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Abstract 

Optimal system performance in a traffic system is achieved by planning, control, 
and scheduling of the system's many traffic movements. This task of optimiz­
ing the time and facility conflicting activities is challenging. In the last a few 
decades, extensive research has been carried out on the planning and control 
of manufacturing processes to improve productivity and reduce manufacturing 
costs. In this work, we apply the quantitative intelligent system concept, devel­
oped in the optimal planning of manufacturing activities, to the dynamic signal 
control problem of a corridor traffic system to minimize traffic delays . 
. Today, the ever-increasing demand for individual mobility and reduced traf­

fic delays, coupled with economic and environmental restrictions on increases in 
physical road capacity, requires efficient control of signalized intersection traffic. 
Present traffic signal control is based upon static traffic control strategy using 
several fixed timing plans. These timing plans contain optimal control parame­
ters for representative traffic patterns manually identified by a traffic engineer. 
Several timing plans are applied during different time periods according to the 
traffic demand statistics , regardless the actual traffic flow condition at the in­
stant . To improve t he quality of signalized traffic control, and to reduce traffic 
delay and congestions caused by the inaccurate estimation of traffic demands, 
the development of a dynamic control strategy based upon the on-line acquired 
traffic flow condition becomes necessary. 

In this work, an approach for dynamic traffic signal control, based upon 
a fuzzy-neural intelligent system and traffic delay minimization , is introduced. 
This approach consists of three major parts: (a) automated traffic flow pattern 
identification using fuzzy pattern clustering, (b) optimization of traffic control 
parameters (timing plan design) for identified traffic flow patterns, and (c) dy­
namic traffic signal control by real-time traffic flow monitoring, traffic flow pat­
tern matching using the fuzzy-neural system, and execution of stored optimal 
control parameters. 

The traffic flow pattern identification is carried out using the fuzzy pattern 
clustering and matching techniques. A mathematical model is first introduced 
to quantify the fuzzy traffic conditions. The traffic condition at a moment is 
expressed as a hyper point in a m-dimensional traffic parameter space. Similar 
t raffic conditions show as clouds of hyperpoints. The quantified traffic condition 
description allows the "characteristic groups" of traffic flow conditions being 
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recognized as traffic patterns, using the fuzzy clustering methods. These traffic 
patterns are closely studied. The optimal timing plans of these traffic patterns, 
which contain the optimal signal control parameters, are generated using com­
mercial software through extensive optimization. 

Dynamic traffic control is accomplished using fuzzy traffic pattern cluster­
ing/matching methods and traffic plan optimization. The task is carried out 
in two steps: off-line learning and on-line control. The off-line learning part 
identifies all representative traffic patterns based upon previously collected traf­
fi c data, designs a timing plan for each identified traffic pattern using traffic 
delay minimization, and trains a fuzzy-neural system using the traffic pattern 
- optimal t iming plan pairs generated. The on-line control part senses traffic 
flow in real-time, matches the sensed traffic flow condition with the best fitted 
traffic pattern, assigns the optimal timing plan of the matched traffic pattern 
to related traffic controllers dynami cally. A method for short-term traffic flow 
condition prediction is also developed to offset the short delay in traffic flow 
condition sensing, and quasi-optimal traffic signal parameter updat ing at the 
controller. 

The approach makes dynamic traffic signal control of a corridor traffic system 
with quasi-optimal performance possible. The system is self-adaptive and capa­
ble of carrying out self-learning to varying traffic demands. Computer simulation 
and prototype testing using the real traffic data have demonstrated significant 
t raffi c delay reduction. 

The research directly contributes to static and dynami c traffic control re­
search and practice. It also extends the research and applications of the quantita­
tive intelligent system approach, and benefits the research on intelligent schedul­
ing and planning for time and facility conflict activities . The research on de­
veloping a hybrid fu zzy-neural system combines the reasoning ability of a fuzzy 
system and the learning abili ty of a neural network, whi ch is critical for a self­
learning and self-adaptive, intelligent system. 
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Chapter 1 

Introduction 

1.1 General 

1 

Today's industrial environment and increasing international competition de­

mand improvements on the efficiency of our traffic system to keep up with 

the pace of economic development . The increase of road traffic demands often 

ca.uses traffic congestion in urban and suburban areas worldwide, both in indus­

triali zed countries and in the metropolitan areas of developing countries. With 

financial and environmental constraints on building new road infra.structures , a. 

cost-effective approach for improving the efficiency of a. traffic system is to apply 

advanced computer technology in traffic signal control and to develop new and 

more effective traffic signal ·control and management techniques. 

To accommodate the need for more efficient traffic systems, the concept 

of the Intelligent Vehicle and Highway System (IVHS ) was introduced in late 

1980's [5, 10]. The Intelligent Vehicle and Highway System consists of many sub­

systems using advanced computer , communications, and sensor technologies to 

improve the performance of transportation systems to relieve traffic congestion, 

improve safety, and reduce pollution and energy waste. The IVHS has four 

major components: 

■ Advanced Traveler Information Systems (ATIS) - providing trav­

elers with information to ensure that their journey is as safe, efficient, 

comfortable, and enjoyable as possible; 

■ Advanced Fleet Management Systems (AFMS) - employing a. va.-
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riety of technologies to improve the safety, efficiency, and control of fleet 

operations; 

■ Advanced Traffic Management Systems ( ATMS ) - combining new 

and existing traffic management and control system to optimize traffic flow 

on freeways, urban expressways, and arterial; 

■ Advanced Vehicle Control Systems (AVCS) - As the most sophis­

t icated component of the IVHS systems, the function of AVCS can be 

further divided according to the periods of its development. In the near 

future, AVCS systems will include driver aids such as adaptive cruise con­

trol, collision and skid (traction) warning, and vehicle/driver performance 

monitoring. In the mid-term, vision enhancement and lane change and 

merge warning will be provided. Certain driving functions, such as skid 

control and braking for collision avoidance, may also be automated, fur­

ther enhancing driver capabilities. In the long term, AVCS is expected to 

include fully automated highways in which the system will take over the 

driving task completely, on dedicated highway facilities in high demand 

inter city routes or metropoli tan corridors; 

The research conducted in this thesis focuses on the advanced traffic signal 

control methodology with dynamically optimized traffic signal control parame­

ters, and contributes to the area of Advanced Traffic Management Systems of 

IVHS. 

1.2 Traffic Planning and Control Pract ice 

Earlier research on efficient traffic signal planning and control goes back almost 

half a century, but it is only in the last two decades that sophisticated and 

complex control algorithms have been developed and applied. 
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From the late 1940's to early 1960's, traffic planning focused on the expansion 

of roadway capacity to meet the increasing number of vehicles. Owing to the 

enormous growth of traffic demands, it was recognized that by simply expanding 

road capacity the problem would not be solved. The need for efficient traffic 

signal control was recognized. Environmental problems of air and noise pollution 

related to vehicle operation also became evident and had to be addressed. These 

led to the earlier traffic engineering research focusing on traffic signal designs 

for safe and efficient movement of people and goods using existing roads. 

The present traffic signal control system consists of signs, signals, and mark­

ings. The use of traffic signals at signalized intersections ( or traffic signal con­

trol), controls traffic flow go through the intersections by allocating appropriate 

time among conflicting traffic flow demands. The synchronized traffic signals at 

a series of intersections allow traffic to pass through an artery without stopping, 

which is called signal progression. Appropriate time offsets of these synchronized 

signals must be calculated in this progression system. 

This research focuses on the intelligent tr3:ffic signal control in a signalized 

multiple intersection artery system. 

1.2.1 Terminology 

For clarity, various terminology on traffic signal control are given as follows : 

■ cycle - one complete sequence of signal indications. 

■ cycle length - total time for the signal to complete one cycle, given the 

symbol C (sec). 

■ phase - a time interval of a cycle which allows a group of traffic move~ 

ments receiving the right of way simultaneously. 
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■ interval - period of time during which all signal indication remain con­

stant. 

■ change interval - the "yellow" and/or "all-red" intervals which occur 

at the end of a phase to provide for clearance of the intersection before 

conflict movements are released, given the symbol Yi for phase i (sec). 

■ green time - time within a given phase during which the "green" 

indication is shown, given G; for phase i (sec). 

■ lost time - time during which the intersection is not effectively used by 

any movement; these times occur during a portion of the change interval 

when the intersection is cleared and at the beginning of each phase as 

the first few cars in a standing queue experience start-up delays (sec or 

sec/phase). 

■ effective green time - time during which a given phase is effectively 

available for stable moving platoons of vehicles in the permitted move­

ments. This is generally taken to be the green time plus the change inter­

val minus the lost time for the designated phase, given the symbol g; for 

phase i (sec). 

■ offset - the signal offset, simply as the offset, is defined as the differ­

ence between green initiation times during which the through-movement 

is permitted in a main corridor traffic system. 

■ volume - the traffic volume is defined as the number of vehicles that 

pass a point on a highway, or a given lane, or a direction of a highway, 

during a specified time interval. The unit for volume is simply "vehicles", 

although it is often expressed as vehicles per unit of time. 

■ speed_:_ Speed is defined as a rate of motion, in distance per unit of time. 
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■ density - Density is defined as the number of vehicles occupying a given 

length of highway or lane, and is generally expressed as vehicles per mile 

(vpm) or vehicles per mile per lane (vpmpl) . 

■ occupancy - Occupancy is the time percentage of the vehicles occupying 

the vehicle detective loop. 

■ bandwidth - The bandwidth is the time that allows the vehicles go 

through given intersections without stopping. 

■ Travel-time delay or total delay - Delay can be defined in a number of 

ways , including stopped delay, approach delay, t ravel-time delay, time-in­

queue delay. The travel-time delay, generally used in traffic signal control 

optimization , is defined as the difference between the time the vehicle 

clears the intersection and the t ime it would have done so if it had passed 

through the intersection at the desired speed, withou t stopping. 

1.2.2 State of the Art of Traffic signal control 

The purposes of traffic signal control include maximizing the efficiency of exist­

ing traffic systems without new road construction, maintaining saf traffic flow 

through the traffic system, minimizing total traffic delay and individual vehicle 

delay, as well as reducing air and noise pollution. The traffic signal control can 

be carried out in two different ways: 

■ Static Traffic Signal Control - Static traffic signal control is widely 

used to control traffic flow at signalized intersections. In stati c traffic signal 

control, the t iming plans are pre-designed to match the traffic conditions. 

In most cases, t he t iming plans are calculated for morning and afternoon 

peak hour conditions and for the periods between these peaks. Plans may 

also be calculated for weekends and other special events. 
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In existing static traffic signal control methods the traffic flow data are 

collected from the field and then downloaded to a computer. In practice a 

traffic engineer usually divides the time of a day into several time periods 

according to traffic flow patterns based upon experience. The timing plans 

are usually calculated in week or season based upon the statistical aver­

ages of recorded traffic flow data. These timing plans are specified using 

special optimal traffic control algorithms ( on the basis of maximizing the 

bandwidth or optimizing a combination of traffic measures of effectiveness 

(M.O.E.) such as delays and stops) based upon given traffic flow patterns . 

Various commercial software is available for the traffic flow optimization. 

For example: 

• Bandwidth program - (e.g. SIGSET, MAXBAND, and PASSER 

II) These programs operate on the principle of maximizing the band 

width, to successfully encounter green signals when traveling along a 

street. 

• Optimization Program - (e.g. TRANSYT, SOAP, and SIGOP II) 

These programs operate on the principle that the value of one or 

more network-wide traffic MOE (measure of effectiveness) should be 

optimized. 

The pre-determined timing plans are later uploaded from the traffic signal 

control computer to the controllers to direct traffic flow. In static traffic 

signal control the cycle length, phase, green time, and offset are all preset 

and kept constant in a specific control period. The signal change repeats 

in a constant fashion. Depen ding upon the available equipment , several 

preset timing plans may be used for a day with different timing plans 

automatically changed for different periods of time [1 8]. 
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■ Dynamic Traffic Signal Control - Dynamic traffic signal control di­

. rects traffic flow based upon the actual traffic conditions, rather than the 

historical traffic flow data as used in stati~ traffic signal control. The dy­

namic traffic signal timing forms a closed-loop control system. The traffic 

signal control system consists of vehicle detection, traffic flow condition 

prediction, control strategy design, and control strategy decision making 

sub-systems. As a new research area, the dynamic traffic signal control has 

gained more and more attention [24, 27]. Previous research on this area 

can be divided into two groups: the cycle-based and the non cycle-based 

signal timing plan method. In the cycle-based method the timing plan is 

re-set cycle by cycle and in the non cycle-based method the timing plan is 

re-set in a time interval, say 5 minute or 15 minute. 

The cycle-based signal timing plan approach dynamically changes the tim­

ing parameters by adopting different cycles. The method is only suitable 

for an isolated intersection. For a multiple intersection traffic system, when 

new timing plans of different cycles are changed the traffic system under 

control requires a transition time (several minutes or more, depending 

upon the complexity of the system), to reach the next optimized traffic 

flow state. This slow system response is unable to accomplish the ob­

jective of dynamic control [23 , 24, 25]. An example of the cycle-based 

timing plan method - the Microprocessor Optimized Vehicle Actuation 

(MOVA) was developed by the Transport and Road Research Laboratory 

(TRRL) (Berkshire, UK) in 1988. It has been widely applied to isolated 

intersections in the United Kingdom. 

SCOOT (Split, Cycle and Offset Optimization Technique) is developed 

by TRRL (Transport and Road Research Laboratory) and the United 

Kingdom Department of Transportation of United Kingdom and indus-
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try in collaboration with the Ferranti, GEC and Plessey traffic systems 

companies SCOOT is a traffic responsive method for coordinating signals. 

Although the cycle based SCOOT calculates timing plans by considering 

coordination it is an isolated intersection timing plan approach. [12] 

SCAT (Sydney Coordinated Area Traffic System) developed in Australia is 

a traffic-responsive system designed to provide both local (tactical) control 

and area (strategic) control. In light traffic conditions, SCAT attempts to 

minimize stops, in medium traffic to minimize total delay. 

The non cycle-based timing plan approach generates adequate timing plans 

on-line, within 5 to 30 minute control periods. For example, the Road 

Commission for Oakland County, Michigan (RCOC) has deployed the Ad­

vanced Traffic Management System (ATMS) that utilizes an adaptive and 

coordinated traffic signal control method for multiple intersections. The 

signal control is driven exclusively by a video image processing based ve­

hicle detection system [17, 19, 27]. The Optimization Policies for Adap­

tive Control (OPAC) developed by the University of Lowell is an approach 

based on the dynamic-programming technique and the demand-responsive 

decentralized traffic signal control strategy. [25]. Two other non cycle­

based timing plan approaches for isolated intersection dynamic traffic sig­

nal control are the Microprocessor Optimized Vehicle Actuation (MOVA) 

system developed by TRRL [41] and the Signal Control at Isolated Inter­

section (SCII) system, developed at the Arizona State University [8]. The 

latter has a knowledge-based traffic signal control decision making system, 

and represents the application of an expert system to dynamic traffic sig­

nal control. The Real Time Optimization Program RTOP has operated in 

Metropolitan Toronto , Canada is a group of computer programs. These 

programs compute optimal signal timing parameters ( cycle lengths, off-
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sets and splits) on a real time basis, in response to the changes of traffic 

patterns. 

The optimal timing plan design in dynamic traffic signal control can be 

classified into two major categories: the mathematical model based ap­

proach and the knowledge system based approach. The mathematical 

model based approach relies on a complex mathematical model for the 

traffic system. Dynamic traffic signal control is carried out by analyzing 

traffic flow conditions from the traffic flow data collected in real time, and 

by calculating the optimal timing plan parameters using the mathemat­

ical model. The knowledge system based approach, on the other hand, 

records traffic signal control knowledge in the knowledge base of an ex­

pert system. The expert system analyzes the collected traffic flow data 

in real time and searches for appropriate parameters of the timing plan. 

