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Evaluation of Artificial Neural Network 
Applications in Transportation 
Engineering 

ARDESHIR FAGHRI AND JIUYI HUA 

The increased interest in artificial neural networks (ANNs) seen 
in government and private research as well as business and in
dustry has included relatively little activity in transportation en
gineering. The position that ANNs, as a branch of artificial in
telligence, hold in the transportation engineering field is discussed, 
including the differences between ANNs and biological neural 
networks and expert systems, respectively . The characteristics of 
ANNs in different fields are discussed and summarized, and their 
potential applications in transportation engineering are explored . 
A case study of trip generation forecasting using one traditional 
method and two ANN models is presented to show the application 
potential of ANNs in transportation engineering. The results of 
each method are compared and analyzed, and it is concluded that 
the potential for using ANNs to enhance both software and hard
ware in transportation engineering applications is high, even in 
comparison with expert systems and other types of artificial in
telligence technique. 

Artificial neural networks (ANNs) have proven to be an im
portant development in a variety of problem solving areas. 
Increasing research activity in ANN applications has been 
accompanied by equally rapid growth in the commercial main
stream use of ANNs. However , there is relatively little re
search or practical application of ANNs taking place in the 
field of transportation engineering. This paper summarizes 
the characteristics of ANNs, evaluates the applicability of 
ANNs to transportation engineering, and explores the inter
face of ANN techniques and different transportation engi
neering problems. 

DEFINITION OF ANNs 

The human brain consists of 10 billion to 500 billion neurons. 
A cell body, an axon, and dendrites make up a biological 
neuron such as the one shown in Figure 1 (top). The con
nections between the neurons are called synapses, and each 
neuron is connected to 100 to 10,000 other neurons. A neuron 
executes a very simple task: when presented with a stimulus, 
it emits an output into other neurons connected to it via the 
synapses (J ,2) . 

Artificial neurons (also called processing units or processing 
elements) mimic the functions of biological neurons by adding 
the inputs presented to them and computing the total value 
as an output with a transfer function . Figure 1 (bottom) shows 
a simple example of an artificial neuron . The artificial neuron 
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also connects to other artificial neurons as the biological neu
ron does. The strength of the connections is called weight. 

An ANN is a system composed of artificial neurons and 
artificial synapses that simulates the activities of the biological 
neural network. The ANNs can be single layer or multilayer, 
depending on their structure. In a single-layer ANN, all the 
processing units of the ANN take inputs from the outside of 
the network and their outputs go to the outside of the net
work; otherwise, it is a multilayer ANN. The principle that 
can approximately compute any reasonable function in an 
ANN is called architecture. The weights are adjustable , the 
programming for adjusting the weights is called training, and 
the training effect is called learning. The learning can be done 
either by being given weights computed from a set of training 
data or by automatically adjusting the weights according to 
some criterion. 

A general definition for an ANN can be given as "a com
puting system made up of a number of simple, highly inter
connected processing elements that process information by 
dynamic state response to external inputs" (3) . 

Differences Between ANNs and Biological Neural 
Networks 

Although ANNs attempt to simulate real neural networks, 
they operate differently in many ways. The primary differ
ences between ANNs and biological neural networks follow. 

1. The processing speed is different. Cycle time is the time 
taken to process a single piece of information from input to 
output . The effective cycle time of a biological neuron is about 
10 to 100 msec; the effective cycle time of an advanced com
puter 's CPU is in the nanosecond range (1 ,2). 

2. There are more than 100 kinds of biological neuron. 
ANNs contain only a few kinds of processing unit. 

3. The "computations" (chemical reactions) in biological 
neual networks occur not only in neurons, but also in den
drites and synapses (2). 

4. ANNs seldom have more than a few hundred processing 
units; a brain has 10 billion to 500 billion neurons. 

5. The human brain has stronger error removal capability 
than an ANN. An upside-down Jetter may cause a lot of error 
in an ANN recognition system, but the human brain can rec
ognize it easily. 

6. Knowledge in ANNs is replaceable, but knowledge in 
biological neural networks is adaptable (2). 
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FIGURE 1 Schematic drawing of typical 
biological neuron and artificial neuron. 

