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Abstract: The artificial intelligence technique is used to generate
a freeway incident response plan. The incident response
framework based on rule-based reasoning, case-based reasoning
and Bayesian networks reasoning is presented. First, a freeway
incident management system ( RK-IMS) based on rule-based
reasoning is developed and applied for incident management in
the northern section of the Nanjing-Lianyunguang Freeway.
Then, field data from the two-year long operations of the RK-
IMS are analyzed. Representations of incident case structures and
Bayesian networks( BNs) structures related to incident responses
are deduced. Finally, the k-nearest neighbor (k-NN) algorithm is
applied to calculate the similarities of the cases. The preplan
generation and the control strategy by integrating the k-NN
algorithm are also developed. The model is validated by using
incident data of the year 2006 from the RK-IMS. The comparison
results indicate that the proposed algorithm is accurate and
reliable.

Key words: freeway incident; decision-making;
reasoning; case-based reasoning; Bayesian networks

rule-based

y the end of December 2008, the total mileage of free-
B ways in China had exceeded sixty thousand kilometers,
ranking No. 2 in the world. In order to meet the national
economic development requirements, the Ministry of Trans-
port of the People’s Republic of China established a Chinese
National Freeway Network Plan suggesting that the freeway
network come to eighty-two thousand kilometers and cover a
population of more than one billion, which is close to the
eighty-eight thousand kilometers scale in America. This will
greatly improve the China’s transportation status and pro-
mote a faster development of the Chinese economy. Howev-
er, with the dramatic increase in the freeway traffic volume
in recent years, various types of traffic accidents obviously
occur.

Researches and empirical practices in many countries have
proved that the key to freeway operation management is to
deal with the traffic incident management of nonrecurring
congestion, by which the realization of high traffic volume,
speed and freeway traffic safety can be guaranteed. An inci-
dent management system, which has been carried out since
the 1960s in Chicago, USA, is an important subsystem of a
freeway management system. However, the application of
incident management based on an intelligent system in China
is still in its initial stages. It is far behind the rapid develop-
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ment of highway construction.

Since the 1979s, many studies have been focused on free-
way incident responses. The methods used in these studies
can be generally classified into several categories: reinforce-
ment learning'"', case-based reasoning>”', support vector
regression'”’, the sequential hypothesis testing method™,
rule-based reasoning[”], neural networks'™', knowledge-
based systems'”, probability density functions'”', data min-
ing!"", risk-based reasoning'”, and Bayesian networks
(BNs)!"™. The process of emergent freeway incidents fea-
tures a high demand for real-time response, intricate associ-
ated factors, and time-dependent field data information with
inadequate accuracy. The quick development of the state of
freeway incidents calls for a plan with strong prediction abil-
ity and comparability with incidents. This paper focuses on
the application of the artificial intelligence theory and tech-
niques to generate the process plan and mainly discusses the
combination of rule-based reasoning, case-based reasoning
(CBR) and Bayesian networks reasoning in freeway inci-
dents responses. Due to the high similarity among freeway
incidents, CBR with less calculation complexity is employed
to provide real-time matches in the case base for emergen-
cies as well as quick responses. Nevertheless, the amount of
data obtained from field operations is huge and the correla-
tions among them are complex, incomplete, and imprecise,
which results in difficulties in selecting similar cases and ap-
propriate rules. Meanwhile, Bayesian networks feature the
advantage of indicating data with complex correlations and
impreciseness. Therefore, it is of great significance to study
the generation of incident process plans under Bayesian net-
works with incomplete and imprecise information.

1 Rule-Based Reasoning

Knowledge is formalized and organized by knowledge
representation. A widely used representation is a production
rule, or a rule, in short. A rule consists of an IF part and a
THEN part ( also called a condition and an action). The
piece of knowledge represented by the production rule is re-
lated to the line of reasoning being developed. If the IF part
of the rule is met, the THEN part can be concluded. Expert
systems whose knowledge is represented in the form of rules
are called rule-based systems.

1.1 Knowledge acquisition

Decision-making of incident management is a comprehen-
sive job involving various types of resources, personnel and
expert knowledge of many aspects. The latter requires much
basic knowledge. In fact, when a serious incident happens,
the manpower and material resources of many aspects are of-
ten employed across regions or go beyond powers. Thus,
with regard to knowledge, the more detailed the better.
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Knowledge in the knowledge base of this system mainly
results from several aspects as follows:

1) Large quantities of documents related to incident man-
agement and expert systems from home and abroad.

2) Consultation with staff in related departments of inci-
dent management, including the freeway management cen-
ter, the monitoring center, the clearance team, freeway pa-
trols and so on.