Quasi-optimal control parameters can be obtained for the dynamic control 

of a traffic system. The advantages and limitations of these two dynamic 

control strategies will be discussed in section 1.1.3. 

The dynamic traffic signal control methods are based upon the use of either 

optimal or quasi-optimal timing plan parameters. The process of dynamic traffic 

signal control can be broken into the following four steps: 

1. Acquisition of traffic flow data - To identify the traffic flow status, traf­

fic flow data are collected from the field using either inductive loops or 

other detectors. These sensors are installed at appropriate road locations . 

The collected traffic flow data normally include volumes, speeds, densities, 

queue lengths, occupancies, etc., depending upon the need of the traffic 

controller and the scope of traffic analysis. For instance, the NEMA ( a 

type of traffic industry standard) type controller requires volume and oc­

cupancy data for traffic signal control. 
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2. Prediction of traffic flow state - The prediction of the traffic flow condition 

plays an important role in dynamic traffic signal control. Traditionally, 

prediction of the traffic flow condition is carried out according to historical 

data. More recent research focuses on the short-term prediction based 

on the real time traffic conditions. This prediction can offset the time 

delay during traffic flow data acquisition/ analysis and optimal timing plan 

parameter generation, and predict small upcoming changes of traffic flow 

state. 

3. Traffic flow state analysis and timing plan generation - Based upon the 

acquired traffic flow data and the traffic state prediction, the traffic flow 

condition is analyzed. Appropriate timing plan parameters are identified 

using either the mathematical model based, or the knowledge system based 

optimal timing plan generation methods. 

4. Implementation - The identified optimal or quasi-optimal timing plan­

ning parameters are converted into an appropriate form for implementing 

on the traffic controllers. The traffic signals on the road will be set using 

these parameters to accomplish the task of optimal and dynamic traffic 

signal control. 

1.2.3 Limitations of Present Traffic signal control Methods 

Present traffic signal control methods, either the widely used static traffic sig­

nal control technique, or the recently developed dynamic traffic signal control 

schemes, have many limitations. 

The static signal control method predicts traffic flow state at any moment 

based upon the average traffic flow condition in a week and month or a specific 

season . Different traffic flow patterns are identified intuitively by a traffic en­

gineer based upon his/her experience. This approach , as an open loop control 
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strategy and a rough estimation scheme, is unable to accurately reflect the ac­

tual traffic flow conditions. The timing plans are generated in the "back room" 

far ahead of time using relatively simple and inaccurate mathematical models . 

The traffic flow state, predicated using this method, may be quite different ·from 

the actual traffic flow conditions on the road for a specific time ( either over­

estimated or under-estimated) ; the assigned timing plan parameters thus can 

seldom be optimal. 

Dynamic traffic signal control was introduced to solve the problems faced by 

the conventional static traffic signal control practice. In principle, the dynamic 

signal control method can overcome the "open-loop" and "rough estimation" 

drawbacks of the static control approach. However, the previously discussed 

two typical dynamic traffic signal control schemes , i.e. mathematical model 

and conventional knowledge based model are very difficult to implement using 

present computer and traffic controller hardware. 

To truly represent a traffic network using the mathematical model based 

approach, the mathematical model becomes quite complex. It is difficult to 

describe a large, t ime-varying and random traffic system using a simple and 

reliable analytic model. The optimization of dozens or hundreds of timing plan 

parameters, based upon this complex model, normally requires hours of CPU 

time on a work station. This delay precludes the implementation of this type of 

dynamic traffic signal control. 

In the conventional, rule-based expert system approach [8], dynamic traffic 

signal control is conducted by matching traffic flow conditions of the rules and 

by assigning the timing plan parameters contained in the matched rules . These 

production rules normally have the following form: 



1.3 The Proposed Approach for Dynamic Traffic signal control 

IF north bound through volume is more than VOL 1 

and less than VOL 2 ; . 

and south bound through volume is more than VOL3 

and less than VOL4 ; 

and north bound left turn volumes is more than VO L5 

and less than VOL6 ; 

and south bound left turn volumes more than VOL7 

and less than VOL8 ; 

and east bound through ... 

THEN use the timing plan parameter S ET1 
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These production rules are based upon the binary logic with "true" or "false." 

However, traffic flow presents a lot of fuzziness and uncertainty which cannot 

be simply represented using binary logic. For instance, it is difficult to draw a 

clear boundary between the "large" and "small" traffic volume, simply based 

upon the number of passing vehicles in each unit time. It is also difficult to 

identify different traffic flow patterns, due to the large number of traffic flow 

parameters involved and the gradual change from each pattern. In addition, if 

one intends to represent all possible traffic flow patterns, the number of traffic 

flow patterns to be considered will become very large, due to the extraordinary 

number of possible combinations of traffic flow parameters of a large traffic 

network. This imposes exceptional difficulties on the search of the rule base. 

It becomes infeasible to either carry out this task using an on-site personal 

computer or transmit data through a regular communication line. 

1.3 The Proposed Approach for Dynamic Traffic signal control 

In dynamic traffic signal control, the major technical obstacles that have in­

hibited the application of optimal control strategy can be classified into four 

areas: 
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■ appropriate identification of different traffic flow patterns to truly represent 

· the actual traffic flow conditions using a systematic approach; fast traffic 

flow data processing and traffic flow condition assessment for on-line traffic 

signal control decision making; 

■ optimization of traffic signal control parameters of a traffic system based 

upon traffic flow condition assessment , considering all relevant objectives 

of optimal traffic signal control; 

■ and, efficient short-term prediction of traffic flow conditions. 

This research focuses on the development of new methods to solve these four 

t~chnical problems and to improve previous traffic signal control methods. A 

study on automated traffic pattern clustering using fuzzy pattern classification, 

on-line traffic flow pattern recognition using artificial neural networks (A N), 

multiple-objective traffic signal control parameter optimization, and short-term 

adaptive prediction has been carried out. 

The fuzzy pattern classification scheme has been used to replace the binary­

logi c-based expert system used in previous dynamic traffic signal control research 

to t ruly reflect traffic flow conditions with inherent fuzziness and uncertainty. 

The concept of fuzzy sets was introduced by Lotfi Zadeh in 1965, as a new way 

to represent vagueness [17]. As a generalization of the conventional set theory, 

fuzzy sets embed conventional set models into a larger setting. This setting 

endows fuzzy models to capture various aspects of incompleteness or imperfec­

tion, in whatever information and data of a real process . Fuzzy clustering is 

a method for identifying the appropriate classification and natural subgroup of 

events with fuzziness and uncertainty. Traffic flow condition is a typical event 

with fu zziness and uncertainty. For instance, one knows that traffic is heavy 

during rush hours , but the exact number of vehicles passing through the traffic 

system in unit time may vary sig~ificantly. The fuzzy clustering based traffic 
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pattern clustering method is introduced in this work to truly represent the real 

traffic flow condition , which cannot be handled properly by the conventional 

expert system approach. 

Artificial neural networks are used for the on-line traffic flow pattern recog­

nition due to their robustness in pattern matching and high processing speed in 

data processing. ANN is a mathematical model of a mult iple node and link net­

work that has been developed to emulate the human neuron system. An ANN 

normally consists of nodes that associate with values and links that associate 

with weights. The nodes form network layers, including an input layer ( the low­

est layer), an output layer (the top layer), and some hidden layers . These layers 

of the network are inter-connected by links. Information passes from nodes of 

the lower layer to nodes of higher layer through weighted links. The optimal 

weights of these links for an application can be det'ermined by feeding sample 

data to the nodes of the input and output layers. The weight adjusting process is 

carried out using a training algorithm, unti l the values of the output layer match 

the given outputs . The ANN, once trained and set with appropriate weights, 

can provide an ideal output for any given input data at the input layer. In 

addit ion to the high computation rates provided by massive parallelism, ANN is 

characteri zed by its robustness , fault tolerance, and smoothing capabili ties, and 

it can provide a "good" output from multiple, incomplete and inaccurate data 

inputs [1 6]. Traffic flow demands and their mathematical models are inherently 

non-linear, multi-variable and stochastic. Sudden traffic demand changes due to 

isolated events, or errors of traffic demand data, introduced by a failed detector, 

often introduce undesired disturbances. The capabili ties of ANN make it an 

ideal tool for identifying traffic flow patterns under these undesirable conditions 

from on-line acquired traffic data. 

Traffic timing plan optimization is a multiple-obj ective optimization prob­

lem. Competitive objectives include minimum total delay, minimum individual 
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delay, minimum fuel consumption, maximum bandwidth and maximum safety 

factor. In this work, a new optimization formulation is introduced to trans­

fer the multiple objective optimization problem into a single objective function 

that represents a balance of these objectives. This formulation allows competi­

tive optimal traffic signal control objectives to be considered jointly to produce 

a balanced control plan. 

Another functional element of the intelligent and dynamic traffic signal con­

trol system is a short-term traffic flow condition prediction module. The predic­

tion is based upon both the historical average traffic flow status and the current 

trend of traffic flow to improve prediction accuracy. This short-term traffic flow 

condition prediction is used to obtain the traffic flow condition of the next in­

stance to allow the traffic signal control demand to account for the dynamic 

variation of traffic conditions. 

The intelligent traffic signal control system introduced in this work consists 

of two parts: an off-line subsystem and an on-line subsystem. The off-line part 

has three major function modules: traffic pa.tt~rn clustering and identification, 

optimal timing plan generation for each identified traffic pattern prototype, and 

traffic pattern training. This pa.rt generates a look-up table of optimal timing 

plans for the quick timing plan selection of the following on-line module. The on­

line pa.rt of the system has five major components: traffic flow data acquisition, 

short-term traffic flow condition prediction, classification of traffic flow condition 

into one of the traffic pattern cluster using the fuzzy-neural networks, timing 

plan setting using the optimal timing plan parameters of the identified cluster, 

according to the look-up table. 

A modular design approach is adopted in the development of the intelligent 

dynamic traffic signal control system to increase flexibility and reduce costs. 

The approach allows any component of the system to be replaced by new soft­

ware and hardware without affecting the others. The widely-used LM-series 
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traffic controllers and 486 DX2-66 microcomputer are used to avoid unnecessary 

re-design of the control hardware. Other controllers and computer systems can 

also be used by adopting different communication interface. The software was 

developed using the C++ window environment. The timing plans for identi­

fied primitive traffic patterns are generated using the widely used commercial 

software PASSER II/ III and TRANSYT-7F. 

1.4 Resemblance of Manufacturing and Traffic Planning and Control 

In the last a few decades , extensive research has been carried out on t he planning 

and control of manufacturing processes to improve productivity and reduce man­

ufacturing costs . The planning and control of batch production systems present 

significant resemblance to dynamic traffic control. In this work, we apply the 

quantitative intelligent system approach [7], developed in the optimal planning 

of manufacturing activities, to the dynamic signal control problem of a corridor 

traffic system to minimize traffic delays. 

With the rapid advance of information technology and importunate demand 

of higher productivity, new intelligent and integrated software tools have been 

introduced in the planning and control of manufacturing systems. T he functions 

of these systems range from demand forecasting, optimization of production con­

trol parameters, such as batch size, routing plan, timing and detailed machining 

parameters, and dynamic adjustments for varying market demands and status 

of manufacturing equipment. These systems include: 

■ Computer based demand forecasting system 

• Time series predi ction using regression 

• Seasonal and cyclic forecasting 

■ Integrated production control system 
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• Aggregate planning and master scheduling 

• Material requirement planning I and II (MRP I and MRP II) 

• Job sequencing and scheduling 

■ Computer-aided process planning system (CAPP) 

• Planning of time or equipment conflict machining operations 

• Determination of optimal machining parameters 

• Optimal scheduling of machining operations 

■ The control programs for a Flexible Manufacturing System (FMS) 

• Control of manufacturing cells 

• Local network communications 

• Coordination of t ime confli ct manufacturing operations 

These software tools analyze the status of the manufacturin_g system and the 

demands of the parts to be produced to generate an optimal plan, based upon 

the acquired manufacturing knowledge and the cost/delay minimization or pro­

ductivity /profit maximization criteria. A typical example is the job scheduling 

program for controlling part flow in a flexible manufacturing system, as shown 

in Figure I.la. The function of the control program is to minimize the total 

workspan (machining and waiting t ime) for parts to be machined , thus achiev­

ing maximum productivity. To a large extent, the traffic control system has a 

similar function as the production scheduling system. The objective of traffic 

control is to find the optimal control parameters such as the green time, cycle 

length and offset at each intersection of a traffic network to minimize the total 

traffic delay. If we consider each intersection as a machine tool and each vehicle 

as a part , the traffic flow problem, as illustrated in Figure 1.1 b, can be treated 
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using a similar approach fo r opt imal product ion process control. For the same 

reason, the technology developed in advanced t raffic control may have potential 

appli cations in integrated production planning and control. 

Due to the great resemblance between the manufacturing systems and t raffic 

systems, the development of advanced dynamic traffic control methodology will 

also benefit the research on intelligent scheduling and planning for t ime and 

facility conflict manufacturing activities. The work will also extend the research 

and applications of t he quantitative intelligent system approach, and contribute 

to the study of intelligent planning and scheduling of t ime and faci li ty confli ct 

activit ies in general. 

1.5 Thesis Outline 

The remaining chapt ers of thi s thesis are devoted to the following topics: 

Chapter 2 describes the characteristics of a dynamic traffic system, including 

its mathematical representation and physical structure. 

Chapter 3 presents t he algorithm for fuzzy pattern clustering, method for 

clustering quali ty assessment and results from fuzzy cluster evaluation. 

A descript ion of a commercial traffic t iming plan and simulation software. 

These are given in Chapter --1. A function that determines the combination 

factors of mult i-obj ecti\·e traffic signal control objective funct ion is proposed. 

Chapter .5 focuses on seYeral algorithms introduced for short-term traffic 

condition predict ion. 

The structure of a dedicated fu zzy-neural network and its use in dynami c 

t raffic signal control are presented in Chapter 6. 

Lastly, Chapter 7 summari zes the research carried out during t hi s t hesis work 

and the major contribu tions. 
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Figure 1.1: Resemb lance of Product ion and Traffic Control Problems 
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Chapter 2 

Intelligent Dynamic Thaffic Signal Control - An 
Overview 

2.1 Quant itat ive R epresentation of Traffic Flow Condit ions 

20 

Today's road systems fo rm a complex network for support ing various transporta­

tion needs. Efficient traffic flow is facilitated by coordinating and optimizing the 

control parameters at diffe rent signalized intersections. To successfully carry 

ou t thi s task , a good understanding of t raffic flow condi t ion at each intersect ion 

becomes essent ial. An appropria te m athematical representation of traffic flow 

conditions allows us to measure various traffi c demands and to design adequate 

control schemes . 

Due to t he complexity of a t raffic system and the dynamic nature of traf­

fic dem ands, t he knowledge and information related to t raffic flow condit ion or 

t raffic state are represented using mult iple param eters. including t raffi c volume 

per time period , density. speed . occupancy, di rection and so on. Traffic flow 

data represented using t hese parameters possess quant ity, discreteness and un­

cer tainty. T he parameters tend to have a linear or nonlinear monatonic relation 

under unsaturated t raffic conditions. For unsaturated t raffic conditions, traf­

fi c volume ( or simply volume) is normally used as the variable for representing 

traffi c demand. The most effect ive and sim plest represent ation of t raffic con­

dition is a hyper-point in the m-dimensional volume state space. Each of the 

m-dimensional space of the rnlume state represents t he num ber of specific traffic 

movem ents in the t raffic system. For instance, t here exist three possible traffi c 
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movements for a one-lane road , in a given direction, at the intersection: (a) go 

t hrough , (b) turn right. and ( c) t urn left. There are twelve movements in total 

at a four-way intersection. 

