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Drivable Road Boundary Detection for Intelligent Vehicles Based on

Stereovision with Plane-induced Homography

GUO Chun-Zhao1 YAMABE Takayuki1 MITA Seiichi1

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.

Key words Intelligent vehicles, road detection, stereovision, homography, hidden Markov models, global optimization

Citation Chun-Zhao Guo, Takayuki Yamabe, Seiichi Mita. Drivable road boundary detection for intelligent vehicles

based on stereovision with plane-induced homography. Acta Automatica Sinica, 2013, 39(4): 371−380

,
. ,
.

. , Nieto [1]

,
(Vinishing point),

. Franke [2]

(Maximum a posteriori,

2012-03-13 2012-11-26
Manuscript received March 13, 2012; accepted November 26,

2012

Supported by Research Center for Smart Vehicles, Toyota Tech-
nological Institute, Japan

Recommended by Associate Editor WANG Fei-Yue
1. , 4688511,
1. Toyota Technological Institute, Nagoya 4688511, Japan

Acta Automatica Sinica, vol. 39, no. 4,
pp. 371−380, 2013.

MAP) ,
(Clothoid) .

McCall [3]

. Kuhnl [4] (Slow feature
analysis, SFA)

, GentleBoost
.

, ,
. , [5]

(Hue-saturation-intensity, HSI)
. [6]

RGB .

.
, .

,



372 39

. ,
. ,

. ,
[7]

. [8]
(Structure from motion, SFM)

.

/ . ,
,

. ,
.

,
.

[9],
(Advanced driver assistance

systems, ADAS) .

,
. ,

, .
,

,
,

.
,

. [10−11]
. ,

,
. ,

. [12−13]
.

,
,

.
.

.
(Hid-

den Markov model, HMM). ,
Viterbi ,

, / .

:

1) ,
. , ,

. ,
. ,

,
. ,

. , ,

,
.

2) HMM
, : a) .

,
, . b)
.

.

, ,
1 . ,

GPS .
,

GPS . ,
(Markov

random field, MRF) ,
(Belief propagation)

/ . ,
,

,
,

.

1
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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; (c) 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))

NCC(u, v) =∑
(u,v)∈W

[i1(u, v) − ī1][i2(u, v) − ī2]
√ ∑

(u,v)∈W

[i1(u, v) − ī1]2[i2(u, v) − ī2]2
(2)

, W , ik(u, v) k ,
īk . NCC
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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. 5 Nonlinear optimization process using LMA

1 / ANN

Table 1 Feature correspondences with/without ANN

classifier of road appearance model

(a) 75 39 18 100 %

(b) 2 005 233 100 85 %
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:

1) N . S =
{S1, S2, · · · , SN}, Si, i = 1, 2, · · · , N

. T qt ∈ S, 1 ≤ t ≤ T ,
T .

2) M .
. V =

{V1, V2, · · · , VM}, Vi, i = 1, 2, · · · ,M
.

3) A, A = {ai,j},

ai,j = P (qt = Sj|qt−1 = Si), 1 ≤ i, j ≤ N (5)

0 ≤ ai,j ≤ 1 (6)

N∑
j=1

ai,j = 1, 1 ≤ i ≤ N (7)

4) B, B = {bj(k)},

bj(k) = P (Ot = Vk|qt = Sj),
1 ≤ j ≤ N, 1 ≤ k ≤ M (8)

Ot t .
5)

∏
,

∏
= {πi},

πi = P (q1 = si), 1 ≤ i ≤ N (9)
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Fig. 6 The HMM for drivable road boundary detection

(The grids correspond to the image pixels.)

X0,j = bj(O0) · πj

Xi,j = bj(Oi) max
k

(Xi−1,k · ak,j) (10)

, Xi,j j i
. (10) ,

X0,j = V0,j + P0,j

Xi,j = Vi,j + max
k

(Xi−1,k + ti−1,k
i,j + ti,j′

i,j ) (11)

, Vi,j (i, j) .
ti−1,k
i,j (i − 1, k) (i, j) .

ti,j′
i,j , j′

. Xi,j

i .
,

, . , Vi,j :

Vi,j = λ1Di,j + λ2Gi,j (12)

Di,j =
j∑

k=h1

c(i, k)
j − h1

−
h2∑

k=j

c(i, k)
h2 − j

Gi,j =

j∑
k=j−Δw

c(i, k) −
j+Δw∑
k=j

c(i, k)

2Δw

c(i, k) =
∑
m

γm(Φm
r (i, k) − Φm

t (i, k))2

λ1 λ2 . c(i, k)
(i, k) . Φr(·) Φt(·)

, γm m . RGB
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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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9 ((a) (b)

, , ,

; (c) ,

; (d) (e)

)

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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Table 2 Experimental specifications

CPU Xeon(R) X5550 @2.67 GHz

(RAM) 12.0 GB

Window Xp Professional Sp2

C++

Grayscale

320× 240

< 100 ms/

Stanley ,
22 ,

70 . , Stanley
, .

,
,

.
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Fig. 10 Example detection results of the proposed approach in typical urban streets
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11

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

12

Fig. 12 Example detection results of the proposed approach in a heavy snowy day
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13 (a)∼ (c) Stanley

(d)∼ (f) (g)∼ (i)

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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