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Semantic labeling based on 3D structure and appearance information with a laser scanner
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This paper presents a new object classification method using range and reflectance data obtained by
a laser scanner. Several laser scanners produce not only range data but also reflectance which shows the
power of reflected laser as a side product of range data. The proposed method utilizes both information
for object classification. Since laser reflectance contains appearance information, the proposed method
classifies objects based on their shapes and appearances from range and reflectance data. Moreover,
we extend the conventional Histogram of Oriented Gradients (HOG) so that it couples geometrical and
appearance information more tightly. We show the validity of the proposed method through experiments

in real scene.
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(b) Reflectance image

Fig.1 Range and reflectance images
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HONV from range image

(d) 3DHOG

Fig.2 Feature extraction

Fig.3 Representation of the direction of a normal vector by
Zenith angle 6 and the azimuth angle ¢
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Algorithm 1: Three-dimensional HOG

Input:

— Range and reflectance images

— The number of cells N (= k x k)

— Block size S;(= ¢ % q)

— The number of bins for HOG Ny,

— The number of bins for HONV Ny, Ny

Output:

— Three-dimensional HOG which contains:

1) 3dgradAurr - array of discretized 3D gradient vectors
2) 3dgradStr - array of the strength of each 3D gradient

Definision:

— A HOG structure contains:

1) gradArr - array of discretized gradient vectors
2) gradStr - array of the strength of each gradient

— A HONV structure contains:
1) normAurr - array of discretized normal vectors
2) normStr - array of the strength of each normal vector

The algorithm:
1) divide range and reflectance images into small cells
2) create HOG[N,] and HONV[N,] structures for each cell

3) for each cell ¢ do
A) calculate HOGJc] from the reflectance image

B) calculate HONV|[c] from the range image

C) for each bin ug o in HONV[c] do
a) calculate a projection matrix A from N, to

HONV[c].normArr[ug’(p]

b) for each bin uy in HOG/[c] do
1) calculate 3D edge by multipling the matrix A

and HOG(c].gradArr[ug]

ii) create 3DHOG histogram by casting a
weighted vote according to
HOG](c].gradStr[ug] XHONV[C].normStr[u9’¢]
for the corresponding bin
3DHOG]c].3dgradStr{u ,|

4;normalize 3DHOG at each block

2.6 FHAl

FREEmf & U 7 Ly Z o AR BRI LTRSS S VAR
MEL L, #J% SVM(Support Vector Machine) % iV CilkBll 21T
9. ED®%, MEMEOHT I BREL, KIETDHTULE 3
WRITRFETATNT B

R e | ]

Building Human Tree Pole

(a) Range images

R - 7

Building Human Tree Pole
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Fig.4 Categories of objects in environmental maps

Table 1 Classification results of semantic labeling

HONV
Building [ Car [ Human | Tree | Pole [ Total
Images 103 104 124 131 28 490
Detected 104 103 123 135 25
Correct 94 97 115 124 23 453
Precision | 90.4% | 94.2% | 93.5% | 91.9% | 92.0%
Recall 913% | 93.3% | 92.7% | 94.7% | 82.1% | 92.4%
HONYV and HOG (Proposed method 1)
Building [ Car [ Human | Tree | Pole [ Total
Tmages | 103 104 | 124 | 131 | 28 | 4%
Detected 104 101 125 132 28
Correct 98 98 121 127 26 470
Precision | 94.2% | 97.0% | 96.8% | 96.2% | 92.9%
Recall 95.1% | 94.2% | 97.6% | 96.9% | 92.9% | 95.9%
HONYV and 3DHOG (Proposed method 2)
Building [ Car [ Human | Tree | Pole [ Total
Tmages | 103 104 | 124 | 131 | 28 | 4%
Detected 102 104 129 127 28
Correct | 100 101 24 | 127 | 27 | 4719
Precision | 98.0% | 97.1% | 96.1% | 100% | 96.4%
Recall 97.1% | 97.1% | 100% | 96.9% | 96.4% | 97.8%
3DHOG
Building [ Car [ Human | Tree | Pole [ Total
Images 103 104 124 131 28 490
Detected 106 101 124 131 28
Correct 103 99 123 128 27 480
Precision | 97.2% | 98.0% | 99.2% | 97.7% | 96.4%
Recall 100% 952% | 992% | 97.7% | 96.4% | 98.0%
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(a) Point cloud data

(b) Segmentation

(c) Semantic labeling

Fig.5 Semantic labeling using 3DHOG (proposed method 2) : (a) Point cloud data obtained with a laser scanner and a rotation
table. (b) Segmentation result applying the enhanced radially bounded nearest neighbor (c) Semantic labeling result using
the proposed method 2. Note that each object in the scene is colored according to the classification results; Building:Brown,
Car:Yellow, Human:Blue, Tree:Green, Pole:Red, White:The ground and under-segmented clusters.
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