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CNN-based Shadow Detection Method using Height map
in 3D Virtual City Model
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ABSTRACT

Recently, the use of real-world image data has been increasing to express redlistic virtual environments in various application fields
such as education, manufacturing, and construction. In particular, with increasing interest in digital twins like smart cities, redlistic 3D
urban models are being built using real-world images, such as aerial images. However, the captured aerial image includes shadows
from the sun, and the 3D city model including the shadows has a problem of distorting and expressing information to the user. Many
studies have been conducted to remove the shadow, but it is recognized as a challenging problem that is still difficult to solve. In
this paper, we consfruct a virtual environment datfaset including the height map of buildings using 3D spatial information provided by
VWorld, and We propose a new shadow detection method using height map and deep leaming. According to the experimental

results, We can observed that the shadow detection error rate is reduced when using the height map.

= keyword : Shadow detection, Deep-learning
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(Figure 1) The result image of 3D building modeling
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(Figure 2) A shadow image and the corresponding
height map
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(Table 2) Performance improvement by the height

map
Balanced Error Rate(%)
Method
Shadow | Non-Shadow All

CPD(15) 5.79 2.71 4.25
Ours 3.95 1.73 2.84
Pix2Pix(17) 3.81 7.66 5.73
Ours 2.98 4.37 3.68
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