Differences Between ANNs and Expert Systems 

output 

As a part of artificial intelligence, ANNs possess some sim
ilarities with expert systems, such as storing knowledge and 
having learning processes in their operation . However, each 
has its own characteristics. The relationship between ANNs 
and expert systems is one not of replacement but of partner
ship. The differences between ANNs and expert systems 
follow. 

1. ANNs and expert systems differ in the method of de
veloping an intelligent system. The expert system approach 
uses a domain expert to identify the explicit heuristics used 
to solve problems, whereas the ANN approach assumes the 
problem-solving steps are to be derived without direct atten
tion as to how a human actually performs the task. Thus, 
expert systems try to figure out how the human mind is work
ing, and ANNs mimic the most primitive mechanisms of the 
brain and allow the external input and output to designate 
the proper functioning ( 4) . 

2. ANNs are flexible with knowledge. The knowledge stored 
in expert systems is restricted to the human knowledge do
main. In contrast, ANNs can be trained with some data ac
quired in the past for the particular problems to be solved; 
the data may not even to be a type of knowledge. For some 
problems, it is not necessary for humans to understand the 
knowledge about the data; the ANNs give answers according 
to their own internal criteria. 

3. ANNs have different ways of learning. The learning of 
expert systems is a procedure designed to store some knowl
edge in the system. The learning of ANNs is to adjust the 
strengths of the connections between the processing units . 
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The knowledge in an ANN is more like a function than a 
content. Some ANNs could have a self-learning capability . 

4. ANNs have different ways of computing. The results in 
expert systems depend on how the knowledge has been repre
sented. The computation method used by an ANN is deter
mined by its architecture, and the results depend on how the 
network is structured. In a multilayer ANN, if the number of 
hidden units is changed, the accuracy of the results will be 
different. 

5. Once an ANN is developed, no more programming is 
required; the only requirement is to feed data to the ANN 
and train it. However, in expert systems, programming may 
be required if additional knowledge is to be introduced to the 
system. 

ANNs and expert systems can cooperate with each other, 
and for some problems they overlap in use. Once integrated, 
it is expected that they will enable artificial intelligence (also 
called AI) to cover a much wider variety of applications. 

Applications of ANNs 

The special characteristics make ANNs especially useful in a 
variety of applications . An ANN can provide an approach 
that is closer to human perception and recognition than tra
ditional methods . In situations in which input is noisy or in
complete, ANNs can still produce reasonable results. 

Although ANNs have not been widely explored in trans
portation engineering, their unique properties indicate great 
potential. We summarize two applications in the following. 

Self-Organizing Traffic Control System 

Nakatsuji developed an optimizing splits traffic control system 
using a four-layer ANN (5). The development is based on 
two assumptions: (a) cycle length is common over the road 
network and does not vary with time, and (b) there are no 
offsets between adjacent intersections. The purpose of this 
project was to estimate optimal splits of signal phases using 
ANN technology. The inputs to the ANN are control vari
ables, that is, split lengths of signal phases and the traffic 
volumes on inflow links ; the outputs from the ANN are the 
measures of effectiveness such as queue lengths and the per
formance index. Through a case study, Nakatsuji reported 
that his system was effective in adjusting the synaptic weights 
in the training process and was able to improve the conver
gence into global minimum, and the solutions achieved were 
in accord with analytical ones . 

Intelligent System for Automated Pavement Evaluation 

The intelligent system for automated pavement evaluation 
was developed by Ritchie et al. (6) . The focus in this research 
was the development of an advanced sensor-processing ca
pability using ANN technology to determine the type , sever
ity, and extent of distresses from digitized video image repre
sentations of the pavement surface acquired in real time. A 
three-layer ANN was used in this system. The results of the 
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initial case study presented in this paper clearly show the 
potential for application of ANNs for distress classification of 
pavement images as part of the proposed innovative noncon
tact intelligent system. 

