work flow of the one-shot depth map generation of laparoscope video using deep learning
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Fig. 5 (a) Pair of depth map and RGB image, (b) Result of hole

filling process
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Fig. 8 Process of camera view registration between laparoscope and RGB-D camera : (a) above image taken from laparoscope and

below taken from RGB-D camera, (b) lens distortion correction, (c) corner detection from checkboard, (d) above is a result image of

homography transformation, (e) result of process explained in chapter 4
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Fig. 10 Comparison result : (a) RGB images and Ground truth depth maps, (b) Generated images

@) )
®)

M 11 MM D DF 7 R~ v AR © (a) AJEE, (b) AkmEig

Fig. 11 Result of depth map generation from laparoscope image : (a) input images, (b) output images
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# 1. PSNR & SSIM D1
Table 1 Value of PSNR and SSIM

Image pair | PSNR [dB] | SSIM
1 26.09 0.919
2 33.85 0.954
3 33.58 0.955
4 27.89 0.940
5 29.40 0.942
) 30.16 0.942
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Fig. 12 Lens shading : (a) laparoscope, (b) RGB-D camera
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