The t rajectory of hyper-point that represents t raffic condition in the t raffic 

volume state space presents a continuous curve. A simplified case with only 

two t raffic movements. for ease of illustration, is shown in Figure 2.1, as a 

representation of t raffic state. This representation is suitable for traffic flow 

predi ction because the trend of traffic flow variation is well illustrated. However. 

in reali ty traffic condi tions vary constantly, due to its stochastic, rather than 

deterministic nat ure. The traffic flow data can be collected only from the field 

in a discrete form. These data, representing traffic conditions , comprise the 

hyper-points and form clouds in the m-dimensional space as shown in Figure 

2.2. 

These clouds of hyper-points indicate the trend of traffic conditions ( or quan­

tity), as well as the uncertainty of traffic flow and discreteness of t raffic data 

sampling. The first step to dynami cally control a traffic system is to find the 

patterns of traffic flow. One way to accomplish this objective is to apply a 

statist ical approach which eliminates the influence of random traffic demand 

variations. The traffic flow is also a time-varying event. An alternative can be 

carried out in two steps: (a) to classify all t raffic flow conditions into a finite 

number of characteri stic groups with representative traffic flow patterns; and (b) 

to identify t he optimal control parameters for each representative pattern and 

to control traffic flow using the optimal cont rol parameters of the closest repre­

sentat ive traffic pattern. Identification of an appropriate traffic pattern group 

number and appropriate classification of traffic flow conditions into each group 

are two major technical challenges in this ap proach . In this work, we apply the 

fu zzy pattern clustering and classifi cation methods to solve the problem. 

Wi th t he fuzzy t raffic pattern clustering and classification methods, we ba-
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sica lly treat each cluster of traffic state cloud as a characteristic group. and use 

the cl ensi ty centers of traffic state cloud to represent t he traffic patt rns. The 

t rajectori es of various traffic pattern cluster centers thus represent th dynamic 

rnri at ion of the traffic volume ( or traffic state) changes . 

2.2 An Overview of the Intelligent Dynamic Traffic Signal Control 

System 

In general, optimized traffic signal control parameters include cycle length. 

phase, offset. To accomplish dynamic traffic signal control that generates an op­

t imal t raffic signal control plan based upon on-line acquired traffic cl mands. an 

Int lligent Dynamic Traffic signal control Sys tem is developed in thi s work. The 

system combines a time-consuming mathematical model based optimal timing 

plan generation with efficient traffic pattern recognition mechanism, to produce 

a timing plan with quasi-optimal performance. The system has two major com­

ponents: (a) the off-line part for t raffic pattern clustering. training and analysis, 

as well as for generating the optimal t iming plans for all recognized t raffic pat­

terns: and (b) th on- line part for implementing dynami c t raffic signal control 

according to real traffic demands. 

The intelligent dynamic traffic signal control system consists of s veral soft­

ware and hardware building blocks. as illustrated in Figures 2.3 and 2.-! . ~ew 

function modules can be added to the existing system to replace existing mod­

ules without influencing other fun ctional modules. 

2.2.1 On-line Part Function Modules 

The on-line part of the optimal dynamic t raffic signal control system has three 

functional modules and two data bases . The function modules are: ( a) t raffic 

data acquisition : (b ) short- term t raffic condit ion predi ct ion: and ( c) op timal 
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Figure 2.1: Representation of Traffic Volume Changes 
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Figure 2.2 : Representation of Traffic Flow Cloud 
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traffic timing plan identificat ion and setting, and the data bases are: ( a) traffic 

data recording, and (b) timing plan look-up table . 

■ Traffic data acquisition 

The traffic data acquisition unit collects traffic data from the field. Traffic 

data are collected either from inductance loops installed on road surfaces , 

or from other detecting devices, such as video camera. T he traffic data are 

then transformed into a state space of traffic parameters such as volume, 

occupancy and speed . 

■ Short-term traffic condition prediction 

The traffic condition , identified by the traffic data acquisit ion and traffic 

pattern analysis system, represents the state of traffic fl.ow ( or demand) at 

the time of data acquisit ion . If a traffic t iming plan based upon these data 

for the fo llowing time period were to be generated, it would introduce con­

siderable error due to its t ime varying nature. To solve this problem and 

offset the t ime delay between traffic fl.ow sensing and actual t raffic signal 

control, a short-term traffic condition prediction mechanism is introduced 

in this work. This functional module analyses on-line collected traffic data 

for a short period of t ime to identify present traffic condit ion and interpret 

the trend of traffic fl.ow variation . Histori cal t raffic patterns are also used 

as a reference. Thus , combining inputs from these three sources , a good 

prediction of traffic flow condition for the next short period of t ime is gen­

erated . Two algorithms for the short-term traffic condit ion prediction are 

developed for different traffic conditions. These are: 

• ·weighted fi lter prediction method 

• Adaptive trace predict ion method 
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One of these two prediction methods is selected for use: based upon the 

actual condition of the traffic system. Detailed discussions of the method 

are given in Chapter 5. 

■ Traffic timing plan identification and setting 

The traffic t iming plan identification module is a decision making unit. 

This subsystem searches t hrough the knowledge base to identify the most 

suitable t iming plan. based upon the predicted traffic condition. 

After the timing plan is selected, the specific number of the selected timing 

plan is passed to the t raffic signal controller by the traffic timing plan 

setting unit . To control the traffic. the traffic signal controller will use the 

new control parameters specified by the timing plan. Several timing plans 

are generated and programmed into the traffic controller. 

■ Traffic data recording 

The dynamic traffic signal control system is continuously recording traffic 

flow conditions in several types of time intervals: 1 minute, 5 minutes, 10 

minutes, or 15 minutes. T hese traffic data are transferred to the off-line 

part of the system. or t he central database, on a daily basis. These col­

lected data will be used for further training of the fuzzy-neural intelligent 

system, and for supporting the self-learning and self-adapting function of 

the intelligent dynamic traffic control system. 

■ Timing plan look-up table The pre-calculated timing plan parameters 

are stored in the timing plan look-up table. A timing plan will be sent 

to the traffic controller. when the new traffic pattern is identified using 

fuzzy-neural decision making. The traffic t iming plan identification and 

setting module looks up the tab le, selects a group of control parameters 

and sends them to the traffic controller. 
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2.2.2 Off-line Function Modules 

The off-line part of the system is composed of four functional modules. These 

are: input/output unit, clustering unit, timing plan design uni t and control 

system training unit. 

■ Input/output Unit 

The functions of the input and output modules include: 

• Receiving t raffic flow states detected by the traffic detection sub­

system. For most applications inductive loops are used. The sensed 

traffic data includes traffic volume and occupancy. In this research 

traffic volume is measured using exist ing inductance loops. 

• Transferring the designed timing plans and other traffic signal control 

parameters to local traffic controllers. 

• Monitoring the state of traffic flow , if needed. 

■ Traffic data clustering Among the daily, monthly and annual cyclic 

variation of traffic flovv states, the daily traffic flow changes are the most 

important and are considered as the main base for traffic signal control. 

The task of traffic data clustering is the cluster of traffic patterns using 

the fuzzy pattern clustering algorithm. A number of traffic pattern groups 

( or clusters ) and their centers ( or primitives) are generated according to 

the traffic data acquired at different times of the day. The identified group 

center represents the traffic patterns of each group. The fuzzy data cluster­

ing method establishes a mapping between the sensed traffic volume and 

traffic pattern group number. This mapping is represented as a simple 

input and output data pair in the knowledge-based system. 

■ Timing plan design 
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The timing plans for controlling traffic with minimum delay are designed 

based upon the traffic patterns extracted from daily traffic data. These 

timing plans are generated using the commercial software tools such as 

TRANSYT 7F and PASSER II , or a new algorithm for optimal traffic 

signal control using optimal timing searching. The opt imal timing plans 

for all identified representative traffic patterns are designed. 

■ Learning of traffic flow patterns and their optimal control pa­

rameters 

The representative traffic flow patterns, identified through fuzzy traffic 

data clustering and the optimal traffic signal control parameters for these 

patterns , which are generated through t iming plan design , are used to 

update the knowledge bases of our intelligent system. This knowledge is 

represented as weighting matrices ( or membership functions) of a fuzzy­

neural network. The form of these weighting matrices and membership 

fun ctions wi ll be discussed in detail in the following chapters. Historical 

traffic .data are used to train the fuzzy-neural networks and thus obtain 

traffic pattern knowledge. The trained membership functions of the fuzzy­

neural intelligent system form the rules for optimal t raffic signal control 

decision-making. These rules are fed to the traffic controllers to carry out 

the dynamic traffic signal control system in real t ime. 

2.2.3 Communication between the On-line and Off-line Parts 

The communication module provides the traffic data transmission channel be­

tween the on-line part and the off- line part. The first function is the uploading 

(inpu t) of the sensed traffic data from roads to the off-line control center (or 

the in-house com puter), to moni tor traffic flow condition. learn the new traffic 

patterns , and to analyze the system performance. The second function is to 
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download (output) the optimal timing plans and their traffic signal control pa­

rameters to the on-line control part in the dynamic traffic signal control system. 

These plans and parameters are generated for the identified traffic patterns , 

using commercial t iming plan design programs. 
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Chapter 3 

Traffic Pattern Recognition 

As discussed in previous chapters, traffic pattern recognition, including traffi 

condition clustering and representative pattern identification, is a critical part 

for dynamic traffic signal control. 

Traffic flow conditions for a traffic system, at different times , can be repre­

sented as many hyper-points in an m-dimensional volume space. The objective 

of traffic pattern recognition is to scientifically classify all of these points into 

characteristic groups, and to assign any given point to the group with a best fit. 

The centers of these groups should also be identified as the representative of the 

group . We call this group center - representative traffic pattern. The technical 

problem is how to group traffic data points and identify the group centers. 

Due to the time variant and stochastic nature of traffic condition , the hyper­

points representing traffic flow conditions tend to be scattered into the traffic 

volume space. These points form clouds , rather than definite geometric shapes 

with a clear boundary. Conventional mathematical methods that deal with a 

deterministic model therefore cannot be used to properly process these data 

points. The fuzzy pattern recognition has thus been adopted for the traffic 

pattern recognition , due to its capabili ty to handle uncertainty. Specifically, a 

fuzzy pattern clustering algorithm is used to partition traffic volume data into 

proper groups and to find the centers of thes groups. The classification is opti­

mized to assure that the data points have a minimum average distance to their 

group center. These identified groups form a traffic pattern with characteristi c 

groups and representative models - the group centers . The optimal timing plans 
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l hat minimize total traffic delay for t raffic con ditions of a ll group centers are 

,!(,s igned. These optimi zed timing plans ''"ill be stored in t he t raffic cont rollers 

as a look-up table to clynami ally control t raffic flo\\·. 

Among rnrious fu zzy pattern recognit ion algo ri thms . t he fu zzy c- \Ieans clus­

te ring algorithm [l. 3] is the best known and most widely used. Th is algo rithm 

is based upon a profound mathemati cal basis [2]. It a lso prO\·ides more infor­

mation about the clustering, and converges fa -ter t han other fu zzy cluste ring 

algorithms [2]. 

3 .1 Fuzzy Set Theory and Fuzzy Clusters 

Fuzzy set theory was introduced in 1965 by Zadeh [-JJ] as a ne \\· way of rep­

resent ing vagueness in the physical world. The theo ry is a gen rali zation of 

conventional set t heory. one of the basic st ruct ure unde rlying computational 

mathematics and models. Computational pattern recognition has play cl a cen­

tral role in the clewlopment of fu zzy modeling theory because fu zzy interpre­

tat ions of uncertain data form a v ry natural and intuitively plausible \\·ay to 

form ulate and soh-e rnrious pattern recognition problems. 

The definitions of fu zzy set and fu zzy clusters [:2] a re briefly gi ,·en below : 

■ Fuzzy Set 

Let X b a space of po ints (obj ects) . \\"ith a generic element of X denoted 

by .t . Thus. X = {.r} . A fuzzy set (clas ) A in X is characteri zed by a 

membership (or characteristic) funct ion f.4 (,r) that associates with each 

point in X 1 a real number in the inten·al [O. l ] 2 . with the values of f.4 (.r) 

l .\ [o re gene ra lly, the domain o f de finiti o n o f /A(,r) may be restri cted to a s ubset o f X 
" fn a m o re ,,·e ne ra l se tting . t he range o f t he m em be rshi p fun ctio n can be taken to be s 

suit ab le partially o rd ered e t P . Fo r o ur pu r poses . it is co nY 11ient. a nd suffi cient to res tri ct 
the range off to the unit inte rYa l. If the values o f f.4 \,r) a re interpre ted as truth va lues , t.h e 
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at x representing the "grade of membership" of x in A. Thus, the nearer 

the value of f.4 (J·) to unity: the higher the grade of membership of x in A. 

When A is a set in the ordinary sense of the term , its membership funct ion 

can take on only two values O and 1, with f A ( x) = 1 or O according to 

whether x does or does not belong to A. Thus , in this case JA (x) red uces 

to the fami liar characteri stic function of a set A. (vVhen there is a need 

to differentiate between such sets and fuzzy sets, the sets with two-valued 

characteristic fun ctions will be referred to as ordinary sets or simply sets.) 

■ Fuzzy c Partition 

(a) Xis any finit e set; (b) n is the number of elements of a finit e sets; (c) 

c is an integer. representing cluster number , 2 < c < n ; ( d) Ven is the set 

of real c x n matrices :. Fuzzy c-partition space for X is the set: 

lvljc = {U E Vcn luik E [O, 1] Vi, k; 

n 

L Uik = 1 Vk; 
i=l 

C 

0 < L Uik < n Vi;I} 
k=l 

■ Fuzzy c Means Functionals 

Let : 

n C 

l m(C. v) = L L (tl;kr( d;k)
2 

i=l k=l 

where 

(3 .1) 

latter case corresponds to a multiva lued logic wit h a continuum of truth values in t he interval 
(0 , l]. 
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1s a fuzzy c- partition of X: 

is the cluster center or prototype of u1• 1 :S i :S c 

11-11 is any inner product induced norm on R P: m is a weight ing exponent. 

m E [l. oo), and A is a p x p positi,·e definite coefficient matrix. 

Examinat ion of I m rewals that them a.sure of di ssimilari ty is cl;k = llxk ­
uill, t he distance between each data point ,rk and a fuzzy prototype u; ; the 

squared distance is then weight d by ( u;k) m = ( u; ( xk) t' . t he mth power of 

Xk' s membership in fuzzy cluster ll j . Since each term of I m is proportional 

to ( d ;k )2, I m presents a squared error clustering criterion. and solu tions of 

min {Im(U. u)} 
.\ff c X R <P 

(3 .2 ) 

lead to the least-squared error stationary points of I m. An infinite family 

of fu zzy clustering algorithms. one for each m- is obtained via the neces­

sary conditions for soh·ing the above equation solu tions above. The basic 

theorem follows. 

■ Theoreml: Picard iteration through necessary condition Let 1n E 

(1 , ex: ). and X ha,·e at least c < n distinct points. ⇒ represents ··if-then ... 

and <I> = {O} \:/k define t he sets 

( 3.3) 

i~- = {i ii E (1.:2 . .... c)}- h 
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then ( C. v) E Jl]Jc x Ren may be a globally minimal for I m only if 

1 
h = <I> =} U jk = 2 

or 

[I:C- (~)m-1] 
J -1 d; k 

h =/= <I> =} U ik = 0 Vi E Jk and L u;k = 1 
iEh 
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(3.6) 

3.2 Fuzzy c-Means (FCM) Algorithm 

The fuzzy c- :v'Ieans (FCM) clustering algorithm is a set-partitioning method 

based upon Picard iteration through necessary conditions (Theoreml) for opti­

mizing a weighted sum of squared error objective function (Im) - Early work on 

FCM is summarized in Bezdek [2]. The FCM algorithm is described as follO\\·s: 

Fuzzy c-Means (FCM) Algorithm 

■ Step 1 Fix c, 2 :Sc :Sn: let X = {x1 , ... , xP} C RP be a finite data set 

containing at least c < n distinct points; and let Ren denote the set of all 

real c x n matrices. A nondegenerate fuzzy c-partition of X is conveniently 

represented by a matrix U: [ 'l.l ;k] E Ren, The entries of which satisfy 

U i k E [0. 1]. 1 :S i :S C. 1 :S k S n 
C 

L ll ,k = 1, 
i=l 

n 

L Uik > 0, 
k= l 
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The set of all matrices on Ren sat isfying above condition is denoted by 

Nlf cn· A mat ri x C E 1H 1cn can be used to describe t he cluster structure of 

X by interpreting Uik as t he grade of membership of Xk in the i th cluster. 