CLASSlFICATION OF ANNs 

In the operation of ANNs, two issues should be addressed: 
(a) How are the processing units and the interconnection 
configured? that is, What is the structure of the ANN? and 
(b) How will weight values be assigned to the interconnec
tions? that is, What are the ANN's learning rules? Here, the 
general classification of architectures and the learning of ANNs 
are presented. 

The types of ANN architecture can be divided into four 
categories. 

1. Mapping ANNs-Using a transfer function, mapping 
ANNs compute the sum of all the products of corresponding 
inputs and weights to make the outputs, that is, 

Y = f(X,W) 

where 

Y = outputs, 
X = inputs, 
W = weights, and 
f = transfer function. 

2. Recurrent ANNs-In recurrent ANNs, some (or all) of 
the outputs are connected to the inputs. The outputs of the 
ANNs are the function of the inputs, the weights, and some 
(or all) outputs , that is, 

Y = f(Y,X,W) 

or 

y(t + 1) = f[Y(t), X(t), W(t)] 

where t denotes the time. 
3. Temporal ANNs-Temporal ANNs compute the rates 

of the changes of their outputs as a function of the outputs, 
the inputs and the weights . In mathematical notation , 

dY/dt = f(Y,X, W) 

4. Hybrid ANNs-Hybrid ANNs integrate different kinds 
of learning into one network. 

The learning of ANNs is generally classified as 

•Supervised learning-ANNs are trained on a set ofinput
output pairs. The weights are adjusted to minimize error of 
the outputs. Another set of input-output pairs, called testing 
data, is provided to test the effects of training. 

• Self-organizing learning-The network is trained on a set 
of inputs. No guidance is presented to the network about what 
it is supposed to learn. The ANN adjusts the weights to meet 
its own built-in criterion. 
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•Reinforcement learning-ANNs are trained on a set of 
inputs. The target values are not provided for learning; in
stead, error signals of the output are given to the ANNs. This 
process is analogous to reward or punishment. 

Mapping ANNs 

Of the four kinds of ANN, mapping ANNs have the most 
models. Basically, for mapping ANNs, if Y; denotes the ith 
output, xj denotes the jth input (j = 0,1, ... ' n) and wij 
denotes the corresponding weight, then we have 

where g is the transfer function. Generally, g will be one of 
the following types: 

•Linear function: 

g(x) = x 

• Threshold function : 

g(x) = { -i(or 0) 

•Sigmoid function: 

if x > 0 
else 

g(x) = tan h(x) or g(x) 

X 1 to X,, are the external inputs. X0 is the artificial or the 
bias input, and it is added to simplify the network imple
mentation. Without it the formula for the network would be 

Y = g( 'V W X - threshold) 
I LJ I} J j 

j = J tll II 

The major models of mapping ANNs are given m the 
following. 

Linear Associator 

The linear associator is one of the earliest basic mapping 
ANNs; it was invented by several people during the period 
1968 through 1972. It can learn at most L input-output vector 
pairs (x 1, y 1), (x~, J2), ... , (x L, YL). When one of these input 
vectors, say xk, is entered in the network, the output vector 
y should be Yk· When a vector xk + E (close to xJ is entered 
into the network, the output vector should be yk + B (close 
to Yk)(J). 

Learning Matrix 

The learning matrix is a crossbar , heteroassociative, nearest
neighbor classifier. It was applied to problems such as highly 
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distorted handwritten chracters and diagnoses of mechanical 
failures to reduce downtime of machines. 

ADALINE and MADALINE 

ADALINE (Adaptive Linear Element) is described as a com
binatorial logical circuit that accepts several inputs and pro
duces one output. MADALINE (Multiple ADALINE) is a 
more comprehensive network consisting of many ADALINEs. 
Both ADALINE and MADALINE are commonly used models 
of mapping ANNs, and generally they operate with a least 
mean square error-correcting learning rule. The applications 
of ADALINE and MADALINE have been developed in con
trol, pattern recognition, image processing, noise cancella
tion, and antenna systems. 