3) Historical incidents record.

1.2 Implementation of response rule base

The response procedures begin once the incident is veri-
fied. In the process of the formulation of a response plan,

all types of incidents are first broadly classified as vehicle
and non-vehicle incidents, and each has several sub-classes.
This allows the identification of all services required at the
incident site based on the incident’s characteristics. Then, a
list of tasks performed by each agency and interagency is
identified. The response procedures are used as the basis for
the development of the response rule base. The rule base
constitutes the core of the system response module. These
rules are collected through personal interviews and some lit-
erature studies during the assessment of user requirements.
The knowledge base consists of forty-three different sets of
rules. An example of rule base sets is shown in Tab. 1.

Tab.1 Rules for variable message signs and changeable speed limitation sign

Incident severity index

Disseminate information on VMS

Speed limitation/(km +h ~1)

1 Incident ahead, speed-down 80
2 Incident ahead, speed-down 60
No division Incident ahead, speed-down 40

3 Division Incident ahead, detour advised 30
4 No division Incident ahead, speed-down 20
Division Incident ahead, detour advised 20

2 Case-Based Reasoning

2.1 Framework of emergency system for freeway inci-
dents

Improvements on the case-based reasoning work process
are made according to the basic principle of case-based rea-
soning. The corresponding emergent freeway incident sys-
tem is proposed as shown in Fig. 1.
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Fig. 1 Incident management process based on CBR

2.2 Case-based design

A case base is the most crucial part of an emergency sys-
tem for freeway incidents. It determines the efficiency and
effectiveness of the emergency system. With regard to the
case-based design, the case structure has to be determined
first. In the emergency system for freeway incidents, a
complete case should include three parts: case description,
decision preplan and evaluation of effectiveness.

2.2.1 Case description

The incident description part of cases records the detailed
information related to the incident when it happens. There-
fore, it is the crucial part of case retrieval. Generally
speaking, the incident description part mainly includes two
aspects: basic information of freeway incidents and infor-
mation of freeway incident loss.

2.2.2 Decision preplan

The data in the decision preplan indicate the detailed situ-
ations of each participating emergency department when
freeway incidents occur. They include the information
about the time when police patrols, the administrative de-
partment, the clearance team, the medical and rescue de-
partments are called, the time these departments arrive at
the incident scene, traffic management and control, the
time for incident treatment, and numbers of vehicles dis-
patched. Besides, a complete decision preplan should in-
clude the information about dispatching resources, dissemi-
nating information and diverting the traffic.

2.3 Design of incident retrieval module

Two goals should be achieved in this module. One is
that the amounts of similar incident cases searched should
be as few as possible, and the other is that the searched in-
formation of incident cases related to or similar to the actual
incident should be as much as possible. Here, we employ
the deep retrieval based on knowledge, which assigns dif-
ferent weight values to incident attributes according to their
respective importance. The distance measurement or the k-
nearest neighbor ( k-NN) algorithm obtains the similarities
between two cases by calculating the distance of the two
objects within the characteristic vector space. A freeway in-
cident case can be described by a feature vector X' = {X|,
X,, ..., Xy}, where X,(1 <i<N)is the characteristic value
of the corresponding incident. The distance between two
incident cases X and Y can be defined'"' as

D(X, Y) = (XWX, Y)H"” (1)

where W, is the weight coefficient of X,.
2.4 Example

As shown in Tab. 2, a similar case is selected from the
case base.
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Tab.2 Example

of case structure

Basic information Costs of incidents

Resources dispatch Information dissemination

Number of
blocked lanes: 1;
Number of vehicles
seriously damaged: 1;
Type of seriously damaged

Incident type: traffic incident;
Location: Lianshui-Gaogou section;
Time: 8:23 A. M. ;

State of traffic flow: free flow;
State of pavement: dry;

vehicles: car;
Number of people
slightly injured: 2;
Number of people
seriously injured: 1;
Number of deaths: 0

Weather: foggy, visibility =300 m

Patrol department:
Patrol Department of Lianshui;
Clearance department:

Lianshui Clearance Team; -
! u " CCTV1: incidents ahead,

Number of trailers: 1; . . .
please drive with caution

Type of trailers: compact;
Hospital:
120 Rescue Center of Lianshui;
Number of ambulances: 2