For instance U ik = 0.95 represents a strong association of Xk in cluster i, 

while u;k = 0.01 represents a weak association. Other useful information 

about cluster substruct ure can be conveyed to identify the proto types or 

cluster centers . v = ( v1 . . .. , ucf E Res, where, c is the number of clusters 

and s is the dimension of the fuzzy space. Here v; is the prototype for class 

i, 1 S i S c, v; E Rs. The best partitions U of X and the cluster center 

or representative . u; for cluster i) is defined by minimizing the c-Means 

obj ective function I m 

n C 

minim(U,v) = L L (llikrlxk - vi l2 

U,v k=l i= l 
( 3.7) 

where m E [1, inf) , and C(0
) E M1cn is initialized at step l , l = 0, 1, 2, ... 

■ Step 2 Calculate the c fuzzy cluster centers { vfll Ji E 1, ... , c} using 

c\1) = Lk=l ( Uikrxk 
1 Lk=l ( Uik) m 

Vi 

■ Step 3 Update ['(I) usrng 

or 

h =/= <I> =} tlik = 0 Vi E Jk and L Uik = l 
iEh 

(3.S) 

■ Step 4 Compare [ r (I) \Yi t h [!(l+l) in a convenient matrix norm: If I IU(l+l)_ 

U(I) I I S E stop ; otherwise. ret urn to Step 2. 

The fuzzy c- Means always corn·erges to a local minimum of Im from an initial 

guess of U;k , different choices of initial Vik might lead to different local minima. 
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3.3 Clustering Quality Assessment 

The fu zzy c- Means algori thm produces c cluster centers in the traffic volume 

space. These centers represent points about which the traffic data are concen­

trated. The c-Means algorithms discussed pre,·iously can process the cluster 

fuzzy set with a gi\·en number of cluster c. It is also importan t to be ab le to 

assess the partition quality, and to find t he best group number. c. so that t he 

true traffi c patterns can be identified. This forms the so called ··cluster validity 

problem." The tool to assess partition quali ty. validity functiona l [l], is a func­

tion that generates a number for measuring the quality of t he clustering based 

upon the outputs of FCM. 

By evaluating the fun ct ional for a variety of c and m. one can determine the 

optimal values of t hese two parameters for which the corresponding clustering 

best identifies the class structure of the fuzzv data. 

The quality of fuzzy clustering is measured by how closely the data points 

are associated to t he cluster centers. and it is the membership fun ctions that 

measure the level of association and classification . If the membership fun ct ion 

,·a lue of a particular data point is significantly larger than the others. t hen thi s 

point is identified as the cluster center of the points in t he subset. 

Commonly used criteri a for judging t he group quality include t he maximum 

par tit ion coeffici ent L ;(uil.) 2 approach [l], t he maximum classification entropy 

- L ; Ui klogu i k approach [2]. t he maximum proportion exponent max; Ui k ap­

proach [39] or the minimum mini Ui k / max; ll i k approach. 

However. these criteri a do not work well because they refer only to the mem­

bershi p values, not t he data point posit ions in t he volume space. Also the 

cri teri a refers to the group itself and not t he relat ionship bet \\·een t he groups. 

The values that are used for quali ty judgment are sensit iw to the \·alues of c 

and m for any fu zzy data. 
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In this work a new cri terion is introduced. it is based upon the principle 

that the closer the di stance among the data points in the same groups, and the 

further t h distance among the data points in different groups, the better the 

classification. The approach is st raightforward and works well when the group 

numbers, c, is far smaller than the number of data points in volume sample 

space. 

This partition coefficient criterion is based upon is the fuz zy cluster quality 

index, I Dr 

] D f = l _ ¼ Li=:l [il, L~1 ✓L~l ( P jik - P cik )
2

] 

¼ L i=I C~; Ll=i+l [il, L~l JI:f~1 (Pjik - P cik )2]} 
(3 .9) 

where , c is the group number; Pcik, Pctk are the ith or the lth cluster center , t he 

kth movement (note t hat k can be any movement in a considered system); Pjik 

is the jth point, t he kth movement in the i th group; N; is the point number in 

the ith group; NI; is the movement number in the ith group . 

The index curve ID1, defined in Eq 3.9 , is shown in Figure 3.1 as ong1-

nal partition index . When group number is greater than six, the quali ty index 

ID 1 curve becomes flat. In traffic control to avoid switching t iming plan fre­

quently: a small number of traffic pattern is preferred. To this end a modified. 

comprehensive index. ID , is introduced by 

ID= a ID1 + (1 - a)ID9 

C 
ID9 = --

cmax 

(3.10 ) 

(3 .11) 

where. ID 1 is the original fu zzy cluster quality index; I D9 is t he group number 

index ; c is the cluster number: Cm ax is the maximum cluster number allowed 

by the t raffic control hardware. T hi s modified quality index incorporates the 

number of clusters into the clustering quality. a is a weighting factor that is 

determined by the capabili ty of the t raffic control hardware (how many different 
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t ralfic patterns t he t raffic control! r can handle. and the tability of the traffic 

s_\·stcm under freq uent t im ing p lan ·\\'i tches) . 

The extensive tests with traffic data acqui red from the BC highways. and 

consulting from experienced traffic experts lead to an optimal rn lue of the weight 

factor. a = 0.6. 

3.4 P rim it ive Traffic P at t ern Identification 

T he method for dividi ng the t ime of day in to several t ime intervals of cliff r­

ent t raffic patterns is illustrated . using th traffic data from an xample traffic 

system - the Duncan system. 

T he Duncan system is installed on the Trans Canada High\\'ay at Duncan on 

Vancoun·er Island , B. C. T he system has five intersections: ...\llenby, Boys , Trunk . 

Coronat ion . and J ames Streets as illustrated in F igure 3.--1:. Each intersect ion 

has a maximum of tw lve mowments, including through. left turn , and ri ght 

t urn in each d irection , such as nor thbound thro ugh (N E T) . southbound thro ugh 

(S ET), eastbound thro ugh (EBT), \\'estbound t hrough (\VE T) . nort hbound left 

turn (N BL ). southbound left turn (S BL), eastbound left turn (EEL ), westbo und 

left turn (WB L). northbound right tu rn (N BR), southbound right turn (S ER), 

east bound right turn (EBR), and \\'estbound right turn (\ \ ,. BR ). 

The daily traffic volum s. mea ured from Allenby and Boys are given 111 

Figure :3,:3 and Figure 3.--1: . res pect iw ly. 

F igu re 3.-5 and F igure 3.6 present the northbound and ou t hbound thro ugh 

traffic passing the five intersect ions of the Duncan system in a day. re pectively. 

The traffic pattern ident ificat ion prob lem is to d i\·ide th time of a day into 

se ,·eral periods. each \\'ith a rep resentati,·e traffic volume pattern . The number 

of periods . sta rt ing and ending t imes . and rep resentat iYe traffic ,·olume fo r each 
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Figure :3.2: Duncan Traffic System Sketch 
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Figure 3.3: Inters ction Traffic Volume at Allenby Street 
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Trans Canada Highway at Boys Street 
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Figure :3.--l : Inter~ec tion Traffi c Vo lume a.t Boys Street 
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Figure :3..S: Duncan System .\o rthbound Traffic Vo lume through Fi ve Int ersec­
tions 1. Allenby: 2. Boys : :3. Trunk; cl. Coronat ion; 5. James 
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F igure :3.6: Duncall Sys tem Sout h bound Traffic Volume through Fi\·e Intersec­
t ion:- l. .-\llenby : 2. Boys : :3. Trunk: -!:. Coronation: .j _ James 
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movement are to be determined. Traditionally, this task is carried ou t manually 

by an experi enced traffic engineer using the traffi c volume data shown in Figures 

3.3 - 3.6. This manual approach is highly inconsistent and inaccurate and often 

leads to over-estimat ion or under-es timation . 

3.5 Automatic and Systematic Primitive 'Traffic Pattern Identifica­

tion 

The fu zzy pattern clustering method discussed previously is used in t his work 

to improve the quality of t raffic pat tern identification. The method automates 

the labor intens i\·e manual approach , and provides a systematic and scientific 

too l for th traffic pattern identification task. 

The fuzzy pattern clustering sys tem analyzes the traffic flow data. acquired 

from all involved intersections, and identifies the optimal traffic pat tern clusters 

and cluster numbers. 

A traffic pattern cluster or simply a traffic pattern is formed by t he traffic 

volume points clustered as a group or a cluster. This cluster presents a piece 

of cloud in the m-dimensional t raffic volume space. The fuzzy prototype of t he 

cluster forms the representati\·e model of each t raffic pattern. The representat ive 

model, or fu zzy proto type is a m-dimensional point in the fuzzy space, of which 

each component represents a t raffic movement. The start ing and ending t ime 

of each t raffic pattern . and the representative volumes of all mo\·ements are 

determined . 

The first step of fu zzy traffic data clustering and traffic pattern ident ification 

is to represent t he collected traffic volume data. Each traffic volume data point 

fo rm a m-dimensional array ( with m corresponding movements ). The data 

collect ion t ime form another import ant dimension , t , (1 S t S T ). 

The collect cl traffic volume data are then stored in a m x T dimens ional 
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X = and 

For the Duncan system example , fi,·e intersect ions. each with a max imum of 

1:2 mm·ements, are considered. A fuz zy space of dimension -5 x 12 = 60 is 

formed. The t raffic volume are the average of summer of 1993. The traffic 

rnlume acquisition interval is 15 minu tes. a total of 96 sample (T = 96) can be 

obtained for a day. 

T he collected data set, X. is then used as the fu zzy data input of the fu zzy 

pattern identification system . as illust rated in Figure :3.7 . The fuzzy data X 

after being provided by t he algorithm presented in section 3.2 and illustrated 

in Figure 3.7, lead to the fuzzy cluster t ime intervals, fuzzy cluster prototypes, 

fuzzy matrix. and hard partition matrix. The hard part it ion matrix specifies 

t ime int en·als of all traffic patterns. and carries out defuz ziness. 

The optimal cluster number. I D· . for t he Duncan system is five. based upon 

the comprehensi,·e clustering index values of different cluster numbers . as shown 

in Figure 3.8 -3 .9. 

ID* = mi n(I D;) = 5 

T he defuzziness leads to fh·e time int erYals belonging to five different t raffic pat­

tern ·: 

■ 0000 - 061 -5 and 22-!-5 - 0000 (group 1) (free operation) 

■ 061-5 - 0730 and 19-!:j - :22-!:j (group 2) 

■ 0730 - 1000 and 1800 - 19<-!.S (group :3) 
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■ 1000 - 1445 and 17:30 - 1800 (group -! ) 

■ l-!4-5 - 1730 (group 5) 

The fu zzy clustering is carried out with an initial matrix , Oto), with random 

data from (OJ). The fu zzy vectors of the matrix must satisfy the non-correlat i\·e 

condition. 

To illust rate the advantage of fu zzy traffic pattern classification , the total 

traffic delay of the fu zzy traffic pattern identification method-based traffic signal 

control, and the manual t raffic pattern identification method-based traffic signal 

control, are compared. In both cases, an identical traffic signal control scheme 

( timing plan generation method) is used. The difference on traffic delay 1s 

introduced purely by the improvement on traffic volume data clustering. 

The manual traffic pattern identification method produced the following traf­

fic patterns for the Duncan traffic system. 

■ 7:00 am - 9:00 am (group l) 

■ 9:00 am - 6:00 pm (group 2) 

■ 6:00 pm - 9:00 pm (group 3) 

■ 9:00 pm - 7:00 am (group 4) (free operation) 

The t raffic delays for these two cases are given in Table 3.1. The results from 

Table 3.1 show the total delay reduces 41 percent, the individual delay reduces 

63 percent and the stops redu ce 47 percent . 

These time intervals and identi cal traffic patterns are illustrated in Figure 

3. S-:3.9, usi ng the traffic rnlume di agrams at the Allenby and Boys Streets. 

The de\·eloped fu zzy clustf'ring program, FUZZY-TRAFFIC that runs m 

C1IS-vVinclow environment. is used to determine traffic patterns , optimal timing 
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Figure 3.7: Fuzzy Pattern Identification Flow Chart 
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Figure :3.8: Time Interval Partit ions in . ..\.llenby 
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Figure :3.9: Time Interval P art itions in Boys 
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Table 3.1: Traffic Delay and Stops of \Ianua l and Fuzzy 
Timing Plan 

approach Total Delay (veh-hr) Indi v Delay (sec/ veh) Stops 
Manual 68 2.,6 5374 
Fuzzy -±0 1.03 2871 

intervals, cluster prototypes. and a fuzzy cluster matrix for further use. The 

FUZZY-TRAFFIC gets traffic data from formatted t raffic volume fil es and gen­

erates inpu t matrix X. The output fu zzy matrix of the FUZZY-TRAFFIC is 

given in Appendix A. The flow chart of FUZZY-TRAFFIC is shown in Figure 

3.7. 
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Chapter 4 

Design of Optimal Timing Plan 

The design of an optimal timing plan is aimed at finding the optimal t ime 

a llocation to all in vol \·ed conflicting movements of the traffic sys tem. The t im 

horizon is normally an hour ( 3600 seconds). The optimal t iming plans can 

considerably improve traffic flow , fuel consumption , and vehicle operating costs. 

The widely used commercial software TRANSYT-7F , TRAffic Network 

StudY Tool - Version , . for d signing optimal timing plan is adopted in this 

work. A program that ca rries out combined multiple objective evaluation, ana­

lyzes THANSYT-7F outputs. and searches for the optimal traffic signal control 

parameters is developed. 

4.1 Description of TRANSYT-7F 

The TRANSYT-7F is a widely used traffic flow analysis and opt imization pro­

gram. This program was originally introduced in UK and further developed 

by Transportation (1kTrans), Transportation Research Center , University of 

Florida. The core of the TRANSYT-7F system is a function for analyzing the 

performance of the traffic system. The function is usually called t raffic perfor­

mance measures or traffic performance index (PI) . The TRANSYT-7F program 

can be used for simple system evaluation . or for optimizing the system perfor­

mance, using performance index function, PI. The performance index function 

is either a simple item or a linear combination of traffic delays and stops . fuel 

consumption (and optional!~- excessive maximum back of qu ue); or excess op-
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Prating costs . 

4.2 Traffic Flow Simulation 

The optimization of the t raffic timing plan by the TRA i\/SYT-7F system is 

carried out by simulating various traffic flows in a signali zed traffic system. The 

simulat ion is accomplished using an analytical model that rep resents real world 

e\·ents. such as t raffic flow through the traffic system, stopp cl at intersect ions 

by red lights and restar ted to flow by green lights. Th optimizat ion considers 

the following four essential timing plan elements, or optimization variables : 

■ Cycle length - The cycle length is the amount of time during which all 

movements at a signali zed intersection are accommodated. TRANSYT-7F 

processes t he cycle length based upon th following constraints: 

• The ycle length must be long enough to provide sufficient time for all 

phases. considering both vehicle and pedestrian requirements. The 

sum of t hese minimum phase lengths is th absolu te lower limit of 

the cycle length. 

• The cycle length should be long enough to ensure that no movement 

is saturated. The d gree of saturation should be less than 100 percent 

for all approaches at all inters ctions. This constraint generally leads 

to a higher value for the cy le length than the previous constraint. 

• The cycle length should not be too long to cause unacceptable high 

delays. 

