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 Non-recurrent congestion that develops on highways due to traffic incidents 

represents the major portion of congestion on freeways and costs billions of dollars. Due 

to the limited resources of land and money to build new or expand existing highways, 

Traffic Management Centers (TMCs) are employing different sensing systems to quickly 

detect and clear traffic incidents to relieve congestion. Closed Circuit TVs (CCTV), 

Police Patrols (PP), wireless phone reports, Automated Vehicle Identification (AVI), and 

Inductive Loop Detectors (ILD) are different sensing systems that are deployed at varied 

levels to detect traffic incidents. Currently, investment decisions about these traffic 

sensing systems are primarily based on allocated budget and sensors costs. This research 

endeavors to provide a modeling mechanism that is capable of modeling the performance 

of a combination of sensors to detect traffic incidents. The model, named Logman Model, 

will help minimize the need for massive real world experimentation. The model, which is 

based on the Monte Carlo simulation technique supported by Bayesian Inference Theory 

for sensor fusion, is intended to predict the performance of a group of installed side-by-

side sensors in terms of their combined incident Detection Rate (DR), Time-to-Detect 

(TTD) incidents, and False Alarm Rate (FAR). The model is validated using incidents 
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and traffic data collected from San Antonio and Houston traffic sensor installations. 

Preliminary results of the model validation have shown promising results. The proposed 

model could be used as a performance predictor to aid in the decision-making process of 

traffic sensing system investments. Elements of the research should be extended to 

performance assessment of integrated sensing systems for traffic state estimation in 

general. 
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CHAPTER ONE – INTRODUCTION 

Urban freeways are becoming highly congested due to the increasing numbers of 

vehicles and trucks on roads and the shrinking resources of land and money to build new 

or expand existing facilities. Congested highways are potential environments for delays 

and traffic incidents. Since transportation is an integral part of nearly all industries’ 

productive and distributive processes, a penalty to transportation productivity is a penalty 

to national productivity (ITS Architecture 2002). 

Instead of continuously increasing the spaces on highways to mitigate congestion, 

the Federal Highway Administration (FWHA) has called for an ultimate utilization of 

existing spaces on freeways. Different measures have been recommended to improve the 

driving conditions on freeways. 

One of the primary causes of delays on freeways is the considerable number of 

traffic incidents that occur daily. In 1997, a study conducted by the Texas Transportation 

Institute (TTI) has reported that 57 percent of traffic congestion develops as a result of 

traffic crashes and costs the US economy more than 2.45 Billion vehicle-hours (FWHA 

2001). Between 10 to 20 percent of incidents are caused other by pre-existing incidents. 

The Federal Highway Administration (FHWA) estimated that by 2005 the percentage of 

congestion associated with crashes will increase to 70 percent and cost approximately 

$35 billion (Lindley 1986, Cambridge 1990, Gordon 1996). Furthermore, the Bureau of 

Transportation Statistics has reported that 41,611 people were killed and 3.2 million were 

injured in traffic accidents involving automobiles in 1999.These facts lead the FHWA to 

explore ways to mitigate the impact of freeway incidents. 

Timely and reliable detection and quick clearance of traffic incidents has proven 

to be crucial to restore the capacity of freeways. Traffic Management Centers nationwide 

are constructed and operated to resolve the problem of congestion on freeways. Different 

detection methods are employed by these TMCs to timely and reliably detect traffic 
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incidents. Mature detection techniques, such as police patrols, and Closed Circuit TVs are 

still in use in many detection systems; while newer systems, such as cellular phone 

reports, and automated systems, are also quickly emerging and even becoming common 

place in many TMCs. 

These systems are mostly deployed as suites of sensors in parallel to ensure 

reliable coverage of the networks and to improve the probability of incidents detection. 

The failure to detect all incidents or late detection of these incidents is risky and could 

lead to more secondary incidents. 

The detection systems deployed nationwide vary among TMCs. Deploying a 

particular incident detection system is driven by the TMC available budget and the past 

experience of the district engineers with the system. For example, district engineers in the 

San Antonio traffic management center, called TransGuide, use a relatively new and 

stable inductive loop system extensively. While district engineers at Houston TMC 

(TranStar) use the Automated Vehicle Identification (RFID-based) system due to the high 

level of AVI tags in the traffic population. 

Relying on experts’ engineering judgment to deploy a certain detection system is 

risky especially with the high and irreversible costs of these systems. Instead of using 

experts’ engineering judgment, full scale testing could be considered a reliable but 

expensive alternative that could be utilized to predict the performance of detection 

systems before deployment. A realistic and less expensive solution could be achieved by 

using computer simulation methods, at least in conjunction with some level of testing. 

This solution is readily available due to the rapid advances in computers and simulation, 

and the fact that enough systems have been installed at full scale to enable the calibration 

of models. Currently most simulation applications in surface transportation are geared 

towards route guidance, congestion development, shockwave dynamics, and incidents 

occurrence. Few attempts have been made to model the performance of systems to detect 

incidents. 
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1.1 Research Scope and Objective 

The scope of this research is to introduce a modeling mechanism that is capable of 

predicting the combined performance of traffic incidents sensing systems. The model, 

called the Logman Model that has been proposed in this research is built using Monte 

Carlo simulation concepts in the Microsoft Excel® environment. This model is capable of 

predicting the overall incident detect performance of different sensing configurations. 

Typically, TMC’s deploy multiple systems in the same network to reliably detect traffic 

incidents. These systems include a group of human assisted systems such as Closed 

Circuit TV (CCTV), Police Patrols (PP), and receiving reports from drivers with wireless 

phones. In addition to these manual systems, TMCs are utilizing the abundance of the 

traffic data collected by sensors installed on the freeway to detect incidents automatically. 

Systems such at the Inductive Loop Detectors (ILD), Automated Vehicle Identification 

and Video Image Processing (VIPS) systems are deployed at different levels of 

penetration nationwide. The performance of these systems could be expressed by their 

detection rate (DR), their Time to Detect (TTD) incidents and their False Alarm Rate 

(FAR). The Logman model receives these performance indicators as an input and 

endeavors to predict the overall performance of the configuration. This model is intended 

to provide ITS decision-makers with a simulation tool that could effectively aid in 

allocating sensing investments. It will also allow reliable prediction of systems and the 

incremental performance improvements when deploying different detection system. 

The primary objective of this research is to investigate the needs and to develop 

the Logman model. The model is expected to be able to predict the incident detection 

performance of integrated highway traffic sensing system configurations. The research 

accomplishes the following specific tasks: 
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1. Investigate the need for a simulation tool to predict the combined 

performance of incidents detection systems. 

2. Develop the Logman model using the concepts of Monte Carlo simulation 

in an Microsoft Excel® environment. 

3. Verify the model’s potential, limitations and quality of results 

4. Validate the model and demonstrate its uses using the traffic sensing 

installations in San Antonio as an example. 

5. Suggest ways to incorporate the model into the infrastructure investment 

decision-making process. 

1.2 Research Methodology 

In this research, the causes and impacts of traffic incidents occurring on freeways 

were studied. Reliable and timely incident detection was identified as the most critical 

phase of incident management. The research then studied the different detection methods 

and systems that traffic management centers nationwide utilize to detect incidents (figure 

1.1 presents the general phases of the research effort). 

The research has investigated the current available methods used to predict the 

combined performance of multiple sensors. The research has investigated the opportunity 

gain by studying the risk and costs of full scale testing to accomplish this task. The 

research proposes a simulation method that could partially eliminate the need for full 

scale testing. This new method should be reliable, effective, and cost effective. The 

model has been built using Monte Carlo simulation on Microsoft Excel® environment 

due to its generality, flexibility and each of use. To ensure the reliability of the model’s 

results, two sets of traffic and incident data were used to validate the model. in the first 

endeavor, the model has been validated using the results of study conducted by Zhou 
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(2000) which has investigated the potentials of fusion among automated incidents 

detection algorithms. In the second endeavor, a data has been collected specifically for 

the purpose of this research. 

1.3 Dissertation Organization 

This dissertation report is divided into eight chapters. Figure 1.1 illustrates the 

general structure of the different phases of the report. Chapter one provides an 

introduction to the problem of traffic incidents occurring on freeways and a general 

discussion about the impacts of incidents provided by the literature. 

Chapter Two discusses the statistics of traffic incidents in terms of their types, and 

the impact of traffic and freeway environment on the frequency of incidents occurrence. 

The different phases of incidents management have been also studied. The chapter also 

introduced the components of the Intelligent Transportation Systems (ITS) National 

architecture that pertain to incidents detection. The agencies responsible of managing 

traffic incidents have then been discussed. The three major Traffic Management Centers 

(TMCs) in Texas are presented with a thorough discussion of their systems’ components. 

These three TMCs were the San Antonio TMC, called TransGuide, the Houston TMC, 

called TranStar and the Fort Worth TMC, called TransVision. The architectures 

implemented within these TMCs to manage traffic incidents has been explored and 

documented. 

