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ABSTRACT:

In view of the fact that road network detectioneeffin high-resolution image is not satisfying, @proach for road network
detection based on Bayesian Network is put forwarthis paper. First, under the guidance of exis@§ data, extract roads from
remote-sensing images, and obtain most of the ungelteroad edge information and suspected roadiafigenation. Then, making
use of the reasoning ability of Bayesian Networkleob strong evidence for identifying road netwodkidge and make an inference
from road edge information with the method of hyyatical test to extract road network in the rensgtesing image, and change

information of the road network can also be obtdine

1. INTRODUCTION

Under GIS guidance, target tracking technology roake good
use of the existing information in GIS, so gooded&bn result
is often available (Will, 2002). Besides, in higlsotition

image, there are many road targets, and detailrfeabf image
are very rich. Buildings and vegetation along thedsy

automobiles running on the roads, white zebra argssand

even shadow s of buildings and trees all can beréble

evidences for identifying road network (Wang andwkiek,

1988). And Bayesian Network can make full use oforpri
knowledge and sample information for
verification. Consequently, the method of estabtigha buffer
area under GIS guidance has been adopted in tipisr ga
extract candidate road information in the new res¥s@nsing
image, including unchanged road information andpsoted
road information. Then, make a detailed analysifeafures of
urban road landscape to extract auxiliary inforomatisuch as
road sign and marking, vehicles, and green belttag, taking
such auxiliary information as evidence, make aprgrice from
the candidate roads by Bayesian Network to judgetvenghey
are roads, on the basis of which the road netwotké remote-
sensing image is extracted, and change informégiobtained.

Canny operator is used in this paper for edge detecThen

smooth and compress the tracked edges. After firgsh
registration of high-resolution remote-sensing iemgnd GIS
vector and edge detection and tracking, start t@aking under
GIS guidance.

Road tracking under GIS guidance is to extract ctatdiroads
from the vector line segments obtained after edgeking in
accordance with existing road vector data. In viadwerror of
coordinates among multi-source image data, guidarg

tracking can’t be conducted directly by GIS roatadinstead, a
tracking and extracting approach based on buffea ahall be
adopted. Namely, on the basis of existing road oreanark
buffer area around it. The vector line segmenthiwithe buffer
area are listed among candidate road sections. Then
automatically group road sections or road line sagmby the
constraint conditions of geometric properties andage
attributes (Emmanuel and Jordi, 2007). Road grauman
connect most of road sections, forming basic fraotewof
roads.

reasoning and

2. METHOD

Bayesian Network expresses dependent relationshig an
incident relationship of variables in the problewrdin with
visible network model by a directed graphic modakdxdl on
probabilistic reasoning (Murphy, 2002).

After data pre-processing the candidate road irdtion and

selecting the line segments probably being roduds,approach
will detect correctness of the roads based on Bagddetwork

(Zhang et al., 2006). Judge whether these line satgmare
edges of roads by evidences. Next, normalize tieedegments
of roads. Then try to obtain complete roads by kimecthe

result of normalization and judging broken poinftsaads.

2.1 Processing of Candidate Road Sections

Processing of candidate road sections aims at tirgjethe
trivial line segments being not roads. In a higbetation
remote-sensing image, characteristic of an urbaim mead is
that it is quite long and has two edges (Nevatt Babu, 1980;
Lindi and Quacken, 2004). Consequently, processifig o
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candidate road sections mainly follows two prinegplcollinear
and parallel. Find the line segments being compaitgtionger
by collinear principle, which are probably beingads. After
judging a long line segment, find line segments &ra parallel
with it around it by parallel principle, and coniim to find its
collinear line segments and connect them. Repe#t actions
until all candidate road sections have been judged.

2.2 Detection of Road Correctness Based on Bayesian
Network

Detection of road correctness based on Bayesian dYetw
makes certain whether the information on candidatad
sections is real information of roads by analyzinfprmation
on candidate road sections, vehicles, and greets lvdth
Bayesian Network model (Jida et al., 2008). The gssing
flow chart is shown in the following figure:
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Fig.1 Process of Detecting Road Correctness Based yesiaa
Network

In accordance with the theory of Bayesian NetworkyeB&n
Network model is established as shown in the fatwigure:

Fig.2 Network Model for Detecting Road Correctnesselasn
Bayesian Network

In the figure: H stands for candidate road sect{©rstands for
vehicle; T stands for Greenbelts; R stands for road.

It can be known from the figure that this Bayesiaetvrk
model includes four nodes, three oriented edges, s
conditional probability tables (among which threee grior
probability tables). Values of the three variathe<C, T can be
0 and 1. 0 stands for wrong judgement, and 1stéordsght
judgement. Prior probability values obtained by lexing
statistics from experiments are as follows:
Tab.1 Prior Probability Value of Each Variable

P(X) P(H) P(C) P(T)
Px ) | 075 0.85 0.65
P(X) 0.25 0.15 0.35

As for conditional probability

P(R|H)=1-e™
1)
Length of urban main roads is calculated by kilow®t So
whenX =1/100 if length of a line segment L=1000, it can be
judged to be a road.

(2) Py(R|C): It is not reliable to judge a line segment to be
a road section only by the existence of a vehigside it. So
quantity of vehicles and their distributing state eonsidered in
this model for road detection.

