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Abstract

A autonomous vehicle requires improved and robust perception systems than conventional perception systems of intelligent
vehicles. In particular, single sensor based perception systems have been widely studied by using cameras and laser radar
sensors which are the most representative sensors for perception by providing object information such as distance
information and object features. The distance information of the laser radar sensor is used for road environment perception
of road structures, vehicles, and pedestrians. The image information of the camera is used for visual recognition such as
lanes, crosswalks, and traffic signs. However, single sensor based perception systems suffer from false positives and true
negatives which are caused by sensor limitations and road environments. Accordingly, information fusion systems are
essentially required to ensure the robustness and stability of perception systems in harsh environments. This paper describes
a perception system for autonomous vehicles, which performs information fusion to recognize road environments. Particularly,
vision and laser radar sensors are fused together to detect lanes, crosswalks, and obstacles. The proposed perception system
was validated on various roads and environmental conditions with an autonomous vehicle.
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Fig. 1. Architecture of perception systems
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Algorithm 1. Directional labeling

01
02
03
04
05
06
07
08
09
10
11
12
13
14
15
16
17
18
19
20
21
22

n=1,k=1
FOR v=0 to A,
FOR u=0to ¥
edge, , = getEdge (u,v)
label = L(u,v)
/* Initialize a new label */
IF label =0 THEN
label =n
n=n+1
Obj( ) = create Object(u v,edge,, U)
ENDIF
/* Expand region of segments */
FOR v, =v+1 to v+ K,
FOR u,=u— K, to u+ K,
IF edge,, = edge,, THEN
L(ui,vi) = label
Obj(label — 1).insert(ui7uv)
ENDIF
ENDFOR
ENDFOR
ENDFOR
ENDFOR
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Algorithm 2. Grouping

Algorithm 3. Pitch estimation

01  sortObject( label Objects )
02 FOR i=1toN,

obj

03 /* Initialize group */

04 IF isAssigned(i) =true THEN
05 CONTINUE

06 ENDIF

07 group = findNearest( label Objects )
08 IF group = 0 THEN

09 CONTINUE

10 ENDIF

11 /* Group growing */

12 qg=1

13 WHILE ¢

14 FOR k=i+1to Ny,

15 IF isAssigned(k) = true THEN
16 CONTINUE

17 ENDIF

18 d(k) = calculate Distance (i, k)
19 ENDFOR

20 q= findMinDist(d)

21 IF ¢ = 0 THEN

22 group-insert(q)

23 ENDIF

24 ENDWHILE

25 ENDFOR
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01 terations =50, n=5, t=5

02  best_error= oo, best_model =0
03 WHILE i < iterations

04 /* Initialize random sets */
05 S'=randShuffle( points)

06 sum =0

07 FOR k=1ton

08 sum = sum +5(k)

09 ENDFOR

10 mean = sum/n

11 FOR k=n+1 to Ny

12 IF norm(m—5S(k)) <t THEN
13 consensus_setinsert(S(k))
14 ENDIF

15 ENDFOR
16 /* Find best model */
17 FOR k=1 to N,

18 [ o] =meanStdDev( consensus_set)
19 error = o/u’

20 IF error < best_error THEN

21 best_model = mean(consensus_set )
22 best_error = error

23 ENDIF

24 1=i+1

25 ENDWHILE
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5.2 Nearest Neighbor Filter(NNF)
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environments
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