In Chapter Three, the different systems used by TMCs nationwide to detect traffic 

incidents have been studied. The performance of these systems and methods have been 

studied and compiled from the current literature. For human assisted methods, multiple 

methods have been investigated such as Police Patrol (PP), Highway Service Patrol 

(HSP), Closed-Circuit TVs (CCTV), and reports from drivers with cellular phones. The 

chapter also discusses the indicators that transportation research community uses to 

measure the performance of incident detection systems. TMCs also utilize the data 
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collected from freeways using the large suites of sensors to detect traffic incidents 

automatically using computer Automated Incidents Algorithms (AID). For this type of 

detection, the performance, distribution, advantages and disadvantages of the ILD, AVI, 

and VIPs systems has been investigated. To improve the performance of detection when 

using multiple AID algorithms could be improved by using different fusion theories. The 

concepts of data fusion have been discussed and examples of the most used fusion 

theories are provided such as the Bayesian Inference Theory. 

Chapter Four investigates the current investments in transportation infrastructures. 

It provides a review of the current literature focused on marketing the ITS products to the 

public. The chapter then studies endeavors made by different entities to improve the 

decision-making process by different simulation tools. Of the different tools available 

today, the ITS Deployment Analysis System (IDAS) will thoroughly studied. The chapter 

also studies the distribution of the incidents detection systems within 78 of the major US 

metropolitan areas. The advantages and disadvantages of full scale and model scale 

testing have been investigated. Based on the discussion made from Chapter One up to 

Chapter Four, a hypothesis has been proposed at the end of the chapter. This hypothesis 

has been tested by developing a simulation model in Chapter Five. 

Chapter five has discussed the use of simulation in engineering in general. The 

chapter has then discussed the freeway environment at which incidents detection systems 

operate. An initial simple arithmetic model has been proposed from which a more 

sophisticated model has emerged. The chapter has then introduced the Logman Model, 

which has been developed on Monte Carlo simulation. The chapter has presented and 

discussed the steps of developing the model thoroughly. To measure the reliability of the 

Logman Model, two traffic and data sets were used in Chapter Six. 

Chapter Six presents the validation steps of the Logman Model using the two data 

sets. The efficiency and effectiveness of the model has been investigated by using 

different scenarios.  
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Chapter Seven provide a discussion and propose guidelines to utilize the Logman 

Model by incorporating it use with other transportation planning packages. The 

mechanism by which the model can be used to support the decision making of traffic 

sensing investments has been also discussed. 

Chapter eight provides a discussion about the whole dissertation report and 

emphasis the major conclusions that could be drawn from each chapter. The chapter also 

discusses the quality of results, precision, advantages and disadvantages of the model and 

ways to overcome any problems in the model. The future direction of the research is also 

suggested at the end of the chapter. 
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Figure 1.1 General Phases of this Dissertation Report 
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CHAPTER TWO – TRAFFIC INCIDENTS MANAGEMENT 

The traffic incidents that occur on urban freeways cost the US Billions of Dollars 

in the form of damaged property, personal injuries, lost lives and an increase in insurance 

premiums. Additional costs are generated in the form of air pollution in large cities such 

as Houston and Los Angles. The Bureau of Transportation Statistics has reported that 

41,611 people were killed and 3.2 millions were injured in traffic accidents involving 

automobiles in the year 1999. Traffic Management Centers (TMCs) nationwide are 

employing different measurements to mitigate incidents occurrence on freeways.  

Effective management of traffic incidents require comprehensive and integrated 

planning that involves all transportation stakeholders including district engineers, 

highway maintenance personnel, law enforcement officers, fire fighters and medical aid 

providers and towing trucks companies. Other stakeholders such as news agencies, 

detection systems vendors and transportation professionals also provide a crucial support 

to the efforts dedicated to incidents mitigation.  

This chapter discusses the causes, effects, and the impact of traffic on normal 

travel conditions. The chapter then investigates the different phases of incidents 

management. It also provides a description about traffic incidents in terms of their types, 

frequency, and duration. The cost of incidents to the US economy has been estimated 

from the current literature. Incidents management strategies advised by Department of 

Transportation have been explored. The factors that impact incidents occurrence rates and 

incident detection rate have also been investigated. The chapter presents the different 

stakeholders of incidents management by discussing the services that traffic management 

centers provides. In a higher level, the chapter discusses the ITS National architecture 

and emphasizes on subsystems pertaining to incidents detection. Part of this research 

involved conducting site visits to the major TMCs in Texas. Accordingly, the San 

Antonio TransGuide, the Houston TranStar and the Fort Worth TMCs were visited to 
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document their deployed systems, services they provided, and the information flow and 

architecture for incident detection. 

2.1 Causes of Traffic Incidents 

 The last three decades have witnessed an increasing numbers of vehicles coming 

into the US urban freeway system. The expansion in freeway space has not matched the 

increase in the number of vehicles during the same period. This has happened due to the 

shrinking resources of land and money to build new or expand existing freeways. As a 

result, most urban freeways have become highly congested. Congestion that develops on 

freeways is a potential environment for delays and traffic accidents. The high numbers of 

accidents that occur on freeways increases the cost of automobile insurance, and costs 

motorists billions of dollars in the form of lost productivity and users delay costs. These 

accidents also cause further delays and could cause secondary accidents.   

 Delays on freeways cause traffic to stall for extended time periods, during which 

environmentally hazardous gases such as carbon dioxide that causes air pollution are 

produced. Delays also cause drivers to stay idle for long times in their vehicles during 

congested conditions causing reduction in the national productivity. In addition, these 

delays cause frustration to drivers and might lead to secondary incidents as a results of 

driving aggressively. Figure 2.1 is illustration of the causes and effects of incidents on 

freeways. 
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Figure 2.1 Causes and Effects of Traffic Incidents on Freeways 

2.2 The Intermodal Surface Transportation Efficiency Act (ISTEA)  
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provides the foundation for the Nation to compete in the global economy and will move 

people and goods in an energy efficient manner" (USDOT 1991). The US government 

has made available $6 billion in total funding for the Congestion Mitigation and Air 

Quality Improvement program. This fund is distributed based on each State's share of the 

population of air quality non-attainment areas weighted by degree of air pollution. Part of 

this fund has been dedicated to managing traffic incidents. Accordingly, several advanced 

facilities have been constructed around the nation to manage traffic on urban freeways 

and arterials.  

2.3 Description of Traffic Incidents 

 Traffic incidents could be defined as any abnormal events that occur on freeways 

and causes disturbance in normal traffic flow, reduce road capacity, cause bottlenecks, 

and could lead to delays. Traffic incidents could be generally divided into two major 

categories: recurrent and non-recurrent incidents. Recurrent incidents are normal daily 

cycles of congestion that develop on freeways during rush hours. This congestion is 

caused by the high number of motorists who use freeways on their daily commute to and 

from work. A considerable part of the US economy relies on a workforce that follows a 

typical eight-hour/day schedule. Accordingly, congestion develops during morning peak 

hours between 6:00 to 10:00 AM and evening peak hours between 3:00 to 7:00 PM. 

These peak hours vary between metropolitan areas. The large numbers of vehicles that 

use freeways during these periods cause congestion when demand exceeds freeway 

capacity. Different measures have been proposed to mitigate the impacts of non-recurrent 

incidents. Measures such as pre-trip planning, ramp metering, route guidance, arterial 

signal timing are being implemented by different metropolitan areas. In some cases, 

advanced measures are used to control traffic flow using speed reduction techniques. 
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Non-recurrent incidents can be noticed daily in most US urban centers, and drivers are 

aware of the levels of congestion during the peak hours of their daily commute and they 

adjust their driving habits accordingly. 

 In addition to the daily congestion cycles, disturbances of normal traffic flow can 

occur due to abnormal events such as accidents, debris, and/or flood. Events of such a 

category are called non-recurrent incidents. Based on the order of its severity, this 

category includes major and minor accidents, stalled vehicles, floods, debris, and other 

special events (i.e. construction). The extent of the queue that develops as a result of 

these incidents depends on the level of demand during the incident, the duration of the 

incident, and the degree of capacity reduction. Queues develop as the freeway capacity 

reduces. The longer the queue that develops due to an incident, the longer it takes for 

normal operation levels to be restored. Most non-recurrent traffic incidents occur 

suddenly and with no warning signs causing congestion to develop rapidly. Different 

from recurrent incidents, the non-recurrent traffic incidents cause a quick deterioration in 

the Level of Service (LOS) of the roadway; hence, it requires a rapid response. District 

engineers and transportation professionals are responsible for developing measures that 

could mitigate congestion on freeways while a group of agencies work jointly to mitigate 

the impacts of non-recurrent incidents such as Police Patrol and EMS units. 