Back Propagation 

Back propagation is one of the best-known ANNs. The typical 
back-propagation ANN always has at least one hidden layer. 
There is no theoretical limit on the number of hidden layers, 
but typically there are no more than two. During the learning 
process, the error information is propagated back from the 
output layer through the network to the first hidden layer. 
Back propagation is a very powerful technique for construct
ing nonlinear transfer functions between a number of contin
uously valued inputs and one or more continuously valued 
outputs. This property leads to many interesting applications. 
Back-propagation ANNs have been used in solving many real
world problems such as image processing, speech processing, 
optimization, prediction, diagnostics, control, signal pro
cessing, noise filtering, and forecasting (1,2, 7). 

Self-Organizing Mapping 

The self-organizing mapping ANNs can be used to sort items 
into appropriate categories. One of the most famous of these 
ANNs is the Kohonen layer, which was developed in Finland 
by Kohonen of Helsinki University of Technology between 
1979 and 1982. The Kohonen layer basically implements a 
clustering algorithm to the network. In the operation, only 
one unit fires and takes a value of 1; the others will be 0. This 
process is accomplished by a winner-takes-all strategy. Self
organizing mapping can be easily adapted to handle catego
rization problems (7). 

Adaptive Resonance Theory 

The adaptive resonance theory (ART) was developed by Car
penter and Grossberg of Boston University in 1987. It includes 
three implementations: ARTl for binary inputs, ART2 for 
continuous-valued inputs, and ART3, which is the refinement 
of ART2. An ART network can classify and recognize input 
patterns without the presence of an omniscient teacher; that 
is, no instructor tells the network to which category each 
particular stimulus input belongs (7). 
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Recurrent ANNs 

In recurrent ANNs the outputs are fed back to the network 
as a part of their inputs. This process is also described as a 
recurrent connection. The major models of recurrent ANNs 
are summarized in the following. 

Hopfield 

The Hopfield network was proposed in 1982 by Hopfield of 
the Biophysics Division of Bell Laboratories. It is a primary 
example of a recurrent network. The Hopfield network acts 
as an associative memory, that is, it passes through a sequence 
of several patterns and chooses one that most closely resem
bles the input pattern as the output. The stable patterns into 
which the network settles are called attractors, and the pos
sible states of the network are called the configuration space. 
The sets of the states that eventually transform into the same 
attractor are called basins of attraction. 

The Hopfield networks have been used not only in the 
common areas of ANNs such as image processing, signal pro
cessing, pattern matching, and prediction, but also to solve 
some classical combinatorial problems such as the "traveling 
salesperson problem." Its ability in optimization should also 
be highlighted. 

Brain-State-in-a-Box 

Compared with the Hopfield network, whose processing units 
are allowed to take only binary values, the brain-state-in-a
box (BSB) network has processing units that are allowed to 
take on any value from - 1 to + 1. BSB has been used in 
pattern classification, diagnostics, knowledge processing, im
age processing, and psychological experiments (2). It is re
ported that one of the BSB applications, the instant physician 
system developed by Anderson of Brown University in 1985, 
is performing surprisingly well (1). 

Bidirectional Associative Memory 

The bidirectional associative memory (BAM) network was 
developed in 1987 by Koskonow of the University of Southern 
California. It allows associations between two arbitrary pat
terns. A BAM network consists of two layers, with every unit 
in one layer connected to every unit in the other layer. BAM 
applications in image processing, control, resource allocation, 
and optical/electrooptical have been reported. 

Boltzmann Machine 

The Boltzmann machine was developed in 1984 by Hinton of 
the University of Toronto and colleagues. This network is a 
trainable, stochastic version of the Hopfield network. Hidden 
units constitute an important part of the architecture. Boltz
mann machines have many applications, such as image pro
cessing, speech processing, temporal processing, prediction, 
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optimization, diagnostics, character recognition, knowledge 
processing, and signal processing (2). 

Recurrent Back Propagation 

Recurrent back-propagation ANNs can recognize dynamic 
patterns whose input vectors change with time; that is, a se
quence of input vectors X(O), X(l), . .. , X((10 P - 1) are 
represented to the network . A typical recurrent back
propagation ANN consists of two layers, a functional layer 
and a register layer. It handles a set of time-dependent input
output data instead of static input-output of back-propagation 
ANNs. 