• In a progressive traffic system the cycle l ngth should be chosen to 

facil it ate traffic progression . 
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■ Phase sequ ence - A typical cycle may consist of two to eight phases. 

depending upon the number of traffic movements that require protection 

during their r spective green periods. Phase sequences may consist of 

numerous combinations of protected and permitted movements. 

■ In terval and phase lengths (s plits) - A split is an interval (a segment of 

the cycle), in whi ch all signal displays, both t raffic and pedest rian , ar 

unchanged. 

■ Offsets - The offsets are the time difference from a system referenc 

point to the beginning point of the cycle at all signal controllers in the 

system. Offsets are generally determined so that , to the maximum extent. 

traffic can flow through a number of signals withou t being stopped. 

In TRA 1VSYT-1F. an offset may be referenced to t he start of any intervals 

in the cycle. Offsets are xp licitly optimized by TRANSYT-1F. 

4.3 Optimization Objective Function 

The performance index or opt imization obj ective funct ion in TRANSYT-1F can 

be defined by a user in a number of ways . One of the most important parts of 

the obj ective fun ct ion is t he Di suti lity Index, DI, which is described by: 

n 

DI= L {[Wd, + ]{His,]+ cq w d,-1 + I<l1Vs,-1Si-1] + QBi[vVq( qi - qc;)2]} (4 .1 ) 
i=l 

where , 

n - the number of links: 

d; - delay on link i (of n li nks) and on an optional user-specified upstream 

input li nk. designated here as link i - 1 ( unit: vehicle-hour ); 

]( - a user coded ·'stop pena lty·' factor to express the impor tance of stops 
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relative to delay (note, if coded as "-1" in T RA NSYT. the base vVxi are set 

internally so that t he base DI is equivalent to excess fuel consumption); 

S; - stops on link i (and similarly for link i - 1 (unit: stops/second); 

vVxi - link specific weighting factors for delay ( d) and stops ( S) for link i ( and 

i - 1 ); 

U; - a binary variable which is "1" if link to link weighting has been established 

for link i, zero otherwise; 

Q - a binary variable set by the user which if '' l " includes th maximum back 

of queue penalty in the DI. or zero otherwise; Bi - a binary variable which is 

"1" if the maximum back queue ( qi) exceeds t he user-specified storage capacity 

( t he number of v hides between two intersect ions), or zero otherwise; 

vVq - a network-wide "penalty" applied to the excess queue "spi llover." 

q; - computed maximum back of queue on link i: and 

qci - maximum back of queue "capacity" for link i. 

4.4 Evaluation of the Objective Funct ion 

4.4.1 Calculation of Traffic Delay 

One of the most important item in DI is the delay of vehicles in the traffic 

system . Delay represents indirect costs to the motorists in terms of lost time 

and a direct cost in terms of fuel consumption during idling. Excessive delay 

at signalized intersection reflects inefficiency in the signal t iming. In a field 

study, delay is usually measured by periodically counting the number of vehicles 

queued at a signal, and integrating the counts ov r t ime, as illustrated in Figure 

-1.1. 

The TRANSYT-7F can approximate only one such histogram (flow profile). 

The variation of arri vals from cycle to cycle, due to the randomness , of traffic flow 

needs to be considered particularly near or at saturation , when the influence of 
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Figure 4.1: Typical Delay Measurement 
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arri va l rnri at ion is more se\·ere. For an average cycle , TRANSYT-7F est imates 

t raffi c delay by calculat ing t h average delay, illustrated in Figure -!.2 , where 

three v hide traces through a series of intersections at prevailing crui se speed. 

Vehicle l experi ences no delay. while vehicles 2 and 3 experience equa l amounts 

of total delay with different number of stops. 

Distance 

Vehiclel Vehicle2 Vehicle3 

Intersection 3 

Intersection 2 

Intersection 1 

Time 

Figure 4.2: Illustrati on of t he Basic TRANSYT Definition of Uniform Delay 

While TRA NS YT-7F does not explicitly trace the traj ectori es of indi Yidual 

vehicles for es tima t ing t hese delay. it can, however, obtain macroscopi c estimates 

of delays from the f!O\\" pro fi les . T he delay is calculated based upon t he flow 
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rate and queue length relations. as illustrated in Figure 4.3. For a signal cycle 

starting at t he beginning of red light. t0 , the inflow rate minus the outflow rate 

i equal to th inflo\\" up until t he time t 1 + S LT , where t 1 is t h tart of the 

green light and S LT is the veh icle start-up lost t ime. All arriv ing veh icles are 

being stopped and delayed during thi s time. Accumulating this queue yields t he 

queue length curve depicted concept ually by t he dashed line. The t raffic rate 

and queue lengt h are represented and calculated discretely using a fixed small 

time interval - st p. for ease of calculation. 
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Figure ,.J:.:3: Deri vation of Uniform Delay 
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Once traffic begins to mo\·e at t ime, t1 + S LT , vehicles continue to join the 

end of t he queue. but the queue is discharging at a higher rate at the front of 

t he queue. At l 2 the queue has di ssipated entirely and no fur t her dela\· occurs 
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in th is cycle. The uniform delay is calcul atrd by intPgrating the a rea under the 

dashed line. wh ich ha s t he effect of cWP raging the queue length ovPr the cyc le . 

Tlw following equation s provide the est ima tr to the queue length. m 1• for step . / . 

TR.J..\"STT-7F est imates uniform delay by cou nti110' the simulated queue length 

in evPry step. T he un iform delay is the avP rage queue lengt h 1 im es t he C\Tle 

length: 

where. 

s 
D = °" !.!.!..!_ 

u L \' 
t • 

D 11 - uniform d lay (vehicle-hour ): 

m 1 - que ue length in vehicles during step t ( \·ehicl e); 

.\ - number of steps in the cycle (t c/ 81): 

of - step time in ten·al (seconds) : 

t c - cycle length (seconds) 

Delay is also introduced by the random arri\·als of \·ehicles. TRANS 1'T-

7F compu tes the combined effect of random delay and sat urat ion delay. D,. 5 

(\·eh icle-hour ), using an experi ence formula by: 

D,.s = 

\\·here . 

X - degree of saturation: 

B 11 = 2(1 - X ) + .'( Z 

H1 = -!Z - Z 2 

Z = (2.r / 1-" ) * (60/ T ): 

c - \·olume on the link : ,rnd 

T - period length. normally GO minutes for unsaturated conditions. 

The tota l cl lay in whicle-hour. D. is calculat ed by: 



Evaluation of the Objective Function 62 

(4A) 

4.4.2 Calculation of Tuaffic Stops 

As shown in Figure 4.2 . the two vehicles incurring delay are also stopped. Vehicl e 

2 has three stops and \·ehicle :3 has one stop, although both are delayed for the 

same amount of t ime. In general, the number of stops is related to the lengt h 

of delay, bu t not necessarily proportional. TRANSYT-1F assumes that delayed 

vehicles are also stopped. 

Figure 4.-b shows a typical t ime-space arrival/queue/departure condition at 

an intersection ( a TRA .\'SYT- 7) node of a road ( a TRANSYT-1F link ) under 

the uniform delay assumption. a vehicle stops instantaneously either at th 

stopline or at the back of the queue, and restarts instantaneously when the light 

turns to green . 

The spatial and time relation of a queue stopped at a red light is illustrated 

in Figur 4.4. The vehicles approach the intersection at a same sp ed. The firs t 

vehicle. vehicle 1 , stops at t he stop line. The following vehicles stop at the encl 

of t he queue. indicated by t he point a and locus of point A for all vehicles, L(A ). 

When the traffic light t urns green all vehicles start to move after a short delay 

of SLT ( start lost time) . at the t ime specified by point B and the locus of B. 

L(B). 

This module is based upon instant stop and restart. The actual stop and 

restart of a vehicle represent a decelerate and acceleration period , or a partial 

stop, as indi cated by t he dash curves at points A and B. 

TRANSYT-1F takes into account the partial stops by calculating the effec­

t ive stops using a filtering algori t hm. Studies suggested that the shor t delay 

can be expressed as fr actions of stops for the vehicles affected . Since th traf-
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fie model act uall y uses the flo\\. profiles (Figure 4.3) instead of the conceptual 

rep resentation shown in Figure .. J:.4, the number of stops can thus be counted 

by the lengt h of delay. The empirical studying conducted by the Transport and 

Road Resea rch La boratory (TRRL) in the United Kingdom produced t he rela­

t ionship between the percentage of stops and length of delay. as shown in FigurP 

-l:.5. TRANSYT-7F has a built-in function to calculate the length of delay based 

upon the perc ntage of t he vehicle stops . 
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Figure 4.5: Reduction of Stops as a Funct ion of Length of Delay 
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TRANSYT-7F calculates the number of stops by multiplying the percentage 

of \·ehicles stopped by t he number of vehicles that leave the stopline. \,\Then a 

link rnlume (or length of a queue) exceeds the link capacity, and the stopped 

size of the vehicle storage buffer at the intersection, not all vehicles that arri\·e 
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0 11 green can lea,·e on the same cycle. Sin e<" TR .-L\'.ST T-7F simu lates only one 

cycle. the number of stops calculated . based on the above multiplication . do s 

not take into consideration the ext ra vehicles that arr ive but could not lea,·e 

dur ing the gr n. These extra vehicles are assurn d to experience "full stops .·· 

Thus. the total stops under saturated conditions are obtained by summing the 

number of t he extra vehi cles. The addition of the extra ,·ehicles on t l1e number 

of stops calculated is shown in Figure -LG. At t he present t ime. TR ANSYT-7F 

can not accurately take into acco unt t he random and . at urat ion stops. Thes 

ty pes of stops m ight be considered. 

TRA NSYT-7 Model 

Rand om Delay 

' 
' ' , 
' , 
I , 

', 
', ,, 

Saturation Delay 

---~ -- ----- - ----

Uniform Delay 

' 
Degree of Satu ration 100% 

Figure --LG: Degree of Sat urat ion 

4.4.3 Max imum Back of Queue 

Conceptually. the queue is the ,·er tical ··distance .. between L(A) and L (B) in 

Figure -l.:3. TR .-L\TSYT-7F actually report s point C. ,,·hi ch is the maximum back 

of t he queue. in term s of the number of n'hicles. Tliis figure is more informa-
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t ivP than the maximum queue length because we are primaril y concerned with 

whether the queue will be too long and will "spillover" into th upstream inter­

sect ion . TRANS YT-1F does not consider this matter expli citly, and disregards 

the effect of spillover. TRA.VSYT-1F does, however , report a queue capacity 

value for each link in the t raffic network. By comparing t he maximum back 

of queue value with t he queue capacity value, one can easily ident ify where a 

spillover may occur. The queue capacity value function may be defined on a 

link-by-link basis, and the program will calculate the queue capacity value for 

the selected link . If one does not specify explicit queue length value, the pro­

gram will calculat the queue capacity value, QC;, by: 

where .. 

QC;= Pqi X L ; 

N; x H 
( 4 .. s) 

Pqi - the proportion of the link "length" as a percentage of total link length 

with a given specify acceptable storage capacity (the defaul t is O percent): 

L; - length of link i in feet (m ); 

N; - the number of lanes on link i , derived from the coded saturat ion flow rate: 

H - average vehicle spacing in the queue, normally 25 ft . or 7.6 m 

4.5 A ew Traffic signal cont rol Opt imization Formulat ion 

The TRANSYT-1F timing plan d ign program, as a macroview cycle-based . 

traffic flow simulation and opt imization program, identifies the optimal control 

parameters using a mutiple-objectiv optimization. 

The optimizat ion prob lem is formulated using a linear combinat ion of total 

delay, stop . and queue length as the obj ective function; it is called performance 

index . These competiti\·e object i\·es are weighted using three conflicts to be 

determined by us r. 
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The opt imi zat ion leads to minimum traffic delay for vehicles on the highways. 

Howe\·er. thi minimized traffic delay is achieved by maximi zing the bandwidth 

controlled by the parameters. Often, the bandwidth is unnecessarily wide to 

achieve the minimum delay in t he artery direction. This may cause unacceptable 

traffic delay in the cross direction. If we can find the minimum useful bandwidth 

in the artery direction based upon the actual traffic platoon, then the traffic 

delay minimization will thus achie\·e good performance for both artery and cross 

directions. The minimum useful bandwidth , BW* , can be calculat d by: 

• V G 
BHI = (- + l) X Fdis s ( 4.6 ) 

wher , V - vehicle volume (vehicle/ hour ); C - cycle length (sec); S - sat u­

rated flow rate (vehicle/ hour) ; l - lost t ime (sec), and Fdis - platoon disperse 

factor. 

This bandw idth value is then fixed when the traffic delay is minimized. Th 

opt imal problem is changed to a single objective problem with an additional 

equation constraint. Better overall performance of the traffic system can be 

thus achieved . 

The optimi zation is implement ed by a dedicated C program , ATPCP, that 

interfaces with the TRA NS YT-7F timing plan generation program. 
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Chapter 5 

Short-term Traffic Demand Prediction 

5.1 A Brief Overview 

The opt imal t iming plan ident ification method. introduced in the prev ious chap­

te rs. senses real traffic demand and identifi e.· the best-fit t raffic patt ern with 

tored optimal traffic signal control parameters. The met hod has significantly 

reduced the traffic plan lead times and mad e dynamic traffic contro l possible . 

However, traffic signal control should be based upon the traffic demand in 

the next instant (in terms of control period ) rat her than the pa ·t demand sensed 

from road . 

.:-\ fast and efficient short-term traffic demand predi ct ion a lgorithm is in ­

t roduced in the work to allow traffic signal control lo catch up the dvnamic 

,·a riation of traffic demands. The t raffic condit ion at f'ac h moment 1s reprf'­

sented by a hyper-point in the m-dimensional traffic volume space . \\'here m 

is t he number movements of the t raffic sy tPm. The locus of t hi s hyper-point s 

forms a continuous cun·e of time. In t hi s work . most recently measured traffic 

data are regarded as c1trrent data . and the a,·erage of a ll coll ected t raffic data 

are regarded as historical data . 

The acquired traffic data a,re composed of a dominan t (or basic) part and 

a random part. The dominant part normally va ries from zero to thousands 

,·f'hicles 1wr hour. and the random par t varies from ze ro to hundreds of ,·ehicles 

per hour. 

Trend prediction has been researched for se ,·Pral decades, and 110 efficient 
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traffic demand prediction method has been found so far. Most of the previously 

developed traffic t rend prediction methods are based upon a fixed mathemat i­

cal model and the model parameters determined using historical traffic data by 

the least-square fitting. These methods share two major shortcomings. ( a) re­

quirement of extensive computation when the mathematical model is comp lex. 

t hus having no t ime for implementing dynamic traffic signal control. ( b) equal 

weights on all historical data with no emphasis on more influential. recently 

acquired data [6]. 

To overcome these shortcomings , a method considering both aYerage traffic 

demand (historical data) and instant traffic demand ( current data) using the 

weighted average method is introduced, Figure 5.1 illustrates how to obtain the 

predicted traffic demand from the histori cal and current data. 

In Figure 5.1 , the dashed curve represents the average ( or histori cal) traffic 

demand obtained by averaging all historical traffic demand. The a,·erage traffic 

demand at 7:45 am can be ret rieved directly. The current demand that is sensed 

right before the control instant is plotted as the solid curve with 7:00 am, 7:15 

am, and 7:30 am as three sample points. The traffic demand at 7:-15 am, if 

determined purely based upon the current demand data, using t he three point 

\Yeighted average method. will be at point X c(t+l) · We call X c(Hl) the weighted­

average prediction. The calcu lation of the three point weighted average method 

is frequently used in forecast ing, and is explained in sect ion 5.2. To better 

predict traffic variation. the historical demand and the current demand are both 

considered. Their influences to t he further demand are counted by a ,·ector sum: 

a + ,B = 1 

0 S a, ,B S 1 

(5 .1 ) 

( 5.2) 

(5.:3) 
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where, X 1i(t+l) is t he hi storical demand at 7:45 am; X c(t+i) is the simple weighted­

average prediction of current traffic demand at 7:45 am . The vector X p(t+I) is 

t he modified predicted traffic demand, and Xp(t+ i) is also a hyper-point in the 

t raffic volume space . a and /3 are two convex weighting facto rs to be discussed 

in the following sections. 