2.4 Phases of Incident Management 

 The management of traffic incidents can be generally divided into three phases: 

incidents detection, clearance, and traffic restoration. Incident detection is the most 

important phase of these phases. This is due to its difficulty and the large resources of 

equipment and staff needed to detect incidents. Several detection systems have been 

proposed through the years to quickly and reliably detect incidents. Some are visual, 
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human assisted, such as Police Patrol, Closed-Circuit TV, and reports from cellular 

phones; while others are automated systems. In the second phase, multiple agencies join 

efforts to quickly clear traffic incidents. These agencies include the Department of Public 

Safety represented by Police Patrols, and Motorist Assistance Programs (MAPs) as well 

as towing truck companies. A staff of Police Patrol, MAPs, and towing companies 

continuously rove the freeway to clear any wrecked or stalled vehicles and also provide 

aid to stranded motorists to help them resume their trips. Medical Emergency is also 

dispatched to the incidents location to provide medical help if needed. Some studies 

divide this phase further into two sub-phases of dispatch and response. The dispatch is 

the time elapsed from incident detection until an emergency crew is dispatched to the 

incident, while the response time is the travel time of the emergency response crew to the 

scene of the incident (Hall 2002). This time depends on the distance emergency vehicles 

need to travel before reaching the incident location and the level of congestion on 

freeways. The third phase of the incident management is traffic restoration. Different 

measures have been implemented by TMCs to restore freeway capacity to its maximum 

after an incident occurs. TMCs utilize different media systems to communicate incidents 

information to drivers. Some of these systems are Variable Message Signs (VMS), 

Highway Advisory Radio (HAR), and TV channels. Informed drivers are more capable of 

taking decisions that would alleviate congestion development. Some drivers will be able 

to adjust their travel plan or take different routes to reach their destinations. Figure 2.2 

provides more details about the three phases. The topic of this dissertation has been 

focused only on the first phase of incidents management. The USDOT has supported and 

funded the construction of a large number of centers to manage traffic on freeways and 

arterials. The purpose of these traffic management centers is to act as a central location 
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where agencies responsible of managing traffic and could join their efforts and resources 

to manage traffic on freeways.  

 

Figure 2.2 Timeline of Elements in the Incident Management Process 
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of the incident, and types of the crash. A study by Giuliano (1989) has showed that 
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approximately eighty percent of all traffic incidents do not involve lane closures and only 

a few incidents cause a closure of two or more lanes. This mainly due to the availability 

of shoulders and the fact that many incidents are disabled vehicles which rarely cause 

lane closure. For instance, Giuliano (1989) reported that only 13 % of disable vehicles 

cause lane closure compared to 41% for accidents, and 32% for other incidents. In this 

study, rear-end collision accidents are by far the most frequent type (53% of all incidents 

sample), followed by sideswipes (19%) and hit object (19%), and very small portion of 

overturns and roadside. Most rear-end accidents occur at nighttime. 

2.5.2 INCIDENTS FREQUENCY 

 

 Generally, incidents occur randomly on freeways (Giuliano 1989, Goolsby and 

Smith, 1971, Lindley 1987, and Mahmassani 1999). However, studies have shown that 

incidents occur more frequently during peak morning hours between 6:00 – 10:00 AM 

and during the evening peak hours between 3:00 – 7:00 PM on business days. A study 

conducted by Giuliano has found that traffic incidents occur more frequently during 

workday nights than during weekends. However, the incidents that occur during the 

weekend nights are more severe (1989). The frequency of incidents is also affected by 

freeway geometry. Few studies have attempted to explore the impacts of freeway 

geometry on the rate of incidents occurrence as well as the rate of incident detection. The 

study conducted by Al-Deek et al (1996) is considered the most rigorous in this field. The 

goal of this study was to investigate the impacts of freeway geometry and traffic 

characteristics on the rate of incident occurrence and on the effectiveness of Automated 

Incident Detection (AID) algorithms. Al-Deek et al (1996) have utilized the incident and 

incident-free traffic data collected from Chicago’s expressways, and conducted intensive 

off-line testing using California # 7, 8, 9, and 10 algorithms. The data was collected from 
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inductive loop detectors installed on freeways. The data was clustered into groups with 

similar freeway geometrics to test their hypothesis. These characteristics included 

• Vertical Alignment 

o Level (-1% > slope < +1%) subsections 

o Upgrade (+1% > slope) subsections 

o Down grade sections (slope < -1%) subsections 

• Horizontal Alignment 

o Straight (curve <0° 45') subsections 

o Curved sections (curve �0° 45') subsections 

• Presence of ramp within 152.4 m from detector station 

o On ramp subsections 

o Off-ramp subsections 

o No ramps subsections 

 The traffic data that is used in this study was been collected for a period extending 

over 15 months in 1993-1994. A total of 1420 incidents were compiled between January 

1993 and August 1994. The following sections present the results of the analysis 

2.5.2.1 Effects of vertical alignment 

 
 An increase or drop of roadway grade causes motorists to suddenly accelerate or 

decelerate. This acceleration and deceleration presents a hazardous situation and could 
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lead to accidents. Steep down hill grades also present a hazardous environment for heavy 

trucks since they are difficult to control when driving at high speeds. 

 Using Scheffe’s test, Al-Deek et al (1996) have found that incident rate of 

incidents occurrence on upgrade subsections is higher than that on level and downgrade 

subsections. A justification for this phenomenon might be that vehicles on upgrade 

subsections find their acceleration characteristics impacted by the upgrade. Very 

minimum numbers of incidents have occurred one leveled subsections. The test could not 

detect any significant difference in incident rate between level and downgrade 

subsections. 

2.5.2.2 Effects of Ramp Presence 

 
 Highway sections could be generally divided into three categories: sections with 

off-ramp, sections with on-ramp or sections with no ramps. Al-Deek et al (1996) have 

investigated the effects of ramp presence on incident occurrence rate. Using Scheffe’s 

test, the analysis found the highest incidents rate being observed on segments with off-

ramps and the lowest rates on segments with no ramps. Since most collected incidents 

were classified as accidents, the high rate of off-ramp segments could possibly be 

attributed to the effect of weaving and diverging maneuvers and subsequent disturbance 

of traffic flow in the vicinity of exit ramps that has adverse impacts on safety. 

2.5.2.3 Effects of Lane Reduction  

 The reduction in the number of lanes in some sections of the highway causes 

sideswipe-same direction collision and rear end accidents. The lane reduction in highway 
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could be part of the highway design to reflect a reduced traffic volume or lack of 

available space to extend all lanes. Moreover, in some instances the lane reduction could 

be caused by construction or maintenance activities or stalled vehicles. 

2.5.3 INCIDENTS DURATION 

 An early study conducted by Juge et al to estimate the average duration of 

incidents for a data collected from California freeways (1974). The study found that 

incidents last for forty minutes on average before they are completely cleared and normal 

traffic operation has resumed. The average duration of traffic incidents does not seem to 

have changed tremendously from 1974. Only a slight improvement in the incidents 

duration has been achieved. In a later study, Giuliano has reported that incidents last for 

37 minutes in average with 30 minutes standard deviation while only 2% of the accidents 

has reported more than 2 hrs duration (1989). The effect of such an incident was noticed 

most when it involved lane blockage. For instance, the blocking of single incident on a 

three-lane freeway (33% spatial extent) reduces freeway capacity by 40 ~ 45 % (Urbanek 

and Rogers, 1978). The duration of incidents has been dramatically improved by utilizing 

different advanced communication systems to exchange information between the 

stakeholder agencies. 

2.6 The National ITS Architecture 

 The USDOT has systematically investigated the data needs, services provided, 

and communication systems to achieve reliable traffic management. In the following 

sections, the highest level of traffic management has been investigated. The National ITS 

architecture provides a framework for planning, defining, and integrating the different 

components of the Intelligent Transportation Systems. It is not a system design nor is it a 
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design concept. It is a framework around which multiple design approaches can be 

developed, each one specifically tailored to meet the individual need of the user, while 

maintaining the benefits of the common architecture. The architecture was developed 

over nine years and is independent from any local or regional system design. The US 

Department of Transportation (USDOT) has utilized the knowledge and expertise of a 

diverse group of transportation stakeholders to define and design the National ITS 

architecture. Examples of the stakeholders participated in the design are transportation 

practitioners, system designers, system developers, technology specialists, and 

transportation consultants (USDOT 2002). As such, the National ITS Architecture 

contains material that could aid transportation agencies at each step of project 

development and supports fitting individual projects into a larger regional transportation 

management context. It is developed to support the implementation of the ITS over the 

next twenty years in urban, interurban, and rural settings across the US. Generally, the 

architecture defines: 

(a) The functions (e.g. gather traffic information or request route) that must be 

performed to implement a given user service 

(b) The physical entities or subsystems where these functions reside (e.g. the roadside 

or the vehicle) 

(c) The interface/information flows between the physical subsystems, and 

(d) The communication requirements for the information flow (e.g. wireline or 

wireless) 

 The architecture also consists of four major physical subsystems that include 

(1) Traffic management 

(2) Roadside equipments 
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(3) Vehicle (passenger cars and commercial vehicles), and 

(4) The traveling population. 

 Figure 2.2 illustrates the different physical components of the ITS National 

Architecture. This research focuses only on parts of the first and second subsystems.  
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Figure 2.2 National ITS Architecture Physical Subsystems (USDOT/ Odetics 1996) 

2.6.1 ROADWAY SUBSYSTEMS 

 
 Roadway subsystems consist of all equipment distributed on and along roadways 

to monitor and control traffic. This equipment includes HAR, VMS, cellular call boxes, 

CCTV cameras and Video Image Processing (VIPs, In-Vehicle detectors, traffic signals, 

grade crossing warning systems, and ramp metering systems. The traffic data that are 

extracted using these systems could be used in Advanced Traveler Information Systems 

(ATIS). Parts of these subsystems are equipments that are distributed on freeways to 
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collect traffic parameters such as AVI and ILD and Radar systems. Four primary 

parameters are collected by using equipments including travel time, traffic speed, and 

volume lane occupancy. The quality of these parameters relies on the nature of the data, 

accuracy of equipments, breadth and depth of coverage, and collection time intervals.  