Temporal ANNs 

The operation of temporal ANNs can be represented by a 
differential equation, and the output and input vectors of the 
network are changed with time. Fewer models of temporal 
ANNs have been developed. Generally speaking, temporal 
ANNs are suitable for dealing with the dynamic types of 
problems . 

Hybrid ANNs 

Hybrid ANNs combine supervised and unsupervised learning 
in one network . We summarize two models . 

Counter Propagation 

The counter-propagation network is a typical hybrid ANN 
initially proposed by Hecht-Nielsen . Counter-propagation 
networks consist of a linear mapping layer on top of a Kohonen 
layer. The Kohonen layer is trained in the usual way, and 
the linear mapping layer is trained by a simplified version of 
delta rule that is called ouster learning. Counter
propagation networks often run 10 to 100 times as fast as 
back-propagation networks when they are applicable to a 
situation. 

GMDH 

The GMDH ANN combines simple nonlinear processing units 
into an effective multilayer network. The most important fea
ture of this kind of ANN is that it includes a procedure for 
building a near-optimal network. 

In short, compared with traditional computation methods, 
ANNs behave as if they are depending on some kind of " in
tuitional reaction." They are concerned not with the principles 
of their operation but with the effects of their behaviors. This 
makes ANNs special and superior in solving certain problems , 
especially for recognition, control, image processing, opti
mization , and diagnostics . The structures of ANNs seem to 
be problem-dependent-for different types of problems, dif
ferent structures should be used. In Table 1 we present ap-
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plication problems divided into 11 categories and rate the 
performances of 13 major ANN models in these categories . 

APPLICATIONS OF ANNs IN TRANSPORTATION 
ENGINEERING 

Transportation problems can be divided into five categories: 
planning, operation and control, administration and finance, 
construction and maintenance, and design. The applications 
are identified and the suitabilities of several major ANN models 
in different transportation engineering domains are discussed. 

Planning 

Transportation planning identifies a set of actions that will 
lead to the achievement of given objectives. The prediction 
of traffic conditions is a basic problem of transportation plan
ning . Two of the most common traffic planning problems, 
trip generation and the origin-destination (0-D) distribution, 
are identified as suitable for the ADALINE and back
propagation ANN models, respectively. 

Trip Generation 

Trip Generation forecasting analysis predicts the zonal amount 
of traffic. The primary approach used for trip generation fore
casting now is the regression method, which uses the statistical 
data of the past to establish a mathematical model used to 
compute the number of traffic trips required in the future. 
The ADALINE is identified as being suitable for this prob
lem. The weights between the inputs and the outputs could 
be considered the regression coefficients in regression analysis 
(linear case). The training data sets are taken from past survey 
data. The output of the network can be a variable or a vector. 
If we take only one output, the model predicts the value of 
trip generation at a specific time in the future. If we take a 
sequence of outputs, it predicts the values of the trip gener
ation in a time series in the future. This idea is also expected 
to be used in traffic attraction forecasting. 

0-D Distribution 

The trip generation problem described traffic volume pro
duction for a specific area . The 0-D distribution describes 
the traffic volume between specific areas (called zones) . The 
0-D forecasting is implemented according to the data sets of 
traffic generation and traffic attraction of the zones. A number 
of 0-D forecasting methods have been developed; basically, 
they are a traffic 0-D distribution pattern estimation model 
that predicts the distribution pattern on the basis of three 
factors: the future traffic generation, the future attraction (or 
one of them), and the present distribution pattern. The back
propagation ANN is identified as suitable for 0-D forecasting. 
The future zonal trip generations and attractions can be iden
tified as the external inputs of the network, and the outputs 
of the network represent future 0-D distribution. Through 
proper training, which is a process of minimizing the total 
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TABLE I Application Evaluation of ANN Models 

~J Mada./ ART BAM Hopf. Boltz. 
y Ada. Mach. 