5.2 Calculation of Current Traffic Demand 

As discussed presently the modified predicted traffic demand X p(t+ I) is the 

weighted vector sum of t he two vector X c(t+l) and Xh(t+l)· The simple weighted­

average prediction, X c(t+I), is determined using the three point weighted average 

m ethod for t rend forecast ing: 

where, 

( 5.4) 

(-5 .-S) 

( 5.6) 

X c(t+l) = {xci(t+l)li = 1,2, ... , n (n - movement number)} . and the Xci(t +1) 1s 

t he predicted traffic volume of the ith movement at t he t + 1 moment : 

X ct = {x citli = 1.2, .... n} . the Xcit is the measured t raffic volume of the ith 

movem ent at t he t moment : 

X c(t - 1) = {xci (t -l) li = 1, 2 .... . n }, t he X ci(t -I) is the m easured t raffic volume of 

t he i th movement at the t - 1 moment ; 

X c(t- 2) = { Xci(t - 2) Ii = l. 2 . . . .. n } , the Xci(t-2) is the m easured t raffic volume of 

t he ith movement at t he l - 2 moment. 

In t hi s work the weight ing factors , ( and TJ , are chosen to be 0.78 and 0.22 

accordingly, clue to the hea\·y influence of "recent" current traffic data point. 
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T hi s is based upo n t he selection of ( 2 = 0.6. ( 17 = 0.:3 , 172 = 0.1. T he dec reas ing 

,·a \u f's of the three coeffi cients allow more wP ight being pu t on the recent t raffi c 

data . This chose of weight ing factor is commonly us cl in fo recast ing and is 

recommended by [4] 

5.3 Weight ing Factors for Traffic D emand Predict ion 

The short-term t raffi c demand predict ion model. presen ted in Eq. (-5.:3 ), is a lin­

ea r combination of two terms. One term includes the recently measured t raffic 

data. and the other is the histori cal average of t he t raffic volu me at the t im e of 

predi cti on . The weighting factors. ex and J . are dete rm ined using two alternat ive 

methods: 

Fixed values - T he method is lock of flex ibility for varying influences of 
current and hi storical t raffic data. bu t works bet t r under large t raffic 
volume noise. 

An ex tensive test has been carried ou t to ident ify the bes t ex and /3 values . 
based upon the traffic data of five representative days ( from the Ministry 
of Transportat ion and highways . B .C.) . T he test data come from five 
intersections contain 96 sample data points. T he tes t based upon these 
28.800 t raffi c sam ples demonstrates that 0.7 and 0.3 are the bes t values 
for ex and 13, respect ively. A comparison of predict ion errors of different 
o and J values is illust rated in Table -5 .l. The case where, ex = 0 and 
3 = 1 represents the a,·erage predict ion m ethod. Variat ion of ex and /3 is 
no t sensit ive aro und the optimum . 

A dapt ive weighting factors - Anot her method for predicting the shor t­
term t raffic dem and is to use two adapt iYe factors. ex and /3, in t he li n­
ea r combi nat ion of current demand predict ion and t he average demand 
prediction . Instead of two fi xed values . t he values of a and /3 are deter­
mi ned based upon the d ifferences bet ,,·een t he sensed. real traffic volume 
at present t ime t . X ct a nd t he current demand predict ion . X pt, and the 
a,·erage demand predict ion . X ht. If X ,,1 is closer to .'(ct, ex valu e increases . 
and if X ct is closPr to _\"ht . 3 rnlue increases . T he met hod is superior when 
the traffic volu me cha nges fol lowing a stable t rend. but funct ions less well 
in t he presence of largP t raffi c noise. The approa ch is adopted in t hi s work . 
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Table .S. l: Fixed Weight Factor T st 

O' 3 Total Predicted Error (vehicle) 
0.8 0.2 225 ,794 
0.7 0. 3 201 ,364 
0.6 OA 217,553 
0. 5 0. 5 257 ,779 
0.0 1.0 454,371 

The weighting factors are calculated by: 

lxpit - Xhitl 
O' = ----------

1 x cit - Xhitl + lx ci t - Xpitl 

) = ___ lx_p_it_-_ X_c_it_l __ _ 

lx cit - Xhitl + lx cit - Xpitl 
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(5.7) 

(5.8) 

where, Xpit the measured t raffic volume of the ith movement at time t; Xh i t 

the averages traffic volume from historical data of the i th movement at 
t ime t; X cit the predicted traffic volume of the ith movement at t ime t. 

5.4 Testing R esults 

5.4.1 Fixed Weight in g Factor Method 

In addi tion to its simplicity. the fixed weighting factor method presents better 

performance for constantly \·arying t raffic volume and large noi se . due to its 

mphasi s on the traffi c ave rage rather than last prediction result as adaptive 

\\·eighting do . This adrnntage can be illustrated by the traffi c flow simulation 

of the Duncan system at t he Boys Road intersection (north bound through ) in 

the fall of 1992, shown in f igu re -3.2. 
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The total and average errors wit h respec t to real traffic demand (sensed) of 

t lie simpl e a,·erage pred iction method, based upon only histori cal avP rage traffic 

data. and the fixed weighting factor prediction method are listed in Table -5 .2. In 

Figure .S .2 the total errors are the difference bet,,·een real (or meas ured) volumes 

and predi cted volumes. The average error is: 

r eal volllme - pl'telict ed uolum e) 
average(-------------­

real colimn 

. T he fix cl weighting factor method demonst rated considerable error reduct ion: 

R l 
. av erag e prediction error - f i:i:ed weghting pr ediction errol' _ ·)~

1
.CJ1 

Error ec uctwn = -----'----'----------------------- - - 1c 
av erage prediction error 

Table :3.2: Prediction Errors of Historical .-\ ,·erage and F ixed Weighting Factor 
Prediction (Based upon 1-±68:3 Vehi cles at Th is \ foyement in A Day) 

Prediction Method Total Error (vehicles) A ,·er age Error Im provement ( % ) 
Average 3248 ·)') 4 o/c 

--· 0 1 
Fix cl vVeight 1848 16.3 % 0.73 

5.4.2 Adaptive Weighting Factor M ethod 

The adaptive weighting factor method con iders the performance of the demand 

pred ict ion at the prev ious instant . T he qual ity of t he last predi ction is used as a 

factor. The fitness of the average traffic prediction and current traffic prediction 

to t he real traffic demand at prev ious instant is us d to dec ide th ir contributions 

to the actual pred ict ion in the next instance. Ho,,·e,·er, when large noise present 

and no definite fitnes can b determined . the method may not work well. The 

adapti,·e weighting factor method is illustratPd by the traffic fl ow simulation of 

the Duncan system at the Boys Road int ersec tion (north bound t hrough ) in t he 

fall of 1992. shO\rn in Figure -5.3. 
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The total and average errors with respec t to real t raffic demand (sensed ) of 

the simple average predi ct ion method and t he adap t ive weight ing factor pre­

dict ion method are li sted in Table .5 .3. Th e adapti ve weigh t ing factor method 

demonstrated considerable error reduct ion to be :37 percent 

Tab le -3.3 : Comparison between Histori cal A \·erage and Adaptive Weight Pre­
dict ion 

Predi ction Method Total Error (vehicle) A \·er age Error Improvement(%) 
A \·er age :3248 ·Y) '± o/c ~~- 0 1 

Adapt i\·e \,Veight 1884 14. 1 % 0.63 
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Figure 5.3: Adaptive Weighting Traffic Flow Prediction Simulation I (Duncan 
at Boys Road ., Nor thbound T hrough ) 
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Chapter 6 

Fuzzy-Neural Dynamic Traffic Decision Making 

6.1 An Introduction to Fuzzy-Neural Networks 

6.1.1 Artificial Neural Networks (ANN) 

An art ificial neural network (ANN) is a mathemat ical model tha t has been 

de\·eloped to emulate the human neuron sys tem. An AN N consists of nodes 

that associate with values . and links that associate wi t h weights. The nodes 

are arranged in layers that include an input layer (the lowes t layer ), an output 

layer ( the top layer) and seYeral hidden layers. These layers are inter-connected 

by links. The inputs to the lower layer nodes propagate to higher layer nodes 

through weighted links. 

Each node in the network is a nonlinear. analog computing unit. An inter­

mediate node sums N weighted inputs using simple calculations and passes the 

result up to higher layers. The weights attached to the links of the network are 

determined by giving a set of inputs and ou t puts, and running a network t rain­

ing program. The ANN automat ically adjusts the weights during the t raining 

to ma tch the outputs from t he top layer to the given out puts. A typical three 

layers ANN is illustrated in Figure 6.1. 

In recent years, ANN has found many successful industrial applications, due 

to its superior capabili t ies in computat ion and pattern recognition . 'vVi th its 

mass ive parallel processors with simple computat ion logic, an artifi cial neural 

network or a neural comput er can process a la rge amount of data quickly. con­

siderably improving t he computation speed for many appli cat ion . An ANN wit h 
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Figure 6.1: A Typical Three Layers ANN 

its training algorithm also demonstrates a "learning" capability. The network, 

once trained, using given inputs and outputs, will be able to generate reasonably 

good results for other inputs without requiring an explicit model of the physical 

system. This capabili ty is particularly useful for those engineering tasks such as 

hand character recognition and image pattern recognition, where perfect mod­

eling of the system is difficult. 

In dynamic traffic signal control , the real-time control decision-making task 

requires fast data processing speed. In addition, the dynamic behavior of a 

traffic system is very complex and difficult to model in an explicit form. These 

properties of dynamic traffic signal control make it a good application of ANN, 

with the exception of its requirement of a good fuzzy knowledge reasoning. 

In reality, dynamic traffic demand has an uncertain component , as discussed 

111 Chapter 3. Fuzzy pattern clustering and recognition allow us to carry out 

fuzzy knowledge reasoning, based upon uncertain traffic data to identify the op-
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t imal traffic signal control parameters. The fuzzy system and the AK\T system, 

if combined as a fu zzy-neural system. will overcome the drawbacks of each pure 

system which make the development of the intelligent dynamic t raffic signal con­

trol system very difficult . On the other hand. a pure neural system \\"ill not be 

able to provide explicit fuzzy pattern classification. or to handle the fuzzin ss 

and uncertainty of a traffic system. Furthermore. the combined fuzzy-neural 

ystem can support fu zzy knowledge reasoning that provides more functions to 

the intelligent system, even though this capab ility waste not us cl in t hi s work. 

6.1.2 Fuzzy-Neural Networks 

The fu zzy decision-making mechani sm applies a number of membership function 

as the reasoning rules. The difficulty in using fuzzy logic inference lies in the 

determination of the multiple dimensional fuzzy membership functions. Unlike 

the one-dimension fuzzy problem , it is very difficult to determine the multiple 

dimensional membership functions manually, bas cl upon the stat istical data and 

experience. Moreover the determined membership functions can not be adjusted 

according to changing traffic condit ions. 

The fuzzy-neural network developed m th is work is determined by obtain­

ing the fuzzy membership funct ions. by fitting the system inputs and outputs 

without requiring any knowledge on t he form of th se membership functions . 

Two types of fuzzy neural networks are used today. One uses fu zzy neurons to 

substitute the w ighting elements [12], where Ji (.r; ), fi(x ), .. . , f n(x) are fuzzy 

membership fun ctions as shown in Figure 6.2 . The other embeds neural net­

works into the fuzzy reasoning system [36], as shown in Figure 6.3. 

In this work, t he second ty pe of fu zzy- neural networks is adopted. The 

system embeds neural networks into the fuzzy reasoning grap h. At each state 

(or node ) of the graph a neura l net\\"ork is used. as shown in Figure 6.3. Each 
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Figure 6.2: Fuzzy-neural etwork with Fuzzy eurons Substituting the Weight­
ing Elements 

layer of the neural network sums N weighted inputs and produces outputs at 

next layer through a nonlinear function: 

N-1 

Yi = !( L WiXi) (6.1) 
i=O 

where, J is a nonlinear function in the form of hard limits , threshold logic, and 

sigmoid. The input-output relation of an A 

mapping functions are illustrated in Figure 6.4. 

node and the form of the stated 

6.1.3 A Taxonomy of Neural Nets Used for Pattern Classification 

Several types of ANN struct ure have been introduced for different applications. 

A taxonomy of ANNs used for pattern classification is presented in Figure 6.5 

[16]. 

T he taxonomy di\·ides various types of ANN into two groups: those with 

binary and those wi th continuous valued inputs. Each group is further classified 

into nets that either require or do not require supervision during their training. 

y 
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Figure 6.3: Fuzzy-neural Network vVh ich Embed the Neural Network into Fuzzy 
Reasoning System 
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Feature Maps 

Figure 6.5: A Taxonomy of Six Types of AN Ns Used as Class ifier 

AN requiring supervised training includ s the Hopfielcl net and Hamming net 

for binary inputs and perceptron nets [30] for continuous inputs. During t he su­

pervised t raining, information specifying the correct class of new inpu t patterns 

is provided to determine the weight of the network. On t he other hand , the 

ANN trained without supervi sion , su ch as the Kohonen 's featur map forming 

nets [15], require no inform at ion concerning t he correct class during the t raining. 

and the nets are used as vector quant ifiers to form better clusters. 

6.1.4 Continuous Input and Supervised Neural Network 

In the intelligent dynami c traffi c signal control approach proposed in this work , 

the traffic sys tem provides continuous traffic volume inputs, and th fu zzy traf­

fi c pattern recognition fun ct ion module provides the mapping from clustered 

traffi c volume inputs to t he best- fit t raffic pattern output. T he input-to-output 

relations provid ideal informat ion for training the neural network. The neural 

network with continuous in put and supervised training, namely t he m ult ilayer 
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perception nets, is adopted in this work to form the fuzzy-neural traffic pattern 

matching function module. 

The boundary of pattern region di vision is associated with the number of 

ANN layers. A neural net with more layers normally supports decision regions 

with more complex shapes, with more accurate mapping functions. The one­

layer net can only process half plane boundary divided by hyperplane. The 

two- layer net can process convex open or closed region , and the three layer net 

is considered to be able to handle most mappings [22] , and is used in this work 

due to its simplicity. The neural decision region is illustrated in Figure 6.6. 

ANN 
Type of 

Exclusive or Classes with Most Genera 
Decision 

Problem Meshed Region Region Shapes Structure Region 

I\ 
Half Plane 

Bounded 
By 

Hyperplane Q 
one layer 

~ 
Convex 

Open 

or 

Closed 

Region 
two layers 

M Arbitrary . 0 
shape C!). 

three layer 

Figure 6.6: Types of Decision Regions 
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6.2 ANN Training and The Back-propagation Algorithm 

T he supervised t raining of the t hree-layer neural network is carried out by mini ­

mizing the mean square difference between the given input-output relations that 

are determined by the fuzzy t raffic pattern classificat ion, and the inpu t-outp ut 

relations determined by the network . For each input, the difference of the two 

types of output is calculated by the for ward propagation of t he network . This 

difference is minimized t hrough many iterations of the network by adjust ing the 

weights using the gradient search optimization scheme. 

The net is t rained by initially specifying small random weights, w;, and 

internal thresholds for each output , y;. The training is carried out using all 

available input-output relations, unt il the weights of t he network finally converge 

to fi xed values and the mean square difference of outpu ts are reduced to an 

acceptable value. 

The gradient search-based backpropagation t raining algori t hm requires a 

continuous differential fun ction between the input and output of each neural 

network layer. T he sigmoid logistic nonlinearity, given in Eq. (6 .2), sat isfy­

ing thi s requirement well represents the nonlinear input-outpu t relat ions of the 

physical system . 