2.6.2 TRAFFIC MANAGEMENT SUBSYSTEMS 

 
 The Traffic Management Subsystems operate within TMCs or other fixed 

location. These subsystems implement several service functions to manage traffic such 

as: 

1. Communication with Roadway Subsystems to monitor and manage traffic 

flow. Traffic incidents are detected and verified, and incident information is 

provided to the Emergency Management Subsystem, travelers (through 

Roadway Subsystem Highway Advisory Radio and Variable Message Signs), 

and to third party providers. 

2. Management, coordination, and support of High Occupancy Vehicle (HOV) 

lanes, road pricing, and other demand management policies that can alleviate 

congestion and influence mode selection.  

3. Monitoring and management of maintenance work and dissemination of 

maintenance work schedules and road closures. The subsystem also manages 

reversible lane facilities, and processes probe vehicle information. 

4. Communication with other Traffic Management Subsystems to coordinate 

traffic information and control strategies in neighboring jurisdictions. 
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5. Coordination with rail operations to support safer and more efficient highway 

traffic management at highway-rail intersections, and 

6. Provision of capabilities to exercise control over the devices that utilized for 

Automated Highway System (AHS) traffic and vehicle control. 

2.7 Texas Traffic Management Centers 

 The increasing levels of congestion on urban freeways have actuated the US 

Departments of Transportation to support the construction of traffic manage centers 

nationwide. In the State of Texas, a number of TMCs have been constructed in the large 

metropolitan areas to relieve congestion on freeways. Traffic incidents are detected 

verified and timely cleared to prevent development of congestion on freeways. Aid is also 

provided to stranded motorists to resume their trips. The TMCs in Texas are considered 

state-of-the-art facilities that utilize advanced detection and communication technologies 

to monitor freeways.  

 The extraction and exchange of traffic data and information about traffic 

conditions follow systematic but varying architectures among Texas TMCs. These 

architectures differ from one TMC to another based on the size of the network covered, 

the type/distribution of detection systems, level of staffing, level of automation, and the 

type of information provided to drivers. 

 Site visits have been conducted to the TMCs of the major metropolitan areas in 

Texas to investigate the traffic sensing systems deployed, and the information flow and 

architecture of the different traffic management centers. These TMCs included San 

Antonio’s TransGuide, Houston’s TranStar, and Fort Worth’s TransVision. The purpose 

of these site visits was to investigate the traffic sensing systems deployed, analyze and 

document their data needs, information, and their network architecture. The flow of 
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information to manage traffic has been also analyzed. The following sections provide an 

overview of systems’ components, configuration, network architecture, and decision-

making process of different Texas TMCs to detect and disseminate traffic incidents 

information and special events to travelers. 

2.7.1 SAN ANTONIO TRANSGUIDE 

 
 TransGuide is San Antonio’s TMC that has been designed by TxDOT. This 

"smart highway" project provides valuable information to motorists about traffic 

conditions such as travel time, speed, occurrence of accidents, congestion, and 

construction closures. In 1996, San Antonio was one of four cities selected to implement 

and showcase new ITS technologies under a program called the Model Deployment 

Initiative (MDI). The other cities selected included Seattle WA, Phoenix AZ, and the tri-

state area of New York, New Jersey, and Connecticut. The TMC collects information 

about traffic conditions on freeways using different sensing systems. TransGuide 

operators utilize the traffic data collected using field devices and supplement it with 

information gathered from other sources such as Police Patrol and MAP operators and 

follow systematic steps to expedite incident management. The ILD and AVI systems 

have been utilized to estimate travel time and speed on freeways. A total of 140 CCTV 

cameras are installed on freeways to detect and verify incident occurrence. The TMC 

utilizes the information provided by a team of Police Patrol, who are already on the 

freeway for other security and law enforcement, to detected incidents and provide aid to 

stranded motorist. The first phase of TransGuide project has started in February 1993 

with a cost of $32 million by installing traffic surveillance devices in 26 miles out of the 
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191 total planned miles for instrumentation. The total expected miles to be instrumented 

have lately been increased to 289 miles. Currently, the TransGuide system covers 87 

miles of San Antonio freeways. These miles cover the major freeways in the city that 

include interstates I-35, I-10, I-37, US 281, And US 90, Loops 410 and 1604.  

2.7.1.1 TransGuide Inductive Loop System 

 

 The ILD system is a mature sensing system that most TMCs nationwide utilize to 

collect traffic parameters. TransGuide maintains two thousand ILD stations distributed at 

half a mile in average. Recently, the TMC engineers have conducted experiments to 

evaluate the merits of acoustic system for traffic estimation. The majority of acoustic 

sensors that are mounted over loop 410 and 10 have not functioned well (it is speculated, 

due to heavy rain). The ILD system in San Antonio is a relatively new and has low 

maintenance costs compared to other systems in the Texas. According to TransGuide 

operation managers, the annual rate of breakdowns for the whole network is 

approximately 15%. Nevertheless, some detector sites have not required maintenance for 

over 6 years. 

2.7.1.2 The Automated Vehicle Identification 

 
 Up to the year 2000, the second most important source of traffic data in 

TransGuide has been the AVI system. The cost of installing one AVI station in San 

Antonio ranges from $48,000 to $49,000 based on the number of monitored lanes and 

equipment type. Only forty out of the total fifty three AVI stations originally installed 

were functional by the year 2000. Large numbers of AVI stations have become non-
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functional (60 – 65 %) due to hits by overloaded trucks. TransGuide operators believe 

that the maintenance cost of AVI stations is high (approximately $12,000 per month for 

all stations). Due to these high costs, TransGuide managers are continuously exploring 

better alternatives. After consultations with the city of San Antonio, the TMC managers 

have decided to expand the loop system at the expense of the AVI system. Accordingly, 

some of the AVI stations have been relocated to provide travel time of arterials.  

2.7.1.3 TransGuide Architecture 

 
 For incident detection, TransGuide receives information from several sources 

including reports from Police Patrol, reports from travelers with cellular phones, reports 

from TxDOT maintenance staff and by processing traffic data using the Texas algorithm. 

This is unlike Forth worth TMC system which employs a number of dedicate Police 

Patrol to continuously navigate freeways to detect incident occurrence. TransGuide 

utilize reports about incidents occurrence from Police Patrol while conducting their 

regular security and law enforcement activities. Traffic data is collected from freeways 

using the ILD system and transmitted to the TMC via fiber optic lines. This data is then 

processed automatically using the Texas Algorithm to detect traffic incidents. Alarms are 

triggered when the speed of a specific section of freeway drops below a certain threshold. 

More details about the Texas Algorithms for incident detection will be discussed later. 

When an alarm is triggered, the operation shift manager would select to either execute a 

scenario or forwarded it electronically to the workstations of other junior operators. At 

any working day, a team of five to seven operators monitor traffic on the freeway using 

images transmitted from the freeway using the CCTV cameras. Operators continuously 

monitor freeways for any hazardous conditions that impact normal travel conditions. A 
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scenario is executed by an operator if an incident is detected. They also develop scenarios 

when congestion develops on freeways and inform travelers about congestion 

development or any delays that result from special events. The travel time and speed of 

certain links of the freeway are estimated using the ILD and AVI systems and transmitted 

to travelers. The operation shift manager has the privilege and is capable of modifying 

the scenarios that are executed by junior operators. Real time images from the freeway 

could be displayed on a video monitor in the operation room and are also displayed on 

the TransGuide low-power Television Station (UHF Channel 54 and Cable Channel 21) 

and on the TransGuide web site. The Department of Safety has a representative in 

operation room to support incidents detection and dispatch emergency vehicles to the 

incident location. When a call is received by the Police representative, he communicates 

this information with other operators using a red icon that could be viewed in the 

electronic maps at an operator workstation. Operators can execute a built-in scenario, 

modify or completely develop a new scenario. These scenarios are actions to take either 

by operators or by drivers to relieve congestion. When an incident occurs, the operator 

can execute a scenario that consists of multiple steps. For example, the color of the lane 

control signal could be changed to red to advise drivers not use the lane or a yellow to 

caution drivers about driving in the specific lane. A message is also posted on the VMS 

system to caution drivers about expected hazards. Operators then continuously monitor 

the progress of the incident and modify the posted message accordingly. For example, the 

message could change from “LANE CLOSED” to “DRIVE WITH CAUTION” to reflect 

the progress of incident clearance. Responsible emergency agencies, such as towing 

trucks, medical emergency, fire fighters; are dispatched to the incident location with the 

assistance of the police representative residing TransGuide. Information about the 
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incident is displayed on TV channels and on TransGuide web site. Currently, a number 

between 140 and 150 incidents occur daily in San Antonio under normal conditions; and 

between 400 and 500 incidents on rainy days. Figure 2.3 illustrates the information flow 

and architecture of TransGuide for incidents detection. 
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 Figure 2.3 Information Flow and Architecture for Incidents Detection, TransGuide - San Antonio, Texas 
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 Freeway lanes could be closed in San Antonio for different reasons. Some of 

these are construction or maintenance activities, incident occurrence, stalled vehicle and 

to control traffic stream to relieve congestion. Additionally, some sections of the freeway 

could be completely closed to relieve or reduce congestion when special citywide events 

are happening. These sports events, which include the arena sports, are received city 

officials. Information about construction or maintenance schedules is received from 