Recognition • • • 
Control ~ @ @ @ 

Forecasting/ • Prediction 

Classification • 
Diagnosis ~ 

Optimization • @ 

Noise Filtering ~ 

Image Processing ~ G ~ ® ~ 
Association ® • 0 

Decision Making ~ 
Temporal 0 @ Processing 

Key : Strong Applicability 

Moderate Applicability 

Applicable 

Difficult to Evaluate 

error of outputs, the noise in past 0-D patterns can be re
moved. Our prototype development of an 0-D forecasting 
model using a back-propagation network showed reliable 
feasibility. 

Operation and Control 

Operation and control of transportation-deal with problems 
such as traffic congestion diagnosis and control, hazardous 
material transportation, air traffic control, and ground traffic 
signal timing control. Two applications are identified in this 
area. 

Traffic Pattern Recognition System 

Because of the difficulty of dynamic traffic assignment mod
eling, the most commonly used coordinated area traffic con-
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Count. Lin. Learn Ko ho. GMDH 
Prop. Assa. Matr. 
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0 

~ • 
• 

0 ~ 

• 

trol systems are based on time interval-dependent control on 
the assumption that in one time interval the network traffic 
state (called the traffic pattern) is static. Obviously, the cur
rent method has two major defects. The first is that there is 
no proper criterion to identify the traffic patterns-that is, if 
the traffic pattern is changed we need a criterion that will 
identify the new traffic pattern and measure how much the 
new pattern differs from the old one so that a set of optimized 
control parameters can be presented. The second defect is 
that the tolerance of the traffic pattern changes-that is, when 
the traffic pattern does not change too much until it matches 
another set of control parameters, we usually do not want to 
change the control parameters because the changes may bring 
some traffic disorder. Against these two defects, the traffic 
pattern recognition system is proposed. At present, the ANN 
model used in this system is ARTl, but it will soon be replaced 
with ART2. The ART properties of parallel process and toi
erance adjustability can provide more reasonable traffic pat
tern recognition results than the traditional methods can. 
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Automatic Vehicle Identification 

The inefficiency of toll booths has attracted the attention of 
many researchers. Several systems that may replace the func
tions of toll booths have been developed in the past few years. 
An automatic vehicle identification (A VI) system can provide 
the convenience of electronic vehicle identification, through 
the use of subscribed purchase transponders, as vehicles move 
through a toll plaza or checkpoint without stopping or, in 
some cases, even slowing down. The system automatically 
charges or debits tolls from the drivers' accounts. In 1988, 
such a system was set up on the Dallas (Texas) North Tollway, 
and 15,000 tags were issued. Three A VI toll roads being built 
in Orange County, California, reportedly will feature the most 
extensive use of A VI in the United States (8). 

The most important advantage of the license plate recog
nition system is that no special devices are required for the 
vehicles passing through. In this system, the ANN is used to 
complete the task of character recognition. Several conven
tional computing methods are used to complete the statistical 
data processing and calculate the amount of toll fee for each 
motor vehicle that passes the checkpoint. This system is under 
development, and the character recognition software has been 
successfully completed. Another important advantage of this 
system is that it will be very helpful for the 0-D survey. 

Administration and Finance 

The area of administration and finance deals with the sources 
and distribution of the money used for financing transpor
tation systems and their improvement. Topics include inno
vative transportation financing techniques; the effect of de
regulation on different modes, pricing, user payments, and 
cost; and the prioritization, allocation, and distribution of 
funds. Here, potential applications of ANNs in the innovative 
transportation financing field are described . 

Many state and local transportation agencies have used 
innovative transportation financing techniques to cope with 
financial problems. Their efforts to attract private funding, 
along with specific case studies, may be found in published 
sources. A back-propagation ANN can be trained to learn 
the experiences of many state and local transportation agen
cies that have succeeded in generating funds by using inno
vative transportation financing techniques. The input to the 
network consists of such parameters as the transportation 
agency's size, financial needs, institutional elements, and the 
mode (i .e ., transit , highway, pedestrian) for which financing 
is requested . The output includes the most appropriate fi
nancing techniques for the transportation agency to adopt and 
the amount of money that will potentially be generated. 

Construction and Maintenance 

Transportation construction involves all aspects of the con
struction process, including preparing the surface, placing the 
pavement materials, and preparing the roadway for use by 
traffic. Transportation maintenance starts some time after the 
construction and involves all the required work and proce
dures to keep the facility in working order. Under this topic 
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the pavement traffic mark recognition system using appro
priate ANN techniques is proposed. 