The mult i- layer neural net has many advantages over the single-layer neural 

net and overcomes many limitat ions of the single- layer neural net . The multi ­

layer neural net has found more applica t ions today, due to the introduct ion and 

improvement of t he effective t raining algori thm - the back-propagation t raining 

algorithm [32] . 

The input-output relation of a specific neural net layer is represented as : 

1 
Y1 = f 1·(0') = ----1 + c (a - O) 

(6.2) 

where, a = I:f~ 1 W;jx ; ; x ; ( i = N) are N lower layer inpu ts; W ;j are the weight s 
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on the links from lower layer nodes j ( i = 1, ... , N) to the upper node j; N is 

the number of input of the network layer; fj( a) is the network layer output at 

node j th ; 0 is called the bias, and 0 = l. 

Xo 

Figure 6. 7: Structure of A Three Layer Neural Network Structure 

Given the nonlinear layer mapping function of Eq. (6.2), and a set of input­

output pairs applied to the outer (first and third) layers of the network , the 

weights of a three- layer neural network can be determined using the Back-
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propagation Algorithm, through the procedure to be discussed. 

Before the introduction of t he algorithm, a number of variables used in the 

algorithm are defined as follows: 

Let N1 be the number of nodes at the input ( or first) layer, and N3 be tbe 

number of nodes at the output (or third) layer of the three layer neural net. 

N1 and N3 are the number of inputs and outputs to the neural net respectively. 

Similarly, N2 represents the number of nodes at the hidden ( or second) layer 

of the network, and its value is chosen by the user to achieve best system per­

formance. In general , a larger hidden layer results in a more capable network 

for more complex nonlinear system modeling. It also leads to a more complex 

network which is slow in speed and difficult to train [28, 33, 37]. As shown in 

Figure 6. 7, each of the input and hidden layers has a.n extra node, x 0 and y~i] . 

used for thresholding, where the Y)i] is the ith layer the jth node output. The 

nodes at these two layers are thus indexed from 0 to N 1 and i\/2 respectively. 

A set of training data is composed of two vectors, X = [X1 , .. . , XN
1 
V and 

Y = [Y1, .. . , YN3 f. X1 are given inputs to the first layer of the network , and 

Yj are the desired outputs from the third layer of the network. The second and 

the third layer outputs are expressed as y}21 and yf1, respectively. 

1. Assign ini tial weights of the network. Each weight should be set randomly 

to a number between -0.1 and 0.1. 

w:}1 = random(- 0.l , 0.1) (6.3) 

[2] ( ) wij = random -0.l , 0.1 (6...1) 

where, wD1 and wi}1 are the weights of between layer one to layer two and 

layer two to layer three acco rdingly. 
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2. Assign the act ivation level at the thresholding nodes. 

Xo = 1.0 

Y62
l = 1.0 

89 

(6.5) 

(6.6) 

3. Choose an input-output pair. Let the input vector is X = [X1 , ... , X N1 V 
and the target output vector is Y = [Y1, ... , YN3 f. 

4. Propagate the input values from the nodes in the input layer to the nodes 

in the hidden layer using the activation function as follows: 

Vj = 1, ... , N2 (6.7) 

Note that i ranges from 0 to N2 . w61 is the weight for the hidden unit j 

(its propensity to fire irrespective of its inputs). X 0 is always 1. 

5. Propagate t he hidden values from the nodes in the hidden layer to the 

nodes in the output layer, using the activation following function: 

Again , the weight wbJ for output node j plays a role m the weighted 

summation. Y62l is al ways 1. 

6. Compute the error of the nodes in the output layer, denoted b;21. This 

error is calculated based on the network's actual output (y;31 ) and the 

target output (Yj). 
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( 6.8) 

7. Compute the errors of the nodes in the hidden layer , denoted 5;1l. 

N3 

5;1l = y;2l(l - y;2l) L 5~2lw;:l 'ij = l , ... , N2 (6.9) 
i=l 

8. Adjust the weights between the hidden layer and output layer. The value 

of the learning rate, ry, is chosen to be 0.35 empiri cally. 

(6 .10 ) 

9. Adjust the weights between the input layer and the hidden layer. 

Aw[l] = n • dl] • X· w · 0 JV · 1 Ji\ ' Ll IJ '/ UJ i VZ = l , •. , 1, ] = , ... , V2 (6.11) 

10. Go to step 4 and repeat. When all input-output pairs have been presented 

to the network, one epoch is completed. Repeat steps 4 to 10 for as many 

epochs as desired. 

The stated weight update rule is based upon the derivation of the activation 

function. The derivation of these weight update rules is discussed by Rumelhart 

et al. [31], and beyond the scope of the thesis. 

One of the major obstacle to the wide use of connections learning networks 

in real-world applications is the slow convergent speed of the current training 

algorithms. At present, the widely used Back Propagation Training algorithm 

runs mostly faster than other earlier training algorithms. However the algorithm 

is still not fast enough as we expected. 

In this work , several fast network training algorithms are tested and com­

pared. These include the Cascade-Correlat ion Learning Architecture [33], the 
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Autoregressive Backpropagat ion Algorithm [31], and the Qui ck Learning Algo­

rithm [9] . The latter is adopted in this work due to its simpli city and superior 

convergence speed. The Quick Learning Algorithm is modified from the regular 

back-propagation algori t hm. A momentum term is added and the weight ad­

justment formula is given in Eq. (6.12) and Eq. (6 .13), in the steps 9 and 10 

of t he stated training algorithm. These addition can smooth the weight change. 

The weights are updated by: 

.6.wJ~l(t + 1) = 'T/ · 0)2
] · yJ2l + a.6.wU1(t) 

.6.w!Y(t + 1) = 'T/ · 0}11 
· yJ1

l + a.6.w!Y(t) 

(6.12) 

(6 .13) 

where y[
2

] X · 5(_i] and 5[2l are measured at t ime t + l 6w[1l( t ) and 6w[1l(t) 
1 I 1 1 1 J 1 J " I ] 1) 

are the changes of the weight experi enced during the previous forward-backward 

iteration of the training. If a is set to be about 0.9, learning speed can be 

improved. In our xperiments the best convergence resul ts are obtained when 

the value of a is et to ::ero for the first several, then increased to 0.9 for the 

rest of t he training. This process first gives the algori thm some t ime to find a 

good general search direction, and then accelerates the search in that direction 

[9]. 

The Quick Back Propagation algorithm converges significantly faster than 

the conventional Back Propagat ion algorithm. Given a fixed number of iteration, 

the Quick Back Propagation algori thm can com·erge to a smaller error. The erro r 

is calculated by: 
N 3 

error = 2::JlJ - y}31)2 (6 .14) 
i= l 

The capability of rror reduction of the two algorithms is illustrated in Table 

6.1 through a test example. The "Exp. Value'' means experimental total error 

values and the "Rel. Value'' means relative error values in Table 6.1. 
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Table 6.1: The Comparison of Convergenc Results 

Number of Iterations 200 600 1000 2000 3000 
Back prop error reduction Exp . Value A2 .25 .10 .041 .023 

Rel. Value 1 .59 .23 .098 .05.S 
Quick B P error red uction Exp. Value .02S .010 .0057 .0018 .0013 

Rel. Value .19 .023 .01 4 .0043 .0031 

The supervised training of a sixty inpu t and six output, three layer network 

took seven hours on a Sun Spare I Workstation. using the standard back propa­

gation algorithm, while the same task took only 1.5 hours, using the Qui ck Back 

Propagation algorithm. 

6.3 Traffic Flow Pattern Matching 

In this work , dynamic traffic signal control is accomplished by recognizing traffic 

flow patterns from sensed traffic data. and applying pre-stored optimal traffic 

signal control parameters of the corresponding traffic flow pattern on-line to 

control traffic. 

A traffic pattern can be described as a "characteri st ic group" of traffic flow 

conditions. Th characteristic group, if described in a fuzzy traffic volume state 

space, can be represented by the posi tion and shape of fuzzy data cluster in the 

form of a fuzzy cloud. Based upon the fuzzy clustering method, discussed in 

Chapter 3, the centers of the recogni zed traffic patterns (or the positions of the 

patterns) can be calculated. 

The aim of fuzzy-neural network training is to obtain the weight matrices of 

the neural network which replace the "difficult-to obtain" multip le dimensional 

fuzzy membership fun ct ions. T he weight matrices hold the fuzzy traffic pattern 

contours (or shapes), based upon the information obtained in fu zzy clustering. 

5000 
.01:2 
.029 

.00096 
.0023 
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The fu zzy-neural system is used to carry out the traffic flow pattern matching 

in real time. 

The introduced method is tested usmg a real traffic system. The traffic 

system under test ing is at a section of the Trans Canada Highway in the Duncan 

area, as described in Chapter 3. The traffic data used in this test are the average 

traffic volumes over the fall of 1992. A three-layer neural network is trained for 

traffic flow pattern matching. Traffic volume and associated fuzziness numbers 

used in the fuzzy clustering form a input-output pair for training the network. 

A set of sample input-output pairs is given as input parameters of the network , 

with the traffic volumes on the input side, and the fu zziness numbers calculated 

by fuzzy clustering on the output side. The number of input nodes of the 

network is determined by the number of maximum movements of the modeled 

traffic system. The number of output nodes is determined by the number of 

acceptable traffic patterns. The number of samples depends upon the number 

of acquisition t ime intervals of a day. If the acquisition time interval is 15 

minutes , then 96 input-output data pairs are formed for a day. 

The Duncan section on the Trans Canada Highway, has five intersections 

each with twelve movements. This results in sixty input nodes (5 x 12 = 60). 

The traffic flow at thi s section is best represented as five traffic patterns , thus 

five output nodes are used in this test. The training data on the output side 

are the fuzzy output matri x obtained from the fuzzy clustering calculation. The 

matrix is 96 x 5 in dimension, and contains the fuzzy numbers associated with 

corresponding sample inputs, as illustrated in the Appendix A. 

The number of hidden layer nod sis determined empirically. When the input 

nodes are fewer than thirty six, thirty hidden layer nodes are used. When more 

than thirty six input nodes are used, the number of hidden nodes are selected 

as half of the number of the input nodes. The approach works well for the test 

sys tem. The structure of the network is illustrated in Figure 6.8 . 
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Figure 6.8: A Fuzzy-neural etwork Used in Traffic Dynamic Control 

T he Quick Back-propagation neural network training is implemented in an 

off-line fuzzy-neural network training program, Traffic- eural, on a 486- DX66 

P C. It takes 7 hours for a new traffic syst m with random initial neural matrix. 

and 0.5 hour for a previous trained traffic system, to converge to acceptable 

criterion. 

The neural matrix obtained from the training is then transmitted to the on­

line part of the intelligent traffic signal control system to make traffic control 

decisions. The output node of the network , which has the largest fuzzy number. 

indicates the corresponding group is the best-fit traffic pattern. 

6.4 Test Results 

6.4.1 Test on Pattern Selection Consistency 

The ability of the trained fuzzy-neural system to produce correct pattern match­

ing results for the training data is tested with 100 percent correctness. The 
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pattern matching t ime, using an on-line decision-making function, is less than 

0.01 ms on a 486-DX66 PC. The test results are given in Appendix B, which is 

consistent to the fuzzy clustering output matrix given in Appendix A. 

6.4.2 Test on Dynamic Traffic Flow Variation Response 

The performance of the dynamic traffic signal control approach introduced in 

this work is compared to the static traffic signal control approach, fo llowing 

these steps: 

■ select a typical traffic flow data set . 

■ determine the fuzzy traffic patterns using the static approach, including 

the cluster number, cluster centers , and t im period interval for each clus­

ter using the fuzzy traffic pattern cluster program. 

■ design the t iming plans of each traffic pattern, using the TRAN SYT- 7 F 

program for each period of time. 

■ increase the dai ly traffic volume by 30 percent. 

■ calculate the total delay of each sampling interval using the corresponding 

t iming plans, given by the static control timing plans. T he t iming plans 

will not change according to the traffic volume variation in the static ap­

proach. 

■ determine the pattern number for each samp li ng using the dynamic traffic 

signal control approach with the fuzzy-neural system. The t iming plans 

will change according to the traffic volume variation, due to the changed 

pattern numbers in the dynamic approach . 

■ calculate the total delay of each sampling using the timing plans that are 

dynamically selected based upon the calculated pattern number. 
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■ compare the total delay caused by the two approaches. 

Figure 6.9 presents a compari son of the different total delay for vehicles 

111 the traffic system when traffic volume increases by 30 percent , using the 

dynamic and stat ic traffic signal control methods. The traffic volume data are 

acquired from the Highway 99, Whalley section. In the figure, only those t ime 

intervals with different t iming plan select ion are included. Significant total delay 

reduction is obtained during between 12:30pm and 1:30pm. Modest reduction 

is accomplished during 9:00 am to 9:45 am. and 7:00 pm to 8:00 pm. This 

distribution of delay reduction is because traffic volume is near it peak from 

12:00pm to 1:30pm, and the green time is not contained by t he minimum green 

t ime. While in low volume period the green t ime is contained by minimum 

green t ime for the safety of pedest ri ans . Reducing peak hour total traffic delay 

is critical for t raffic signal control. 

6.4.3 Robustness and Stability of t he Approach 

To apply the proposed dynamic traffi c signal control method to real t raffic con­

t rol , the robustness and stability of the dynamic traffic signal control system be­

comes important. When traffic condition information is incomplete, the fuzzy­

neural network should still be able to select correct ( or near correct) traffic 

patterns and timing plans. The introduced approach proves this task can be 

fu lfi lled through the test on incomplete traffic condition data. 

Suppose two traffic detectors suddenly failed in the BT movement of the 

Boys intersect ion on the Trans Canada Highway, and the sensed traffic volumes 

of the two affected channels turn to zero, t he fuzzy-n ural syst m is still able 

to select the same traffic patterns as before, although the fuzziness number will 

change slightly, as shown in Table 6.2. The syst m will lead to t he sam traffic 

pattern and t iming plan associated with the maximum fuzzy output number 
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Figure 6.9 : 'rotal Traffic Delay for Dynamic and Static Traffic Signal Control 
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Table 6.2: Fuzziness Numbers as Output of Pattern Matching 

T ime Volume Group 1 Group 2 Group 3 Group 4 Group ,5 Group G 
14:00 231 0.000 0.000 0. 000 0.001 0.005 0.992 
14:00 0 0.000 0.001 0.018 0.012 0.001 0.973 

(boldface). 

We have also tested an extreme case where 10 percent of the traffic flow 

sensors fai l to function. The traffic pattern matching result only shifts from the 

"correct" pattern to its closest pattern with small changes to the optimal control 

parameters. 

In addition, the proposed dynamic control system is bounded to one of the 

pre-stored timing plans. No matter what type of traffic flow inputs are provided. 

the system guarantees a set of usable control parameters . 
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In this work, an approach for dynamic traffic signal control, based upon a fuzzy­

neural intelligent system and traffic delay minimization, is introduced. 

This research applies the general quantitative intelligent system approach [7] 

to the traffic control problem. The research is aimed at maximizing the efficiency 

of signalized traffic systems without new road construction, maintaining safe 

traffic flow through the traffic system, minimizing total traffic and individual 

vehicle delays, and reducing air and noise pollutions. 

This approach consists of three major parts: (a) automated t raffic flow pat­

tern identification using fuzzy pattern clustering, (b) optimization of traffic con­

trol parameters (timing plan design) for identified traffic flow patterns, and (c) 

dynamic traffic signal control by real-time traffic flow monitoring, traffic flow 

pattern matching using the fuzzy-neural system, and execution of stored opt i­

mal control parameters. 