TxDOT district or the city of San Antonio. For these special events, a message is 

typically developed by operators and communicated to travelers using the VMS system, 

and TransGuide’s website. The operation shift manager continuously verifies the quality 

of the message posted. Figure 2.4 illustrates the information flow and architecture of 

TransGuide for lane closure. The traffic data is also collected from freeways using ILD 

and AVI systems. a message is developed and posted on the VMS system and 

TransGuide website to inform travelers about average speed and travel time to traverse 

certain links of the freeway. Traffic speed and travel time are continuously changing on 

freeways. Accordingly the message are updated every five minutes and aggregated to the 

closest two minutes. Figure 2.5 illustrates the information flow and architecture of 

TransGuide for speed and travel time estimation.  
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Figure 2.4 Information Flow and Architecture for Lane Closure, TransGuide - San Antonio, Texas 

 

Figure 2.5 Information Flow and Architecture for Travel Time and Speed Estimation, TransGuide TMC, San Antonio, Texas  
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2.7.2 HOUSTON TRANSTAR 

 

 Houston TranStar is a consortium of four government agencies that provide 

transportation and emergency management services to the Greater Houston region. It 

consists of several traffic agencies responsible for planning, designing, operating and 

maintaining transportation operation and traffic emergency management operations in the 

Houston metropolitan area, which is 5,436 square and has approximately 4 million 

residents. The center cost approximately $13.5 million to construct. It contains central 

control and communication rooms, a telephone switch room. In addition, TranStar has an 

emergency operation center along with three floors of offices for participating agencies. 

TranStar has officially opened in April 1996. 

 Large numbers of sensors are distributed on Houston freeways to monitor traffic. 

The TMC employs 270 CCTV cameras; distributed a long freeway at one mile distance 

in average.  It also employs 153 AVI stations that cover 225 miles of the freeway. The 

AVI system has started with the distribution of 50,000 anonymous electromagnetic tags 

that are used for travel time measurement. This number has increased tremendously 

reaching up to half a million tags with the advent of the Harris County Toll facility. The 

cost of maintaining the AVI system in TranStar is estimated by operators to be 

approximately $20,000 per month. Data is extracted by the AVI system is transmitted to 

the TMC through cable line and processed using software that produces electronic maps 

with different descriptive colors. In these maps, freeway colors are designated as: 

1. Green for average speed 

2. yellow for below average speed 
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3. red for very slow speed 

4. Grey for no data. 

In TranStar there is no alarm system to warn operators when freeway speed drops. 

Accordingly, the system in TranStar requires continuous monitoring and close attention 

by operators. TranStar managers believe that supporting the system with alarm 

capabilities would tremendously reduce operators fatigue and frustration.  

 For speed estimation, TranStar has deployed few vivid detectors along highways 

I-288, I-225, and Loop 610. Most of the vivid detectors have functioned very poorly, 

except for two which are used for ramp metering. Operators believe that the vivid system 

can perform better and can even replace the ILD system if it is carefully tuned and 

calibrated. TranStar employs a large number of ILD stations reaching up to 800 stations. 

The performance of these detectors has not been satisfactory due to frequent failures 

caused by maintenance cuts. The high rate of failure caused the system to be not suitable 

for speed estimation but rather for ramp metering. The ILD system in Houston is old 

relative to the loop system in TransGuide. Due to the nature of Houston area which 

characterized by expansive soil, the ILD system needs replacement every three years. 

 Part of the mission for TranStar is to help stranded motorists. For this purpose a 

Motorist Assistant Program (MAP) has been initiated to provide basic auto emergency 

aid for engines overheating, flat tires, and start jumps. The TMC receives around 200 

calls daily and serves around 3,600 stranded motorists a month. The MAP helped more 

than 100,000 stranded motorists to get back on the road during the few years of 

operation. This program is a joint effort of several agencies that include: 

• Metropolitan Transit Authority of Harris County 

• Texas Department of Transportation 
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• Harris County Sheriff’s department 

• Houston Automobile Dealers Association, and 

• Houston Cellular Phone Company 

 TranStar have also installed weather sensors in different part of the city to collect 

information about bridge icing, floods, and other hazardous weather conditions to warn 

drivers. To improve traffic flow and relieve congestion on freeways, the city has assigned 

87 miles of High Occupancy Vehicle (HOV) lanes to encourage group ridership of 

passenger cars and buses. Cars with at least two or three passengers could use the HOV 

lanes based on the time during the day. TranStar also employs several Variable Message 

Signs (VMS) to disseminate information to travelers.  

2.7.2.1 TranStar Architecture 

  

 A site visit has been conducted to TranStar in Houston to capture the set up of the 

system, its components, the detection systems deployed, and the flow of information and 

the architecture of the system. The information flow and architecture of TranStar is 

different from that for TransGuide. For incidents detection, TranStar receives reports 

from drivers with cellular phones, reports from Police Patrol, and reports from the MAP 

staff. Operators in TransGuide view the traffic condition on freeways on large screens. 

The Metro Transit Agency sends reports about incidents to the emergency 911 police 

center. A police patrol is dispatched to the incident location to verify incidents occurrence 

and to provide aid to stranded motorists. Different emergency units are also dispatched 

such as the medical emergency units and towing trucks. After an incident is detected, an 

incident log is generated and posted on the VMS system as well as on TranStar web site, 
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which is maintained by Texas Transportation Institute (TTI) in a location in the outer 

skirt of Houston. When a sever incident occurs, an extreme action could be taken; such as 

opening the HOV lanes to all traffic. Information about incidents occurrence are 

publicized on TV and HAR stations. Figure 2.6 illustrates the information flow and 

architecture of TranStar for incidents detection. 
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Figure 2.6 Information Flow Architecture for Incident Detection, TranStar - Houston, Texas 
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Figure 2.7 Information Flow and Architecture for Travel Time and Average Speed Estimation, TranStar - Houston, Texas 
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 For travel time measurement, TranStar employs the AVI system. The travel time 

of certain links are calculated based on the elapsed time for a vehicle with an AVI tag to 

traverse the distance between two AVI stations. This information is disseminated to 

travelers via the VMS system and in a website that is maintained by TTI. If there is a 

message already posted on the VMS signs, then a decision needs to be made about which 

message is a priority. Messages are posted in the order of their priority as traffic 

accidents, travel time, special events and public information. Figure 2.7 illustrates the 

information flow and architecture of TranStar for travel time measurement. 

 For lane closure, information is collected from TxDOT maintenance, city 

officials, utility companies and metro services. A request that explains the reason for the 

closure, the freeways affected, and the time of the closure needs to be submitted to the 

Public Information Officer within TxDOT. The function of this office is to evaluate the 

request and notify the responsible parties and sends the information to different 

communication media such TxDOT web site, TranStar web site, TV channels and radio. 

TranStar operators accordingly develop and appropriate message and post on the VMS 

system according to the order of priority. Figure 2.8 illustrates the information flow and 

architecture of TranStar for lane closure. For special events, TxDOT coordinators 

receive information from events promoters, city officials, and the mayor office and direct 

this information to TxDOT maintenance office. These special events include events such 

as basket ball games and the rodeo. Figure 2.9 illustrates the information flow and 

architecture of TranStar for special events.
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Figure 2.8 Information flow architecture for lane closure, TranStar TMC, Houston, Texas 
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Figure 2.9 Information flow architecture for special events, TranStar TMC, Houston, Texas
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2.7.3 FORT WORTH TRANSVISION 

 
 TransVision is Fort Worth’s Traffic Management Center that has started operation 

in 1986 to improve traffic conditions in the Fort Worth area. The center cost $8.4 million 

and has 29,622 square feet of space. In this system, inductive loop detectors are 

distributed at a half a mile distance in average. Due to the high costs of maintaining the 

ILD system in Fort Worth, the district engineers decided to replace the ILD system with 

another that utilize microwave detectors. 

 While TransGuide and TranStar TMCs are mostly designed by outside 

professional consultants; TransVision has been fully designed in-house by the TMC 

engineers. Currently, there is no AVI system deployed in TransVision, however, the toll 

system that is expected to be built in the near future in the Dallas/Fort Worth 

metropolitan area is going to be the main driver to adapt an AVI system. The Dallas/Fort 

Worth metropolitan area consists of a number of small dispersed cities. Several freeways 

have been built to connect the different parts of this large metropolitan area. These 

characteristics of the metropolitan area would reduce the potential of the AVI system due 

to the high deployment costs. 

 The ILD system is used mainly for ramp metering (mostly entrance ramps) in 

TransVision. Traffic conditions and information are collected in TransVision by several 

sources including:  

• 4 Police Patrols that cover around 300,000 miles annually. 

• 2 chopper helicopters owned by local TV stations. 

• 66 video cameras, and 
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• 1495 traffic sensors. 

