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Panoramic image depth estimation by integrating
HEALPix grid and Swin Transformer

LI Han, GE Dongyuan

(School of Mechanical and Automotive Engineering, Guangxi University of Science and Technology,
Liuzhou 545006, Guangxi, China)

Abstract: Panoramic image depth estimation is a research direction with broad prospects. Compared to 2D planar images,
panoramic images cover a 360°x180°field of view, but their planar projections often suffer from local distortions and discontinuities.
To address this issue, a new panoramic image depth estimation model is proposed by integrating the HEALPix ( Hierarchical Equal
Area isoLatitude Pixelization) grid with Swin Transformer. The HEALPix grid is a method for hierarchically equal—-area iso—latitude
pixelization of spherical data, which uniformly divides the entire sphere into pixels and can also meet different resolution
requirements. The self—attention mechanism and moving windows of the Swin Transformer capture dependencies and local features
between pixels. The hierarchical nested structure of the HEALPix grid can be seamlessly integrated with the movement of windows
and the generation of masks. After integration, the combined model can process spherical data from panoramic images, effectively
avoiding the local distortion issues caused by the planar projection of panoramic images. Finally, experiments were conducted on the
Stanford2D3D dataset, and the results showed that the proposed method outperformed existing deep learning—based panoramic image
depth estimation methods in terms of MAE (0. 142 9), AbsRel (0.047 2), and RMSE (0. 097 27).
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Fig.1 Panoramic image projection method
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Fig.4 Network Architecture
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Table 1 Evaluation results of different methods

Tk MAE | AbsRel | RMSE | RMSLE | 8, 1/% 8,1 /% 8, 1/%
BiFuse 0.234 3 0.120 9 0.414 2 0.078 70 86. 60 95. 80 98. 60
UniFuse 0.208 2 0.1114 0.369 1 0.072 10 87. 11 96. 64 98. 82

OmniDepth 0.374 3 0.199 6 0.6152 0.121 20 68.77 88.91 95.78
SliceNet 0.248 4 0.124 9 0.437 0 0.087 30 83.77 94. 14 97.77
RectNet — 0.199 6 0.6152 — 68.77 88.91 95.78
HoHoNet 0.2027 0.101 4 0.383 4 0. 066 80 90. 54 96.93 98. 86

OmniFusion — 0.0950 0.347 4 0. 159 90 89. 88 97.96 99.24
BiFuse++ 0.217 3 0.1117 0.372 0 0.072 70 87. 83 96. 49 98. 84

GLPanoDepth 0.193 2 — 0.349 3 0. 068 01 90. 15 97.39 99.01

SphereDepth 0.2323 0.1158 0.4512 0.075 40 86. 66 96. 42 98.63
HRDFuse — 0.093 5 0.310 6 0.142 20 91.40 97.98 99.27
ACDNet 0.187 9 — 0.3410 0. 066 40 88.72 97.04 98.95

MODE 0.173 6 0.092 7 0.309 6 0. 040 00 91.69 98. 16 99.29

CRF360D — 0.084 5 0.293 2 — 92.53 98.38 99. 44
Elite360D — 0.118 2 0.3756 — 88.72 96. 84 98.92
KI5k 0.1429 0.047 2 0.097 2 0.098 50 79.50 93.71 97.61
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Fig.7 Sample images from the test set of different methods
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Table 2 Comparative experiments with Swin Transformer

ik MAE | AbsRel | RMSE | RMSLE | 8, 1/% 8, 1/% 8, 1/%
Swin Transformer 0.1717 0.047 6 0.091 5 0.110 1 73.77 91.61 96. 97
AT 0.1429 0.047 2 0.097 2 0.098 5 79.50 93.71 97.61
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