Pavement traffic marks can inform motorists, guide traffic 
flow, and ensure traffic safety. The damage sustained by traffic 
marks painted on the roadway surface varies depending on 
the traffic that travels over them as well as the climatic con
ditions. Investigating the existence and the degree of damage 
to traffic marks is usually expensive and disruptive of the 
normal flow of traffic. The system currently under develop
ment uses a hybrid ANN (consisting of a Hopfield ANN and 
two multilayer back-propagation ANNs) to recognize the 
damaged traffic mark and classify it into one of several cat
egories that represent the different degrees of damage. 

Design 

In transportation, design includes the visible elements of the 
transportation facility. It deals with factors such as the grade 
line or profile , horizontal and vertical alignments, pavement 
of roaoway, terminals, and stations. The input to the design 
process includes such parameters as the forecasted design 
demand rate, type of demand, and environmental conditions 
such as weather and temperature. The output consists of the 
specific numerical or the range of values of the design ele
ments . ANNs can be used for a variety of design problems 
in transportation. The ANN knowledge-storing ability is es
pecially useful in the development of design supporting sys
tems. Through proper training of the networks, the models 
can learn to provide suitable output results when provided with 
input values. For human experience-based design supporting 
systems, the most suitable ANN models are ADALINE, 
MADALINE, and back propagation. 

In brief, the transportation applicabilities of ANNs in image 
processing, control, optimization, and forecasting are espe
cially impressive. For some problems, such as traffic pattern 
recognition, ANNs obviously appear to be stronger than tra
ditional methods. Some ANNs' unique abilities, such as pat
tern classification, filled some blanks in transportation engi
neering such as the traffic mark classification system. Table 
2 shows the ANN models appropriate to transportation en
gineering applications. 

CASE STUDY 

As a demonstration of the applicability of ANNs in trans
portation engineering, we aimed trip generation forecasting, 
which is one of the most common transportation planning 
problems, using the ADALINE and the back-propagation 
ANN models. 

Definition of Problem 

Past studies have identified the fact that human traveling ac
tivities are related to some socioeconomic indexes such as 
income, population, and employment. For 4 specific area (or 
zone) , the trip production can be conjectured from these in
dexes. The purpose of trip generation analysis is to develop 
a mathematical model that can be used to forecast the traffic 
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TABLE 2 Related ANN Models to Transportation Applications 

NEURAL NETWORK MODELS 
TRANS . APPLICA-

IA DA./ DOM. TIONS BALZ. 
MACH MAD.A 

TRIP GEN. x 
PLANN 

ING OD DISTR . 

OPERA. 
SIG. TIMING 

and 
OPT. 

CONTR. TRAF. PATTR . 
C LASSJFIC. 

MANAG . 
TSP x OPT. 

and 
FINAN. LICE NSE NO. 

REC. 

PAY. DISTRESS 
CONSTR . DETECTION 

and 
TRAF. MARK 

MAINT 
CLASS IF. 

DESIGN 
DESIGN SUPPORT x 

SYSTEM 

trip production of the forecasting zone according to a number 
of socioeconomic indexes. For example, two indexes, zonal 
households and zonal population, are used in one major Ca
nadian transport planning study to predict the zonal peak
hour trip production (9). 

zonal peak-hour 
trips produced = U.3036 (zonal households) 

+ 0.5638 (zonal population) 

Current Solution 

The previous approaches for trip generation forecasting in
clude two main methods: regression analysis and category 
analysis. The majority of trip generation studies performed 
to date have used multiple regression analysis to develop the 
prediction equations for the trips generated by various types 
of land use. Generally, the least squares method is used to 
determine the constant c and the coefficients. 