 Several devices have been employed to exchange traffic data between the 

different components of the system and to disseminate traffic condition information to 

travelers. These include 

• 50 variable message signs 

• 229 lane control signals  

• 6 satellite buildings 

• 5 flow signals, and  

• 2 kiosks stations 

2.7.3.1 TransVision Architecture 

 

 Generally, TransVision provides services to travelers similar to TransGuide and 

TranStar, however, a different type of information flow and architecture are been 

implemented. Currently, no detection system is deployed in TransVision to collect traffic 

information such traffic speeds or travel time. Nevertheless, an inductive loop system is 

used for ramp metering. Data collected using this ILD system are supplemented with 

information collected from sensors deployed on arterials for real time adaptive traffic 

management. The architecture in TransVision has been developed to support traffic 

incidents’ detection, verification, and clearance, in addition to providing information to 

travelers regarding lane closures or the metropolitan area-wide special events that impact 

traffic on freeways. 

 For incident detection, TransVision receives information regarding traffic 

incidents that have occurred on freeways from different sources. Reports are received 
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from four police patrol vehicles that continuously navigate the freeway to detect traffic 

incidents and help stranded motorists. The TMC also receives information from local 

police departments regarding traffic incidents. Four operators are employed to 

continuously monitor the freeway using a number of distributed CCTV cameras. Aerial 

reports are received from two chopper helicopters owned by local TV stations. In 

addition, information is exchanged among the local districts of TxDOT and TransVision. 

All the different information that is received by the TMC is verified using the distributed 

CCTV cameras. When an incidents occurrence is verified by the TMC operators, several 

actions are taken to clear incidents and restore traffic on the freeway. Firstly, operators 

would dispatch the courtesy patrol to report to the incident location to provide help to 

motorists. Secondly, local police departments are notified in case no courtesy patrol has 

been present close to the incident location. Thirdly, medical emergency, fire fighters, and 

towing companies are also notified to provide medical assistance to drivers. The TMC 

operators then take few more actions such as activating Lane Control Signals (LCS) to 

direct traffic away from incidents; disseminating information about traffic via different 

media means. Different means of media are used to communicate information about 

incidents to travelers. An incident log is posted on TransVision website, information is 

shared with local TV stations, and a message is posted on the VMS system to warn 

drivers about expected hazardous conditions. Messages are posted based on their priority 

similar to TranStar. Figure 2.10 illustrates the information flow and architecture 

implemented in TransVision to detect, verify and clear traffic incidents. 

 TransVision receives information regarding lane closures from city officials, 

TxDOT local offices and construction contractors. Information received directly from 

city officials is then posted on TransVision web site. Construction contractors and 
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TxDOT maintenance engineers need to submit a notification letter to the Public 

Information Office of TxDOT before it is forwarded to TransVision. Information 

regarding lane closure is received by TransVision to be disseminated to travelers using 

different means of media such as TransVision web site, and local TV and radio stations. 

Additionally, a message is developed and posted on the VMS system subject to the 

ranking order system of messages. TransVision has made an initiative to send out 

notification emails to interested parties. At least 400 notification messages are sent out 

daily to interested parties. Figure 2.11 illustrates the information flow and architecture 

implemented in TransVision for lane closures.  

 For the special events that impact traffic on freeways in the metropolitan area, a 

TxDOT coordinator receives information from the Mayor Office, events promoters and 

city personnel. Information is then forwarded to the Public Information Office within 

Fort Worth TxDOT district. This office investigates the significance of the information 

provided and forwarded to TransVision if found important and appropriate. Information 

about the special events are then disseminated to travelers using different media means 

such as TV and radio stations and are also posted on TransVision web site. Moreover, a 

message is developed and posted on the VMS system subject to the order of priority to 

notify drivers about expected traffic congestion due to the special events. The 

information posted on the VMS system is continuously monitored by operators to verify 

its timeliness. Figure 2.12 illustrates the information flow and architecture employed in 

TransVision to disseminate information about the special events occurring in the 

metropolitan area that would impact traffic on freeways.  
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Figure 3.16 Information flow architecture for Incident Detection, TransVision, Fort Worth, Texas 
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Figure 3.17 Information flow architecture for lane closure, TransVision TMC, Fort Worth, Texas 
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Figure 3.10 Information flow architecture for special events, TransVision TMC, Fort Worth, Texas
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2.8 Summary 

This chapter has investigated the causes, and effects of traffic incidents occurring 

on freeways. The cost of these incidents to the national economy has been also discussed. 

To manage traffic on freeways, the US DOT has constructed a number of traffic 

management centers in large metropolitan areas. These TMCs provide different services 

such as incidents detection, clearance, and dissemination of traffic information to 

travelers. The chapter has also explored the National ITS Architecture and presented its 

different components and subsystems. One of the objectives of this research was to 

conduct case studies of traffic management centers in Texas. In these studies the different 

components of ITS systems, equipment installed, and methods utilized to monitor traffic 

conditions were explored. The process architectures of the ITS’s were modeled as well. 

These case studies provide a foundation for understanding how the integration of diverse 

sensing systems might impact the functional performance of the ITS installations.
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 CHAPTER THREE – INCIDENT DETECTION TECHNOLOGIES 
AND SYSTEMS 

Traffic sensing systems and methods are integral parts of the overall efforts 

dedicated towards managing congestion on freeways. TMCs across the nation are 

utilizing a variety of these systems to timely and reliably detect traffic incidents and 

relieve congestion. The abundance of traffic sensing systems available today is driven by 

the tremendous advances in computers, electronics and manufacturing in recent years. 

The quality of data extracted from freeways using these systems is influenced by the 

sensors’ inherent accuracy, precision and repeatability. The deployment level of any of 

these systems is influenced by its cost and the budget dedicated by state and cities. 

Incidents detection systems could be divided into two major categories (a) automated and 

(b) human-assisted systems. Currently, many TMCs are deploying multiple detection 

systems in parallel to ensure high levels of performance.  

This chapter explores the available incident detection systems deployed 

nationwide. It also investigates their performances in terms of advantages and 

disadvantages. The distribution of the traffic sensing systems within the U.S. major 

metropolitan areas has been also investigated. Sample of the most deployed human-

assisted and automated sensors are explored in details. Police patrol, cellular phone 

reports, and CCTV have been selected to represent the human-assisted sensing systems, 

while the ILD and AVI systems were selected to represent the AID system. The chapter 

will also survey the automated incident detection algorithms. Finally, the factors that 

impact the performance of different a sensing system is presented.   

3.1 Traffic Incident Detection 

The first incident detection system was implemented on the Gulf Freeway in 

Houston in 1967. A total of fourteen cameras have been used to monitor traffic on the 

freeway. This pioneer system is followed by a similar system in San Francesco-Oakland 
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Bay Bridge in 1971. In 1991, the Intermodal Surface Transportation and Efficiency Act 

(ISTEA) has been introduced to the transportation community, whereby, investments in 

transportation systems has been redirected from further expansion of freeway spaces to 

efficient utilization of existing ones. The limited resources to build new or expand 

existing freeway systems, and the environmental impacts of traffic on air quality were the 

drivers of this act. Accordingly, many large metropolitan areas have started constructing 

centers to manage traffic on freeways. 

Local department of transportation are utilizing different traffic sensing systems, 

real-time adaptive signal control, motorists’ communication devices along with 

Automated Vehicle Identification (AVI) and Automated Vehicle Location (AVL) to 

create smart corridors. Different human-assisted methods have been successfully used to 

detect traffic incidents on freeways. These systems have been augmented with automated 

incident detection technologies. Human-assisted systems such as those that are 

summarized on Table 3.1 have been used in many TMCs today.  

Table 3.1 Human-Assisted Incident Detection Sources 

Information Source
Police radio and 911 dispatch monitoring
Cellular telephone reports
Service patrol vehicles
Commercial radio broadcasts
Aerial Surveillance
Fleet operators (transit, taxi)
Commercial truck radio reports
Telephone call boxes  

TMCs also utilize the large suite of sensors that are currently deployed on 

freeways to collect traffic conditions. These sensing systems include the ILD, and the 

AVI system and the traffic data collected are traffic speed, occupancy, volume, and travel 

time. The data that is collected using these sensors are transmitted to the TMC and 

processed using intelligent computer algorithms that trigger an alarm when incident 

conditions are sensed. These algorithms function based on the concept that incidents 

cause disturbance in the normal traffic flow. This disturbance produces a significant 
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difference between the traffic parameters at upstream and downstream the incident 

location. An alarm is triggered when certain pre-determined thresholds are exceeded.  

Although the ILD system is considered the most mature traffic sensing system, 

several other sensing technologies are rapidly evolving such as AVI, VIP, Infrared, 

Acoustic and Laser systems.  Additionally, the latest E-911 wireless phone location has a 

good potential of being a reliable detection system.  

In addition to those advanced detection systems, TMCs have been using CCTV 

cameras on freeways and reports from police patrol and drivers with wireless phones to 

detect incidents. Information reported by these sensors can only partially be utilized at 

TMCs due to the lack of decision support system other than operators conversing with 

each other to process imprecise, incomplete, or even conflicting reported information 

(Klein 2002). The following sections provide a review of the nature, performance, 

reliability, and penetration of different incident detection systems. 

