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Objective

® The moving picture experts group (MPEG) has been actively
developing the MPEG Immersive Video (MIV) standard to
efficiently transmit 6 degrees of freedom for realistic and
virtual environments.

® The MIV is a concrete step towards a complete chain for
immersive video coding, delivery, and rendering.

Smitha Lingadahalli Ravi

DIBR for Immersive Videos: Tr. nal Depth Estimators versus Learning-Based Depth Estimators



Overview
ooe

Objective

® Only studied for their depth accuracy.

e Assumption: Learning-based depth estimation would soon
outperform the traditional depth estimators that are currently
used.
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Settings

Traditional Methods: Depth Estimation Reference Software
(DERS), Immersive Video Depth Estimation Software (IVDE).

¢ Learning-Based Methods: GA-Net (Stereo), GWC-Net
(Stereo) and R-MVSNet (Multi-View), AA-RMVSNet
(Multi-View), IBRNet (Multi-View).

Synthesis: Test Model for Immersive Video (TMIV)
Dataset: MPEG-I Sequences.
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Results

TV-PSNR
Sequences DERS TVDE GANel | GWONel RMVSNet AARMVSNet TBRNct IBRNCI(FT)
3496 3513 3587 3529 3028 3048 3152 328
3846 3892 3927 3863 3574 37.61 38.64 3942
4118 4206 4138 4155 3679 38.25 4034 4228
3937 39.82 3891 39.67 37.02 39.29 38.14 3847
39.61 3881 40.56 40.08 35.09 39.92 38.94 3796
3945 3829 40.39 3978 3478 37.16 37.68 3741
3513 36.71 34.84 3429 33.68 34.48 34.92 3521
Mirror 38.56 40.46 35.67 3512 3346 34.18 36.92 3818
Average 3834 3877 3836 3805 3466 36.92 37.13 3765
LPIPS |
Sequences Onginal DERS GANel GWCNet RMVSNet AARMVSNet IBRNct IBRNcl(FT)
Frog 0118 0.137 0.134 0.141 0212 0.198 0.193
Kitchen 0112 0.131 0129 0.129 0.151 0129 0.132
Shaman 0087 0.102 0.109 0.106 0.184 0119 0101
Painter 0.091 0121 0118 0.149 0.141 0138
Street 0.109 0.120 0.119 0.165 0.153 0.151
Carpark 0.104 0.124 0.128 0.193 0.148 0.145
Fan 0.105 0.130 0.138 0.152 0.138 0.132
Mirror 0.101 0.118 0.130 0.148 0.128 0121
Average 0.103 0124 0126 0.169 0144 0139
SSIM
Sequences Onginal DERS IVDE GWCNet RMVSNet IBRNct IBRNCl(FT)
Frog TE6T ST TEI9 TR 78T 795 T
Kitchen 0912 0.881 0885 0.882 0861 0.879 0.902
0926 0916 0901 0912 0.882 0915 0.919
0920 0.884 0.896 0887 0.859 0872 0875
0915 0.887 0880 0.889 0.865 0.871 0.874
0919 0.879 0871 0.880 0.856 0.868 0.869
0904 0875 0.889 0.868 0.852 0.864 0870
0924 0.889 0908 0.889 0.875 0885 0.891
Average 0510 0882 0884 0881 0854 0868 0874
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