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Semantic Segmentation of Urban Scenes Using Location
Prior Information
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This paper proposes a method to segment urban scenes semantically based on location prior
information. Since major scene elements in urban environments such as roads, buildings, and vehicles
are often located at specific locations, using the location prior information of these elements can
improve the segmentation performance. The location priors are defined in special 2D coordinates,
referred to as road-normal coordinates, which are perpendicular to the orientation of the road. With the
help of depth information to each element, all the possible pixels in the image are projected into these
coordinates and the learned prior information is applied to those pixels. The proposed location prior can
be modeled by defining a unary potential of a conditional random field (CRF) as a sum of two
sub-potentials: an appearance feature-based potential and a location potential. The proposed method
was validated using publicly available KITTI dataset, which has urban images and corresponding 3D

depth measurements.
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Fig. 1. An example of urban scene segmentation result
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Fig. 3. The 3D point cloud re-projected on the image (Top),
and the corresponding area of the image (Bottom)
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Table 1. List of feature descriptors

Source Features
Observation Dim. Description
RGB 6 Mean and std. dev.
LAB 6 Mean and std. dev.
Image SIFT BoW 25 | SIFT descriptor w/ GMM
v | Superpixel vertical
' location
b 3 Point cloud position
(hpgs Tny) ) Mean and std.
‘ ' dev. of depth
3D l-mean( llnng 1) | 1 Neighboring planarity
% 1 Superpixel planarity
o, to,+oy
In, - ;‘ 1 Super;‘)ixel Yertical
orientation

ny : Normal vector of neighboring superpixels

n; : Normal vector of i superpixel

o : Singular values of the superpixel’s point cloud such that o, > o, > o,
7 + Unit vector of z axis in the global coordinates

GMM: Gaussian mixture model
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Fig. 4. Road layout models: (from left) Straight, Curve, T-junction, and Crossroad
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Fig. 8. Examples of urban scene labeling results on the KITTI dataset. This figure shows input images (first column), ground truth
(second column), [12] (third column), and the results by the proposed method (last column)
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Table 2. Performance evaluation on the KITTI dataset

Performance (KITTI dataset)
Methods C tational
Global Class GND OBJ BLDG VEG omputationa
cost (ratio)
Wang!'? 80.0 78.6 95.9 93.5 44.1 86.7 1
Proposed 87.3 86.4 96.2 80.0 78.0 91.3 1.57
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Fig. 9. Estimated road layouts: (from left) Straight, Left curve, Straight, Crossroad, Red, green, yellow, and black-colored circle in
this figure correspond to ‘OBJ,, ‘VEG', ‘BLDG’, and ‘GND’. Red line represents the boundary of the estimated road layout
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