Description of ANN Models 

An ADALINE ANN was used in this case study. This very 
simple ANN model has only four input units and one pro
cessing unit. One of the obvious differences between 
ADALINE and the regression method is the handling of the 
optimization of the weights and the coefficients. The regres
sion method pursues the coefficients that will produce the 
minimum error on the surveyed data, which can be considered 
the training data sets for the ADALINE model. The training 
of ADALINE pursues the best value of the weights that will 
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allow the model to obtain good results on the testing data 
sets, but not on the training data sets. Even if a set of weights 
will allow the model to perform well on the training data sets, 
unless those values of the weights will allow the model to 
reach the approximate error minimum on the testing data 
sets, those weights are not considered good. In fact, this phe
nomenon is called over training. An ADALINE process such 
as this is expected to achieve better results than the regression 
method does . The belief in the training of ADALINE de
scribed here is also a general characteristic of ANNs. 

A back-propagation model is also applied. This is a two
layer model with four input units to match the number of 
indexes and two processing units in the hidden layer. Unlike 
the usual way, which uses the sigmoid function, a linear trans
fer function is used in this model to match the ADALINE so 
that we can compare the performance of the two models. The 
other purpose is to examine its operation when a linear func
tion is used. The learning of back propagation is done in the 
usual manner , that is, by using a delta learning rule. 

Computation 

The data sets are shown in Table 3. The first 20 sets of the 
samples were used as the training data, and the next 7 sets 
of samples were used as the testing data for ANN models . 
The other five data sets of samples are used to verify the 
effects of the three methods, and hence we call them fore-
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casting data. Both the training and testing data were put to
gether for the regression analysis. 

In the training of the AD ALINE model , the mean squared 
error (MSE) is used to indicate how the training is going. 
When iterations were equal to 10,000, we reached the ap
proximate minimum of which the MSE = 0.000195, and MSE 
= 0.000053. The training of the back-propagation model went 
much faster than the ADALINE. At iteration equal to 2,500, 
t.he minimum MSE on the testing data was detected at 
0.00004242. The MSE on the training data at iteration equal 
to 2,500 was 0.000005035. 

Figure 2 shows the forecasting results obtained using the 
three methods on the forecasting data, respectively. We can 
see that both of the ANN models forecasted values closer to 
the actually observed values than the regression does . The 
MSEs of these three methods are shown in Figure 3. 

Discussion of Results 

The results obtained indicate that ANN models work better 
than the linear regression method in this case. The results of 
ADALINE are slightly closer to the observed values than 
those of back propagation. This is considered to be the result 
of using floating data type in all the computations and then 
the stacked errors caused this small difference. However , the 
ADALINE took 10,000 iterations whereas the back propa
gation took only 2,500 iterations to reach the total error min-

sample 1 sample 2 sample 3 sample 4 sample 5 

Sample 

~observed value ~regression value 

~ADALINE value ~ Backpro. value 

FIGURE 2 Results of regression, ADALINE, and back propagation. 
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Imm MS error of regression ~MS error of ADALINE 

~ MS error of Backpro. 

FIGURE 3 Comparison of MSE of regression, ADALINE, and back propagation. 

imum on the testing data sets in the training. The training of 
the back-propagation model is much more efficient. 

SUMMARY AND CONCLUSIONS 

The fundamental concepts of ANNs were introduced, and the 
basic differences between ANNs and biological neural net
works and expect systems were presented. On the basis of 
their unique architecture and learning techniques, ANNs were 
classified into four categories, and under each category, sev
eral ANN paradigms were explained. A matrix for relating 
each ANN paradigm to 11 attributes, including classification, 
pattern recognition, image processing and diagnosis, was then 
presented. On the basis of this matrix, the applicability of 
different ANN techniques for solving transportation problems 
was evaluated. Finally, a case study demonstrating the ap
plications of two powerful ANN techniques-back propa
gation and ADALINE-in solving the trip generation prob
lem was demonstrated. The results outperformed those obtained 
by conventional regression methods. 

The strong applicability and suitability of different ANN 
techniques were demonstrated in this paper. Many of the 
example problems presented in the transportation application 
section have already been developed or are currently under 
development by the authors. ANNs are envisioned to become 
powerful tools not only for transportation, but also for en
hancing the current state of such contemporary issues as ar
tificial intelligence applications and intelligent vehicle
highway system technologies. 
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