






(a) Ground truth (c) NeurVPS(b) VaPiD (d) J-Linkage (a) Ground truth (c) NeurVPS(b) VaPiD (d) J-Linkage

Figure 5: Qualitative comparison with baseline methods on SU3 Wireframe dataset [46]. Line group in the same color
indicates the same vanishing point. We highlight all prediction errors in red color. Better view in color.

achieves a median angle error of 0.089° with float32. This is be-
cause 1−cos(0.089°) ≈ 1.2×10−6, which is already close to the
machine epsilon of 32 bit floating point numbers ε ≈ 1.2× 10−7.
This fact indicates that VaPiD is able to push the detection preci-
sion close to the numerical precisions. This is also reflected in the
stepped curves at high precision levels (i.e. below 0.1°) in Fig. 6.

Qualitative Results. We provide the visual comparison of de-
tected vanishing points with NeurVPS [45] and J-Linkage [10] in
Figure 5. The detection errors are shown in red color. We ob-
serve that both the learning-based methods outperform the tradi-
tional method J-Linkage in prediction accuracy. Although the syn-
thetic scenes contain sharp edges and long lines, the performance
of J-Linkage is affected by clouds (second-row right panel), shad-
ows (second-row left panel), and occluded lines (third-row right
panel). Compared to NeurVPS, our method is more robust to oc-
clusion when one of the vanishing points is occluded (third-row
right panel). We believe this is benefited from our design of using
a dense vanishing point anchor grid as initial.

4.5. Results on Real-World Datasets

Comparisons on Natural Scene. We show the comparisons
on Natural Scene [47] in Tab. 2 and Fig. 7. Our method sig-
nificantly outperforms the naive CNN classification and regres-
sion baselines as well as the contour-based clustering algorithm
VPDet [47] in all metrics. It also outperforms the strong base-
line NeurVPS [45] in most of the metrics. We note that the
Natural Scene [47] is captured by cameras with different focal
lengths. Such data favors the enumeration-based methods over the
optimization-based methods, especially at a tighter angle thresh-
old (i.e. below 1°). Nonetheless, we highlight that for images with
one dominant vanishing point, VaPiD can run at real-time (43FPS)
while maintaining competitive performance.

AA:2° AA:5° AA1° Mean Median
CNN-reg 2.03 6.48 15.02 2.077° 1.481°
CNN-cls 2.17 9.10 23.71 1.766° 0.984°
J-Linkage [10] 27.89 48.07 62.34 3.888° 0.209°
NeurVPS [45] 47.59 74.26 86.35 0.147° 0.090°
VaPiD 48.33 74.79 86.66 0.145° 0.088°

Table 1: Comparisons of mean, median angle errors and the
angular accuracies of 0.2°, 0.5°, 1° with baseline methods
on SU3 dataset [46].

AA1° AA2° AA10° Mean Median
CNN-reg 2.4 9.9 58.8 5.09° 3.20°
CNN-cls 4.4 14.5 62.4 5.80° 2.79°
VPDet [47] 18.5 33.0 60.0 12.6° 1.56°
NeurVPS [45] 29.1 50.3 85.5 1.83° 0.87°
VaPiD 24.6 49.5 87.4 1.26° 0.87°

Table 2: Comparisons of mean, median angle errors and the
angular accuracies of 1°, 2°, 10° with baseline methods on
Natural Scene dataset [47].

AA1° AA2° AA10° Mean Median
NeurVPS [45] 18.2 31.7 62.1 8.32° 1.78°
VaPiD 22.1 39.6 75.4 3.00° 1.19°

Table 3: Comparisons of mean, median angle errors and the
angular accuracies of 1°, 2°, 10° with baseline methods on
HoliCity dataset [44].
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