The traffic flow pattern identificat ion is carried out using fuzzy pattern clus­

tering and matching techniques. A mathematical model is first introduced to 

quantify the fuzzy traffic conditions. The traffic condition at a moment is ex­

pressed as a hyperpoint in a m-dimensional traffic parameter space. Similar 

traffic conditions show as clouds of hyperpoints. The quantified traffic condi ­

tion description allows the "characteristic groups" of traffic flow conditions to 

be recognized as traffic patterns , using the fuzzy clustering methods. These 

traffic patterns are closely studied. The optimal timing plans of these traffic 

patterns , which contain the optimal signal control parameters, are generated 



6.4 Test R esults 100 

usmg commercial software through extensive optimization. The method has 

been adopted by the B.C. Ministry of Transportation and Highways in their 

present operations, and achieved overwhelming performance. 

Dynami c traffic control is accomplished using the fuzzy traffic pattern clus­

tering/matching methods and t raffic plan optimization. The task is carried out 

in two steps: off-line learning and on-line control. The off-line learning part 

identifies all representative traffic patterns based upon previously collected traf­

fic data, designs a timing plan for each identified traffic pattern using traffic 

delay minimization , and trains a fuzzy- neural system using the traffic pat tern -

optimal timing plan pairs generated. The on-line control part senses traffic flow 

in real-time, matches the sensed traffic flow condition with the best fitted traffic 

pattern, assigns the optimal timing plan of the matched traffic pattern to related 

traffic controllers dynami cally. A method for short-term traffic flow condi tion 

prediction is also developed to offset the short delay in traffic flow condition sens­

ing, and quasi-optimal traffic signal parameter updating at the controller. The 

approach makes dynamic traffic signal control of a corridor traffic system with 

quasi-optimal performance possible. The system is self-adaptive and capable of 

carrying out self-learning to varying traffic demands. Computer simulation and 

prototype testing using real traffic data have demonstrated significant traffic 

delay reduction. The B. C. Ministry of Transportation and Highways is in the 

process of implementing the introduced method. 

The research directly contributes to static and dynamic traffic control re­

search and practice. It also extends the research and applications of the quantita­

tive intelligent system approach, and benefits the research on intelligent schedul­

ing and planning for time and facility conflict activities. The research on de­

veloping a hybrid fuzzy-neural system combines the reasoning ability of a fuzzy 

system and the learning ability of a neural network, which is critical for a self­

learning and self-adaptive, intelligent system. 
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Future Work 

For further development of the intelligent, dynamic traffic control system, the 

following issues are to be addressed: 

■ The presently used TRANS YT 7timing plan generation program is a static 

traffic timing plan optimization software. It determines traffic control 

parameters based upon the macro-view average of traffic flow. The micro­

view, cycle-based traffic flow cannot be handled by the method. A more 

adequate timing plan optimization rriethod is needed to the TRANSYT 1 

program. 

■ The dynamic traffic control system analyzes traffic condition, using only 

one multiple-input-output rule. For complex traffic flow states. a multiple 

level , fuzzy-neural reasoning system is needed. 

■ The off-line learning and on-line control parts of the system now reside 

on two separated computers. The communication between these two com­

puters is troublesome due to the poor service of public telephone lines 

connecting the two computers. Since the on-line traffic data transmission 

and decision making only takes 3-4 seconds during the 5-15 minute con­

trol time interval, the off-line part and on-line part can be merged together 

on a single computer with a multi-task operation system, thus reducing 

the influence of communication errors and resource cost, and increasing 

system reliability. 

■ Limited by the timing plan optimization algorithm, the present intelligent 

dynamic traffic control system can only be used for an artery traffic control 

system. The system can be extended to control a network traffic system 

if an effective network traffic opt imization algorithm is made available. 
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Appendix A 

Fuzzy Clustering Output 
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Time Cluster1 C luster2 C luster3 C luster4 C luster5 

0000 0.997 0.002 0 0 0 

0015 1 0 0 0 0 

0030 1 0 0 0 0 

0045 1 0 0 0 0 

0100 l 0 0 0 0 

0115 1 0 0 0 0 

0130 0.999 0.001 0 0 0 

0145 0.999 0.001 0 0 0 

0200 0.999 0.001 0 0 0 

0215 0.999 0.001 0 0 0 

0230 0.998 0.001 0 0 0 

0245 0.997 0.002 0 0 0 

0300 0.996 0.003 0.001 0 0 

031 5 0.996 0.003 0.001 0 0 

0330 0.996 0.003 0.001 0 0 

0345 0.996 0.003 0.001 0 0 

0400 0.996 0.003 0.001 0 0 

0415 0.996 0.003 0.001 0 0 

0430 0.997 0.002 0 0 0 

0445 0.999 0.001 0 0 0 

0500 0.999 0 0 0 0 

0515 1 0 0 0 0 

0530 0.993 0.006 0.001 0 0 

0545 0.949 0.044 0.004 0.002 0.001 

0600 0.813 0.167 0.013 0.005 0.002 

0615 0.483 0.479 0.026 0.009 0.004 

0630 0.094 0.873 0.023 0.007 0.003 

0645 0.016 0.966 0.014 0.003 0.001 

0700 0.016 0.9.54 0.024 0.005 0.002 

0715 0.023 0.806 0.145 0.019 0.007 

0730 0.009 0.128 0.812 0.039 0.011 
0745 0.004 0.025 0.83 0.11 6 0.024 

0800 0.002 0.015 0.965 0.015 0.003 

0815 0.004 0.026 0.9 0.056 0.013 

0830 0.001 0.01 0.976 0.01 0.002 

0845 0.002 0.014 0.907 0.066 0.012 

0900 0 0.002 0.993 0.004 0.001 

0915 0 0.002 0.99 0.007 0.001 

0930 0.001 0.00 0.923 0.061 0.007 

0945 0.002 0.011 0.731 0.23 0.018 
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Time Cluster1 C lust er2 C luster3 C luster4 C lusters 

1000 0.002 0.013 0.549 0.412 0.024 

1015 0.002 0.0ll 0.337 0.62 0.03 

1030 0 0.001 0.022 0.965 0.0ll 

1045 0.001 0.003 0.052 0. 921 0.024 

ll00 0 0.001 0.019 0.969 0.0 11 

1115 0 0.001 0.009 0.983 0.00 7 

1130 0 0 0.004 0.986 0.01 

1145 0 0.001 0.011 0.97 0.0 18 

1200 0 0.001 0.012 0.968 0.018 

1215 0 0.001 0.008 0.979 0.01 2 

1230 0 0.001 0.014 0.974 0.011 

1245 0 0.001 0.006 0.987 0.006 

1300 0 0 0.004 0.986 0.009 

1315 0 0 0.004 0.982 0.013 

1330 0 0.001 0.006 0.975 0.019 

1345 0 0.001 0.005 0.97 0.024 

1400 0 0.002 0.015 0.835 0.148 

1415 0 0.002 0.011 0.891 0.096 

1430 0 0.002 0.014 0.864 0.119 

1445 0.001 0.003 0.017 0.537 0.442 

1500 0.00 1 0.003 0.015 0. 526 0.4-56 

1515 0 0.002 0.0ll 0.258 0. 728 

1530 0 0.001 0.003 0.039 0.9.58 

1545 0 0 0.002 0.026 0.971 

1600 0 0.001 0.002 0.01 7 0.98 

1615 0 0 0.002 0.013 0.985 

1630 0 0.001 0.005 0.03 0. 963 

1645 0 0.001 0.003 0.021 0.974 

1700 0 0 0.001 0.008 0.99 

1715 0 0.001 0.004 0.059 0.936 

1730 0.00 1 0.004 0.023 0.573 0.398 
1745 0.001 0.003 0.031 0.927 0.038 

1800 0.002 0.01 3 0.34-5 0.608 0.032 

1815 0.002 0.017 0.823 0.143 0.01 .S 

1830 0.00 1 0.011 0.958 0.026 0.004 

1845 0.00 1 0.008 0.965 0.023 0.003 

1900 0.003 0.044 0.916 0.031 0.006 

1915 0.01 0.21 0.71 0.056 0.014 

1930 0.015 0.515 0.412 0.046 0.013 

1945 0.017 0.62.S 0.304 0.042 0.01 2 
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Time C l uster1 C luster2 Cluster3 C luster4 Clusters 
2000 0.012 0.849 0.114 0.018 0.006 
2015 0.005 0.968 0.022 0.004 0.002 
2030 0.004 0.979 0.013 0.003 0.001 
2045 0.00,5 0.971 0.019 0.004 0.001 
2100 0.004 0.976 0.016 0.003 0.001 
2115 0.001 0.997 0.002 0 0 
2130 0.001 0.996 0.002 0.001 0 
2145 0.001 0.998 0.001 0 0 
2200 0.004 0.992 0.003 0.001 0 
2215 0.033 0.953 0.01 0.003 0.001 
2230 0.207 0.759 0.023 0.007 0.004 
2245 0.48 0.484 0.023 0.008 0.004 
2300 0.628 0.342 0.019 0.007 0.003 
2315 0.817 0.165 0.012 0.004 0.002 
2330 0.911 0.078 0.007 0.003 0.001 
2345 0.911 0.078 0.007 0.003 0.001 
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Appendix B 

Trained Fuzzy-neural Network Output 
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Time C luster1 C luster2 Cluster3 C luster4 C lusters 

0000 0.9896 0.0079 0.0032 0.0009 0.0004 

001 5 0.9924 0.0050 0.0038 0.0009 0.0003 

0030 0.994 0.0046 0.0025 0.0011 0.0003 

0045 0.9959 0.0044 0.0025 0.0009 0.0003 

0100 0.9970 0.0033 0.0022 0.0010 0.0002 

0115 0.990 7 0.0027 0.0026 0.0009 0.0002 

0130 0.9976 0.0024 0.0023 0.0009 0.0002 

0145 0.9974 0.0019 0.0032 0.0009 0.0002 

0200 0.9976 0.0025 0.0022 0.0010 0.0002 

021 5 0.9979 0.0023 0.0019 0.0012 0.0002 

0230 0.9979 0.0027 0.0020 0.0012 0.0002 

0245 0.9981 0.0020 0.0022 0.0011 0.0002 

0300 0.9981 0.0020 0.0023 0.0010 0.0002 

0315 0.9983 0.0018 0.0023 0.0011 0.0002 

0330 0.99 3 0.0018 0.0019 0.0012 0.0002 

0345 0.9983 0.0019 0.00 19 0.0011 0.0002 

0400 0.99 3 0.0020 0.0019 0.0011 0.0002 

0415 0.9983 0.0023 0.0017 0.0011 0.0002 

0430 0.99 1 0.0025 0.0019 0.0011 0.0002 

0445 0.9978 0.0027 0.0021 0.0010 0.0002 

0500 0.9972 0.0034 0.0020 0.0009 0.0002 

0515 0.9951 0.0044 0.0022 0.0009 0.0004 

0530 0.9869 0.0134 0.0018 0.0009 0.0006 

0545 0.9512 0.0424 0.0027 0.0009 0.000 

0600 0.8249 0.149-5 0.0031 0.0010 0.0011 

061 5 0.4 763 0.4934 0.0036 0.0014 0.001 .j 

0630 0.0776 0.9091 0.0034 0.0023 0.0030 

064-5 0.0275 0.9422 0.0079 0.0031 0.0043 

0700 0.0266 0.9278 0.0248 0.0025 0.0039 

0715 0.0174 0.7934 0.1225 0.001 0.0079 

0730 0.0063 0.1274 o. 576 0.0019 0.0189 
0745 0.0024 0.0314 0.8224 0.0932 0.0137 

0800 0.0060 0.0149 0.9573 0.0204 0.0053 

0815 0.0057 0.0172 0.9191 0.0372 0.0076 

0830 0.004 7 0.0177 0.9716 0.0070 0.0103 

0845 0.0028 0.0053 0.9459 0.0538 0.010 

0900 0.0029 0.01 5-5 0.9497 0.0218 0.0069 

0915 0.0023 0.0116 0.9629 0.0266 0.0092 

0930 0.0012 0.0101 0.9019 0.0937 0.0101 

0945 0.0010 0.0089 0.7208 0.2965 0.0093 
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Time Cluster 1 C lust er2 C luster3 C litster4 C luster5 

1000 0.0008 0.0146 0.56 12 0.4132 0.0079 

1015 0.0007 0.00.54 0.3269 0.6209 0.0109 

1030 0.0006 0.0022 0.0733 0.8864 0.0182 

1045 0.0006 0.0033 0.0570 0.9335 0.0117 

1100 0.0005 0.0025 0.0304 0.9572 0.0110 

1115 0.0003 0.004 7 0.0283 0.9398 0.0169 

1130 0.0003 0.0013 0.0051 0.9664 0.0320 

1145 0.0006 0.0005 0.0 136 0.9710 0.0219 

1200 0.0004 0.0010 0.0078 0.9697 0.01 

1215 0.0003 0.0029 0.0036 0.9821 0.0156 

1230 0.0003 0.005,5 0.0088 0.9914 0.0045 

1245 0.0004 0.0009 0.0103 0.9907 0.0076 

1300 0.0004 0.0006 0.0068 0.96-17 0.0290 

1315 0.0003 0.0007 0.0088 0.9604 0.0337 

1330 0.0004 0.000.s 0.0095 0.9635 0.0354 

1345 0.0003 0.0008 0.0102 0.9427 0.0474 

1400 0.0002 0.0013 0.0041 o. 582 0.1436 

1415 0.0003 0.0011 0.0022 0.9338 0.1019 
1430 0.0002 0.0008 0.0079 0.8278 0.1308 

1445 0.0001 0.0009 0.0067 0.5312 0.4528 

1500 0.0002 0.0008 0.0038 0.5371 0.4374 

1515 0.0002 0.0003 0.0045 0.2 47 0. 7252 

1530 0.000 1 0.0003 0.0070 0.0678 0.9106 
1545 0.0002 0.0003 0.0040 0.0526 0.9409 

1600 0.000 1 0.0003 0.0037 0.00 4 0.9 6 
1615 0.0001 0.0003 0.0022 0.0060 0.9933 

1630 0.0001 0.0001 0.0047 0.0011 0.9974 

1645 0.0001 0.0002 0.0042 0.0024 0.9957 

1700 0.0001 0.0006 0.0033 0.0122 0.9803 

1715 0.0002 0.0004 0.0037 0.0930 0.9104 
1730 0.0001 0.0026 0.0050 0.562 0 .4155 

1745 0.0003 0.0021 0.0354 o. 32 0.0380 
1800 0.0009 0.003.S 0.3475 0.593 0.0150 

1815 0.0011 0.0179 0.8079 0.1619 0.0112 
1830 0.0018 0.0118 0.9371 0.0569 0.0077 

1845 0.0022 0.0077 0.9486 0.0604 0.0082 

1900 0.0029 0.0662 0.9020 0.0150 0.0076 

1915 0.0029 0.2001 o. 7123 0.0243 0.0040 

1930 0.0033 o .. 5256 0.4205 0.01 57 0.0038 

1945 0.0036 0.6353 0.2980 0.01 94 0.0031 
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Time C luster1 Cl-us ter2 C l1tster3 C luster4 C luster5 

2000 0.0046 0.8640 0.10 11 0.014 7 0.0026 
201 5 0.0039 0.9471 0.0489 0.0139 0.0024 
2030 0.0042 0.9656 0.0362 0.0133 0.0022 
2045 0.0050 0.9639 0.0286 0.0132 0.0024 
2100 0.0038 0.9667 0.0358 0.0118 0.0026 
2115 0.0050 0.9840 0.0211 0.0077 0.0028 
2130 0.0059 0.9894 0.0090 0.0086 0.0025 
2145 0.0091 0.9842 0.0103 0.0080 0.0019 
2200 0.0139 0.9815 0.0080 0.0064 0.0017 
2215 0.0389 0.9719 0.0034 0.0067 0.0012 
2230 0.2054 0.7638 0.0078 0.0029 0.0009 
2245 0.5009 0.4795 0.0075 0.0019 0.0007 
2300 0.6196 0.3492 0.0056 0.0014 0.0009 
2315 0.8064 0.1531 0.0057 0.0013 0.0007 
2330 0.9174 0.0677 0.0048 0.0011 0.0006 
2345 0.9174 0.0677 0.0048 0.0011 0.0006 
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