3 BNs Reasoning
3.1 Development of BNs model

There are two methods for constructing BNs. One is by
consulting experts, and the other is by data analysis. Here,
we apply the first method by consulting two experts in the

nformationDepartment

Fig. 2 Primary variables in BNs model for incident response

Isolation

Tab.3 Conditional probability table associated
with node NumberofFatal

Parent notes NumberofFatal ~ Number of

Fire  Turnover isCar isTruck  Yes No instances
Yes Yes Yes Yes 0.8023 0.1977 23
Yes Yes Yes No 0.751 1 0.2489 16
Yes Yes No Yes 0.7567 0.2433 2
Yes Yes No No 0.500 0 0.500 0 2
Yes No Yes Yes 0.4300 0.5700 4
Yes No Yes No 0.3100 0.690 0 3
Yes No No Yes 0.2500 0.7500 3
Yes No No No 0.0500 0.950 0 5

No Yes Yes Yes 0.7200 0.2800 20
No Yes Yes No 0.4100 0.590 0 16
No Yes No Yes 0.5800 0.4200 23
No Yes No No 0.303 4 0.696 6 18
No No Yes Yes 0.1500 0.8500 139
No No Yes No 0.1200 0.8800 56
No No No Yes 0.0500 0.950 0 78
No No No No 0.0500 0.950 0 8

Notes: “NumberofFatal = Yes” denotes that there are some personal fatali-
ties; “NumberofFatal = No” denotes that there are no personal fatalities.

field of freeway incident management. This model is estab-
lished by GeNie software as shown in Fig. 2. An example
illustrating the conditional probability tables ( CPT) of the
node NumberofFatal is given in Tab. 3.

Ui edGoods

CraneNeeded

3.2 Model validation

As shown in Fig. 3, an incident occurs at midnight and
the initial information received by the operator on duty at the
monitoring center is just that cars and trucks are involved in
the incident. Then, on the basis of Bayesian networks rea-
soning, we can calculate that the probability of a vehicle
turning over is 5% . The probability for the need of a tow
truck is 39%, and 30% for the need of a crane. For an inci-
dent under these conditions, the value of vehicle failures is
“Yes” with a probability of 30%, 15% for vehicles fires,
6% for the leak of hazardous materials, 43% for people who
may get injured and so on. These probabilities obtained from
Bayesian networks reasoning provide preferable reference in-
formation for the next action of these related departments,
and remind operators at the monitoring center to pay more
attention to these predictions with higher probabilities.
Then, when the operators get the real information of the in-
cident a few minutes later, they can be more fully prepared
and thus their reaction time can be greatly reduced.
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4 Algorithm Architecture

Freeway incident response is a decision-making process.
As time goes by, more information of incidents can be ob-
tained. Preplans are generated simultaneously by rule-based
reasoning, case-based reasoning and Bayesian networks
reasoning. The preplan lists are updated with the incident
information continuously acquired. To be more specific,
rule-based reasoning is more practical in field operations
and the preplan provides clear instructions for operators.
Meanwhile, Bayesian networks reasoning and case-based
reasoning are more related to probabilities, which provide
predictions for the need of further actions. As shown in
Fig. 4, preplans 1, 2, 3 are generated by rule-based reason-
ing, Bayesian networks reasoning and case-based reason-
ing, respectively. Each preplan is labeled with the exact
reasoning method from which it is generated. In the actual
situation, it is up to the operators to select the suitable pre-
plans generated by using the three reasoning methods. For
instance, with regard to ordinary incidents, operators can
select the preplan generated directly by rule-based reason-
ing.
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Fig. 4 Generation and control of preplan
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Top-down inference

Anyway, when it comes to some rarely occurring inci-
dents, such as hazardous materials spill, very few related
rules are established. At the same time, due to their com-
plex process nature, it is difficult to extract and establish
unified rules. Therefore, case-based reasoning provides a
reference for operators to choose related actions. The pre-
diction of further incidents status and the corresponding ac-
tions can be obtained from Bayesian networks reasoning.
Moreover, when the incident is finally disposed of, the pa-
rameters of BNs can be relearned based on the sequential
updating model by the incident database consisting of inci-
dent information and incident response preplans.

5 Conclusions

The complete theory, method and realization framework
for generating real-time preplans are proposed by applying
CBR reasoning, rule-based reasoning and BNs reasoning
under emergent freeway incidents. The emergency manage-
ment system for freeway incidents has been successfully ap-
plied in the northern section of the Nanjing-Lianyungang
Freeway for almost two years, from which the collected da-
ta can provide beneficial help for future researches.

1) As for rule-based reasoning, although we define it a
deterministic one in the above application, it can be applied
to make effective incident responses under uncertainties by
adding uncertainty factors.

2) As for case-based reasoning, the current case structure
is monotonous and time-consuming when searching for the
matching cases. More detailed classification of inputting in-
cident cases are needed to accelerate the searching time for
the matching cases.

3) As for Bayesian networks reasoning, further research
is needed on the selection of the sample cases for the calcu-
lation of CPT.
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