First, the relationship between a road and M, dgtardf
vehicles around a candidate road section is: wienetare
more vehicles, it is more likely to judge a candiéd@ad section
to be a road. When the number of vehicles reachescén be
confirmed that this candidate road section is & read. So
assume that P (R|JC) is subject to piecewise function
distribution, and then its probability distributifunction is:

P(R|C)= M/X 0<M <X 5

' 1 M>=X @)
Next, relationship of a road and vehicle distribatis described
by d/D | ratio between maximum length of connecting lifie o
vehicles at two ends of each traffic lane withie flength of
candidate road and length of the candidate roadiosec
Because value dt/D is random, which is closely related with
traffic movement on the road while the image is\gejenerated,
assume thatFR|C) is subject to piecewise function distribution,
then its probability distribution function is:

1/3 0<d/D<1/3
P(R|C)={2/3 1/3<d/D<2/3
1 2/3sd/D<1

Quantity of vehicles and their distributing statetetmine P
(R|C), probability of road detection correctness. Bsea3(R|C)
is quite random, set probability proportion weighdtween
P1(R|C) and RR|C) is 2 1, then:
P(RIC)=P(R|C)* 2/3+PR,(R|C)*1/3 ()]

(3) P(R|T} Generally speaking, in urban image, long and
narrow greening zones are closely connected witugo So
relationship between a road and K the length ofe@ielts is
established by this model. The longer the greeni®ethe more
likely it is to judge the candidate road sectionb® a road.
Assume that P (R|T) is subject to exponential distion, and
then its probability distribution function is:

P(R|T)=1-e¢™

According to statistical empirical value, 3et1/50.

®)

®)

Because information on candidate road section, ieshiand
green belts are independent, according to totabgiility
formula, it can be obtained that:

P(R)= [P(HP(RIH» PC)PRIG) PMPRITI  (6)
Set threshold P if P(R)>=P, information on candidate road
Otherwise, it is noiad

section is road information

information.

(1) P(R|H} Whether a candidate road section is a real road

section, length is an important concept. The longeline
segment is, the more likely the candidate roadeaetill be a
real road. And assume that P (R|H) is subject tooraptial
distribution, and then its probability distributiumction is:

2.3 Detection of Road Integrity

As for detection of road integrity, one task iskiezhecking,
trying to find out undetected information duringtraxtion of



candidate road sections (Lee and Park, 2000). Aedother
task is to detect new roads with existing knowledgeng the
process of road detection.

The process of detecting road integrity is alsorecgss of
finding new road sections. Namely, traverse the asges of
road sections, and one edge of a road section mdyrdken.
Once a road section is found to be broken, the ledye
around it shall be analyzed in detail. There areeeh
possibilities:

One edge is broken, and no new road is found elfetlare high
buildings or tall trees in line at the side of adpshadows may
be left, which may affect the identification of ead. In such
case, the road may be broken. If no evidence cafoled
showing the existence of a new road, it belongsle@ak
detection of road section. We only need to contfextwo road
sections beside the broken point.

Shadow covering
shall be connected
aEEEEE———— c——  c—— - E— G

Fig.3 Case One of Road Integrity Detection

a) One edge is broken, and a new road is found. After

analysis, if parallel lines, information on vehgler
green belts are found in the direction of brokempa@a
new road may exist.

:ntire or partial
cvidence exists

Fig. 4 Case Two of Road Integrity Detection
b) Two edges of the road are broken at the same &ine,
a new road is found. After analysis, if paralleies,
information on vehicles or green belts are foundhia

direction of broken points on both sides, a newdroa

crossing the existing road may be found.

T partial evidence
exists

| )fm'malion on entire
¥

Fig.5 Case Three of Road Integrity Detection

3. EXPERIMENTSAND ANALYSIS

Two principles have been followed during the preces

choosing experimental data in this paper: firspezment with

high-resolution remote-sensing image of urban meiad

network; second, since approach proposed in tigsrmia based
on Bayesian theories, evidences are inevitably iredl so
vehicles and green belts in the image are necessary

The following are two images chosen for experiments
L = T s ] g\ﬁ
= ]




d. Corresponding Vector Data of Image data b

Fig. 6 Experiment images

Experiment 1

Fig. 7 Result of Road Following under GIS Guidancegdm

Data a)

— el
Fig. 8 Vehicle Detection Result of Image data a

Fig.9 Road Detection Result of Image data a
Experiment 2

A

Fig. 10 Result of Road Following under GIS Guidante@e
Data b)

Fig. 11 Vehicle Detection Result of Image data b

Fig. 12 Road Dection Result of Image data b

There are many ways in which road detection resdtches
vector data of real roads, among which buffer datien

matching is one of the successfully applied oneainMdea of
this method is as follows: first, break up the fbiwes that stand
for roads in the road detection result and vectaa cf real
roads into line segments. Then, taking a vecta $agment of
one side for reference, establish a buffer areeenmain width

around the vector line segment. Find line segmentse vector
data of the other side. These line segments sheét rthe
condition that whole or part of the line segmentvihin the

buffer area and collinear directional differencevighin certain

extent. Segments within the buffer area are -calfight

matching sections, while segments outside the buffea are
called wrong matching sections.

4. CONCLUSION

This paper has designed an approach for extractimglidate
road sections under GIS guidance. In order to nktandidate
roads, a series of processes are conducted, sudmaag



registration, edge detection and tracking, roadktrey under
GIS guidance and road grouping. It has also stuiliedries on
Bayesian Network. Combining information of candidadad
sections and information of vehicles and green sbeit
establishes a Bayesian Network model for road detecAnd
road network and change information can be obtdiimadly.

Since many surface features in high-resolution enagn be
used as evidence for road detection, and only leshand green
belts have been selected in this paper, effectshar objects,
such as vehicle separating line, central line aefdrcand zebra
crossing need more experiments. During the prooafss
establishing Bayesian Network model, prior knowledgeds to
be initialized. These threshold values were obthirtzy

collecting statistics of experimental data in tpaper. What
kind of mathematical distribution state that thekeeshold

values correspond to need further study.
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