3.2 Human-Assisted “Visual” Detection Methods 

These are old methods that have been used by different TMCs for many years. 

Human-assisted methods are reliable because they utilize human perception and vision to 

detect incidents. The main disadvantage of these methods is that they require a team of 

trained Police Patrol and operators. For this reason, these systems are mostly deployed by 

large metropolitan areas such as San Antonio, Los Angles, Houston and Chicago. 

Examples of such systems are Police Patrol, Highway Service Patrol, CCTV, and reports 

received from drivers with wireless phones.  

3.2.1 POLICE PATROL 

Expenditures on traffic policing forms a significant part of the overall police 

budget. In Britain, approximately eight percent of police personnel are dedicated to traffic 

duties (Ogilvy-Smith 2002). The high number of police personnel already on roadways 



 52   

can provide valuable information about traffic conditions either passively using Global 

Positioning Systems (GPS) or actively via wireless devices. 

Police Patrols are deployed on highways (1) to enforce traffic and security laws, 

(2) to detect and report hazardous road conditions; and (3) to provide necessary aid to 

stranded motorists either directly or indirectly by dispatching emergency units. Even with 

the large expenditure dedicated towards police staffing, a study conducted by Tavana et 

al (1999) has used probabilistic analysis to compare the performance of Police Patrol to 

reports from drivers with wireless phones. Tavana et al (1999) has found that drivers with 

wireless phones can still provide a better coverage of the network and detect incidents 

rapidly with two minutes. Despite the rapid increase in the number of motorists with 

wireless phones, police patrol can still provide incident detection services; since they 

already monitoring highways for other security and safety purposes.  

3.2.2 FREEWAY SERVICE PATROLS 

Freeway Service Patrols (FSP) provides an important help to the driving public. 

Many metropolitan areas around the nation have implemented this program to assist 

stranded motorists to resume their trips. The program provides a help to motorists with 

vehicles that need gas, has flat tire or has been damaged due to crashes. Timely assistant 

of motorists is important to prevent congestion from developing on freeways. 

The Freeway Service Patrol (FSP) is one of the major programs in the country 

that is supported by Caltrans, the California Highway Patrol (CHP) and the local 

transportation agencies. Large number of privately owned tow trucks have participated in 

this program by patrolling designated routes on congested urban California freeways. 

FSP operates Monday through Friday during peak commute hours. The goal of the FSP is 

to maximize the effectiveness of the freeway transportation system. This goal is 

accomplished by the expeditious removal of disabled/stranded vehicles from the freeway. 

Each year the FSP program assists approximately 600,000 motorists in ten metropolitan 
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areas. Timely clearance of events that cause delays could reduce fuel consumption and 

minimize automobile emissions. Currently, over 300 towing trucks are operated patrol. 

Each patrol operator has been trained and certified by the California Highway Patrol 

(CHP). The area covered by patrols is in excess of 1,400 miles of the most congested 

freeways in California. The program has reached a major milestone in March of 2003 by 

assisting one million stranded drivers in more than 10 years (MTC 2003). 

The State of Washington Department of Transportation (WSDOT) has initiated a 

program similar to the FSP of California. In a study managed by Washington State 

Department of Transportation (WSDOT) and operated by Washington State Patrol (WSP) 

and Registered Towing Truck Operators (RTTO), the performance of Service Patrol has 

been studied (Nee and Hallenbeck 2001). The study has been conducted on the Puget 

Sound freeways within the cities of Seattle and Tacoma in the Washington State. The 

primary goal of a service patrol was to provide a fast incident detection and clearance 

especially during peak hours. In this program, aid has been provided to stranded 

motorists between 6:00 – 10:00 AM and between 2:00 – 6:00 PM of business days. The 

majority of the stalled vehicles have been first detected by the service patrols themselves 

ranging from 50% to 90% of total incidents depending on freeway segments. WSDOT 

has also lead an effort to review current incident response using similar past programs in 

Puget Sound and in other major metropolitan areas. This review has concluded that 

Freeways Service Patrol around the country produce a benefit-cost (B/C) ratio that ranges 

between 7% and 36% (Nee and Hallenbeck 2001). The FSP system has provided highly 

reliable results and produced only 10% false alarms. These false alarms are caused by the 

scenarios when a service patrol have spot a vehicle stopping on the shoulder in the 

opposite direction of traffic, but the vehicle left before the Service Patrol arrived. 

Regardless of the Service Patrol coverage area, most of the contacts were related to 

disabled vehicles. From the total number of detected incidents only 2% to 3% were 

collision and approximately 5% debris. In overall, 26% of incidents were due to 
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mechanical problems, 14% to lack of fuel, and 12% to flat tire. It is also found that 

Service Patrol took an average of less than 5 minutes to arrive at the scene of a blocking 

incident. 

3.2.3 CLOSED-CIRCUIT TVS (CCTV) 

Many TMCs are currently utilizing CCTV cameras to continuously monitor 

traffic conditions on freeways. These CCTV cameras provide traffic engineers, highway 

patrols, and emergency response teams with real time video of the traffic condition on 

roadways. Surveillance operators can utilize the Pan, Tilt and Zoom (PTZ) capabilities of 

the CCTV cameras to closely monitor traffic on the freeway and reliably detect incidents.  

The performance of CCTV surveillance system depends on the number of 

cameras on the freeway, the size of the network monitored and operators staffing levels. 

Many large metropolitan areas (i.e. San Antonio, Houston, San Jose, and Los Angles) are 

currently deploying the CCTV system. Live images of freeway are exchanged with 

drivers using cable TV channels and websites. The CCTV system has the potential of 

being the leading sensing system in cold regions, especially during winter months. Harsh 

travel conditions during winter months have been and still remain the most pressing issue 

for residents of cold regions. Using the CCTV systems would allow smooth operation of 

the urban infrastructure when road surfaces are frozen or snowfall is heavy (Kido 2002). 

The utilization of the CCTV cameras to monitor traffic could reduce the need for large 

investment in Police Patrol and FSP staff. . 

Some studies suggested using CCTV cameras to estimate average traffic speed 

based on a sequence of images transmitted from the freeway (Dailey 2001). The use of 

CCTV system could reduce congestion by rapidly detecting and clearing incidents. a 

study conducted by Manners (2000) have suggested a reduction in the congestion cause 

by traffic incidents by 10 to 45%. 
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3.2.4 CELLULAR PHONE REPORTS 

Reported experience at TMCs nationwide support the significant role that wireless 

phones play for traffic incident detection. Wireless phones are low cost methods that 

provide incident detection services sometimes faster than traditional incident detection 

systems. However, this method has some disadvantages such as (a) fake or erroneous 

calls, and (b) incomplete or wrong estimation of the incident location. The latest 

regulations adopted by the Federal Communication Commission (FCC) which requires 

wireless providers to be able to geographically locate 911 emergency callers will greatly 

enhance the potential of wireless phones to detect incidents. Applying this new regulation 

would reduce the number of fake and/or erroneous calls and would enable operators to 

determine the location of the incident reliably. Wireless phones are capable of detecting 

non traditional incidents that can not be detected by other blind detection methods such as 

floods, wandering animals, and debris. The increasing penetration levels of wireless 

phones on the driving population could lead to immediate incident detection. 

3.3 Automated Incident Detection (AID) 

In this category, traffic data collected using the abundance of sensor suites 

deployed on freeways. Traffic parameters such as speed, volume, occupancy are collected 

using these sensors and transmitted to the TMC through fiber optic lines or wirelessly. 

When data is received at the TMC, it is processed using computer algorithms. These 

algorithms function on the concept that incidents cause perturbation in traffic flow; 

produce bottleneck at the incident location and cause noticeable difference between the 

traffic parameters at the upstream and the downstream locations. Examples of the sensors 

that are utilized to collect traffic data from freeways are the ILD, AVI and VIP. The 

following are more details about these traffic sensing systems: 
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3.3.1 INDUCTIVE LOOP DETECTORS 

Since its introduction in the early 1960s, the ILD has become the most popular 

detection system. The principle components of an inductive loop detector system include 

one or more turns of insulated loop wire wound in a shallow slot installed in the 

pavement, a lead-in cable from the curbside pull box to an intersection controller cabinet, 

and a detector electronics unit housed in the intersection controller cabinet (Gordon 1996, 

Klein 2001). When properly installed and maintained, they provide unfailing vehicle 

presence detection and traffic counts. Figure (2) shows installed rectangular ILD detector 

on an arterial road. The ILD system have historically been used for: (1) vehicle 

classification, using vehicle length or vehicle signature derived from dual loops (IDP 

1997, Ritchie 2001), (2) speed measurement, using traps (dual loops), and (3) volume, 

occupancy and flow measurement. The reliability of loops has been improved through 

better packaging and installation techniques. Problems of the ILD system are caused by 

poor connections, crosstalk, breakdowns, or cuts from construction maintenance 

activities. The failure of the ILD system has been reported to range between 13 and 29 

failures per 100 detectors per year (Tarnoff 1981). A different study conducted by TTI 

has estimated that the ILD system fail between 1 to 50 percent per year. 

