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Deep Learning Model to Reconstruct 3D Cityscapes by Generating Depth

Maps from Omnidirectional Images and Its Application to Visual Preference
Prediction
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Part 1 Generating depth mps
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Omnidirectional Images + depth maps.

Part 2: Predicting the preference label of GSV images with and without generated depth maps
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Figure 1. Framework of the proposed method.
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(a) Omnidirectional image (b) maximum distance is 100m

has d

(c) maximum distance is 250m  (d) maximum distance is 500m

Figure 3. Comparison of shades of depth maps.
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Table 1. Nine models used for training.

Spatial model Sky condition
a.Blue b.Cloudy c.Mixofaandb
1.Shibuya Mla Mib Mic
2.Local city M2a M2b M2c
3Mixof land2 M3a M3b M3c

(a) Omnidirectional image (b) Generated depth map of (a) (c) Semantic segmentation (d) Filtered depth map

Figure 4. Filtering operation using semantic segmentation.
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Figure 5. Mesh convolution of UGSCNN.
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Figure 6. Example of Convergence process of loss functions of
M2c.

Table 2. RMSE of test data generated by each pix2pix model.

Best Test data of each model ~ Test data of M3c
Model epoch at

validation Mean Std Mean Std
Mla 70 3.44 0.47 6.13 222
MIb 20 3.69 0.56 6.20 1.58
Mlc 40 3.38 0.56 4.47 1.36
M2a 70 437 0.31 6.36 2.14
M2b 80 4.68 0.41 6.40 1.10
M2c 80 4.40 0.49 5.04 1.34
M3a 100 3.93 0.68 5.67 1.88
M3b 70 4.18 0.64 6.01 1.90
M3c 50 422 0.71 4.23 0.71

-

Figure 7. Example of a generated depth map of a test data by
M2c, RMSE=4.37 (Center: original,

right: generated).

Original

M3a M3b M3c

Figure 8. Comparison of depth maps of the same SV image

generated by each model.
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Figure 9. Distribution of F1 score of 10-fold cross validation for

each CNN. X denotes mean.

Table 3. Descriptive statistics of F1 score of 10-fold cross
validation for each CNN.

CNN N Min Mean Median  Max Std
ResNet-50

10 0.344 0.558 0.539 0.837 0.143
with RGB
ResNet-50

10 0.333 0.631 0.691 0.817 0.143
with RGBD
UGSCNN

10 0.327 0.478 0.487 0.586 0.086
with RGB
UGSCNN

10 0.310 0.488 0.515 0.589 0.087
with RGBD

Table 4. Decision limit of analysis of means of F1 score for sets
of CNNs, significance level = 0.05.

CNN Lower decision Mean Upper decision
limit (LDL) limit (UDL)
All CNNs 0.450 0.534 0.627
ResNet-50 0.523 0.594 0.665
UGSCNN 0.440 0.483 0.526
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CycleGAN PyTorch. GitHub:
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