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Drivable Road Boundary Detection for Intelligent Vehicles Based on

Stereovision with Plane-induced Homography

GUO Chun-Zhao'!  YAMABE Takayuki’ MITA Seiichi®

Abstract Road detection is one of the key issues for intelligent vehicles and advanced driver assistance systems (ADAS).
In this paper, we present a stereovision-based approach for estimating the boundary between the drivable road region
and the non-road region. It is based on a formulation of stereo with the ground-plane-induced homography in a hidden
Markov model (HMM). Under this formulation, we employ the Viterbi algorithm and propose a sophisticated measure
of the probability of the state sequence to find the most likely road/non-road boundary. Experimental results on a wide
variety of typical but challenging real road scenes have substantiated the effectiveness as well as robustness of the proposed

approach.
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Fig.2 The homography induced by a plane ((a)) and
comparison between the transformed right image and the
original left image ((b))
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Fig.3 Feature-based detection ((a) Inlier
correspondences with selected ANN classifier of road
appearance model; (b) Inlier correspondences without
ANN classifier; (¢) Road-like region; (d) Superimposed
image of the transformed right image and the original left
image; (e) Smoothed as well as histogram equalized
absolute difference image; (f) Computational region
(highlighted region))
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Fig.4 Learning and selection of the road appearance
model ( The pre-defined ANN classifiers are obtained
from a learning process. For detection, the one, which is
learned from the same kind of real road appearance as the

current input, will be selected.)
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Fig.6 The HMM for drivable road boundary detection
(The grids correspond to the image pixels.)
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Fig.7 The state transition (The rows are states and the
columns are observations at each step. The dark gray
indicates high observation likelihood while the gray
indicates low observation likelihood at this step. The
arrows indicate the transition probabilities between the
states in the adjacent steps. Thick arrows represent high
transition probabilities (low costs) while thin arrows

indicate low transition probabilities (high costs).)
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Fig.8 An example result of the drivable road boundary
detection ((a)) and the most likely sequence of hidden
states in the differenc image ((b)) (The colored areas and

frames indicate the computational regions for the

observation measure.)
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Fig.9 Dealing with textureless regions ((a) and (b) are
the reference image and the transformed image,
respectively, where dots indicate the road region, strips
indicate the non-road region and gray indicates the
textureless regions. (c) is the list of textureless regions in
the transformed image, where black indicates the pixels
with matched features. (d) and (e) are the detection
results before and after dealing with textureless regions,

respectively.)
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PR oy =%, AR T YA T2 T H L
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TN IR TE P DXL T B R IR, WK 11 (v) PR,
Rl T Ak T T AT Bk R A SR 2 A I B 3 B —
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3.2 itig

P OB EE A (LRF) ¥ 38 %A I 30 60+
LR BB, e e T T 1, P IR E A s
RS H. ZgEROLE S, i SICK, Hﬁﬁ@gﬁ
R A7 # A 5 T i R RS, JF AR E R
T A PTAT B . SO IR AR AT B OB AR B A,
Velodyne, ] DAFRAEET 2 =4k (52 R EAT0] L
S TH I 2R I A L A X RS LRF 575 m] LA
o5 R MER I v SEG DU EE &5 5L, AR, LI 2 AR E
I FLARS I 25 A T H BRI /ANFD SO 2R, DR A
DNVAE 2 o B 20 T O /0S ] BT A 20K R A AR
TR T AR R & 78 20 (45 S, AR =2
LA I 2R

IR 2 R GK T 2 A6 KA Rl A (1) 5 ik LS
() & e e dE. — AN A B 2 Stan-
ley 38 B RS, % 0 EREmMA T 2005 F
DARPA Bkl 7E.

*2 IR

Table 2 Experimental specifications

CPU Xeon(R) X5550 @2.67 GHz
WA (RAM) 12.0GB
HAE RS0 Window Xp Professional Sp2
Err o= C++
SEIG K Grayscale 1%
I 320 x 240
THELI IR < 100 ms,/

£ Stanley RZEH, HBOLAL RS IR KA
PRESZ N 22 oK, AR AL LR IE R LU 25
70 K. A, Stanley B G MO M B BRI A
JI— AV AR, IR S8 2B L & &
Jri B TR A R R ) Bl YT LR B S, A
FIVYITE A ) B AR AR = 1 Db mT AT BB B I DI ZRAE A,
AT O RE B A A . 2y ) AP FR AT BE R 7
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Fig.10 Example detection results of the proposed approach in typical urban streets



379

Bl TR T5VALE T R AR AL SE BRI 45 2R

Fig.11 Example detection results of the proposed approach in a dark rainy evening

(W)
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Fig.12 Example detection results of the proposed approach in a heavy snowy day
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Fig. 13 Example comparison results with the same data

(a) ~ (c) between the Stanley’s vision system (d) ~ (f) and
the proposed system (g) ~ (i)
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