 

 

Figure 3.1, Rectangular Inductive Loop Detectors (ITS 2000) 

Automated Vehicle Identification 
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The AVI system has been originally developed on the rail transportation for 

tracking. Surface transportation practitioners have utilized the location capability of the 

AVI system to track cargo and truck fleets. In its simple form, the AVI system consists of 

a large number of electro-magnetic tags installed in the windshield of vehicle and are 

interrogated by reader stations while traversing highways links. Several algorithms have 

been developed to match between readings of different AVI stations to obtain individual 

vehicle travel times (Mohler 2002). Although the accuracy of an AVI system is far better 

than that of an ILD system for travel time and link average speed measurements, low 

levels of penetration of AVI (i.e. around 2% in San Antonio) diminish its full potential. 

The city of Houston has one of the highest penetration levels of AVI, with 500,000 

anonymously distributed tags. The high level of AVI penetration in Houston is mainly 

due to the presence of Harris County toll facility.  Figure 3.2 illustrates a schematic setup 

of TransGuide AVI system. 

 

 Figure 3.2, the AVI system in San Antonio, Texas (TransGuide 1998) 

Video Image Processing (VIP) systems 
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The use of Video Image Processing (VIP) systems for traffic surveillance and 

control was initiated in the mid 1970s in the United States and abroad, most notably in 

Japan, France, Australia, England, and Belgium (Michalopoulas 1991). The VIP systems 

employ machine vision technology to automatically analyze traffic data collected using 

the Closed Circuit Television (CCTV) systems. The major difference between VIP and 

CCTVs is that VIP systems cameras are fixed and no pan, tilt and zoom (PTZ) are 

allowed. The VIP systems could be used to monitor freeway conditions, arterials and 

intersections, detect incidents and classify vehicles. Although there are over 5,000 VIP 

system in existence today throughout the world only few of these are used for incidents 

detection. 

 

 

Figure3.3 Incident Reports via Commercial Radio and TV 

Automated Incident Detection (AID) Algorithms 

From the early 1970’s many large metropolitan areas (e.g. Los Angles, New York 

and Chicago) have started incorporating traffic sensors into their freeways to collect 

traffic data such as speed and occupancy for planning and operation purposes. The 
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increasing use of computers in the early 1970’s, although was limited in its capabilities, 

has provided traffic engineers with the tool they needed to utilize the abundance of data 

collected from traffic sensors for traffic management. Several AID computer algorithms 

have been designed to be used for automatic incident detection in locations where human 

monitoring could not be achieved. Some of the most used of these algorithms are the 

comparative algorithms (e.g. California family), time-series algorithms and the 

algorithms of the catastrophe theory (e.g. McMaster algorithm). Other algorithms are 

utilizing the pattern recognition ability of Artificial Neural Networks (ANN) and Fuzzy 

Logic. These algorithms operate on typical detector outputs of occupancy, volume, and 

average speed data. The structure of these algorithms varies in degree of sophistication, 

data need, and logic. Table 3.2 summarizes the major AID algorithms available today, 

their data needs, the common thresholds, and some performance characteristics when test. 

The following section provides more details about some of the most used AID 

algorithms.
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Traffic Time (sec) Number of Optimum Reference Test Results Commments
Variables Discretization Stations Threshold and Test Data DR    FAR   Mean

Vol. Occ. Spd. 1     5-15   30-60 Single  Adjacent Value  t (%) Min
California X                 X                 X   Ti=5.4,      0.325, ESSCOR     78      1.0 Developed 
 Algorithm   0.011, (Generally, Minn. (Stepha for medium

   Ti=8, 0.5, 0.15) nedes, 1992) 78      1.0        1.5 heavey traffic
X                 X                 X   Ti = 8.1      0.313 ESSCOR    59        0.13 30 - 50 % 

Algorithm # 7 16.6 (Payne & fewer false 
Comparative  Tignor,    89       1.0        0.3 alarms than 

1978), Minn. time-series
California X                X                X  Ti=10.2,    -0.443, ESSCOR    61       0.18

Algorithm # 8  0.312, 28.8, 30
   Bayesian X                X     X (Levin  and    Too long 

    Algorithm Krause, 1978)    mean time :
  > 4 min

  Standard  X       X                      X    X                X 
  Deviation Minn.    85         1.0        1.0 
   Double  X       X                      X    X                X   Too long 
  Exponential Minn.    60        1.0         2.2   mean time :

Time     4 min
Series   ARIMA                       X 

Minn.    85         1.0
  Minn.              X             6x30                       X  Yt=1/6 �Xt + k 30-70% less
  Proposed  Zt = 1/10 � Xt-j than

  10x30  �Xt+k/mt, {�Xt- Minn.    92         1.0       1.0 comparative
 k-�Xt-J}/mt

McMaster   X          X         X'                        X    X                X need calibration
HIOCC             X    X''    X No use
Time   TransGuide             X          X 20   X  V<45 mph or TransGuide Use simple
Series              1-10 min  Occ > 0.25 (SRI, 1992) time-series

 V < 30 mph or algorithm
 Occ > 0.35

Algorithms

  

Table 3.2 Summary of Automatic Incident Detection Algorithms (Adapted from Stephanedes et. Al, 1992)
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3.3.1.1 The California Algorithms Family 

The California family of algorithms has been originally developed by Payne and 

Tignor in 1978 and later by Levin and Krause in 1979. It is the most frequently used AID 

algorithms in TMCs across the nation. These algorithms utilize the concept that incidents 

cause a significant difference in occupancy between upstream and downstream the 

incident location. An incident is detected when the upstream occupancy is significantly 

higher than the downstream occupancy for a detector station, both in absolute and relative 

values, at the same time; the downstream occupancy has adequately decreased during the 

past 2 time periods. 

Throughout its refinements and different versions, the algorithm has remained 

essentially a decision tree, examining the same parameters. Figure 3.4 illustrates the early 

versions of the algorithms. The algorithm performs three tests on the traffic data. The first 

test is intended to distinguish between incidents and bottleneck congestion. The second is 

a compression wave test to isolate compression shockwaves. The algorithm also includes 

persistent tests to ensure that exceeding thresholds is not due to random fluctuation in the 

traffic data.  
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Figure 3.4 Decision Tree of California Algorithm (Payne and Tignor, 1978) 

The California # 8 represents the most complicated member in the California 

algorithms’ family. The theory of the California # 8 is based on the fact that an incident 

creates a significant change in occupancy values upstream and downstream of the 

incident location. The spatial occupancy difference (OCCDF) and the relative spatial 

occupancy difference (OCCRDF) variables were developed to capture these effects. The 

algorithm recognizes the possibility that recurring congestion can cause significant 

differences in occupancy between two detectors. This condition could cause the 

algorithm to trigger false alarms based on the OCCDF and OCCRDF variables. To 

reduce the number of false alarms, a third “feature” based on the relative temporal 

downstream occupancy difference (DOCCTD) has been proposed. Figure 3.5 illustrates 

the decision tree of the California # 8. The function of this algorithm was refined to deal 

with compression waves and accordingly five thresholds (T1, T2, T3, T4, and T5) were 
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assigned. Table 3.3 shows the different occupancy values used by the California # 8 

algorithm. 

 

Table 3.3 Traffic Measurements in the California # 8 

Algorithm
Measurement Description Definition

OCC(x,t) Occupancy at detector station x at time t
DOCC(x,t) Occupancy at downstream detector station at time t OCC(x+1,t)

OCCDF(x,t) Spatial occupancy difference at time t OCC(x,t)-DOCC(x,t)
OCCDF(x,t)

OCC(x,t)
DOCC(x,t-2)-DOCC(x,t)

DOCC(x,t-2)

Relative spatial occupancy difference at time tOCCRDF(x,t)

Relative temporal downstream occupancy differenceDOCCTD(x,t)
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Figure 3.5 Decision Tree of California # 8 Algorithm (Levin and Krause, 1979)  
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3.3.1.2 The McMaster Algorithm 

The McMaster is a simple algorithm that is based on a two-dimensional analysis 

of the traffic data (Persaud et al. 1990). The McMaster logic takes occupancy and volume 

measurements as inputs and determines whether or not they represent congested 

conditions. In addition, the McMaster attempts to determine whether this condition 

resulted from an incident. In particular, it proposes separating the flow-occupancy 

diagram into four areas corresponding to different states of traffic conditions, as depicted 

in Figure 3.6.  

 

Figure 3.6 Original McMaster Templates 

Incidents are detected using the McMaster algorithm when specific changes in the 

traffic state have been observed in a short time period. The algorithm requires calibration 

to determine the boundaries that separates different traffic conditions. The algorithm 

continuously checks the state of a detector station. If the traffic state is found to be in a 

“congested” regime (state 2 or 3) then the algorithm will check the downstream station. 

Table 3.4 summarizes the formal decision framework for the McMaster algorithm. 
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Table 3.4 Original McMaster Incident Detection Logic (Hall and Gall, 1989) 

2 3
1 Incident Incident
2 Incident Incident
3 Comprssion wave Comprssion wave
4 Recurrent Congestion Recurrent Congestion

Downstream 
Detector 

Upstream Detector State

 

 

3.3.1.3 The DELOS Algorithm 

The DELOS algorithm sometimes referred to as the “Minnesota” algorithm, takes 

advantage of the temporal and spatial variations of the traffic parameters (Stephanedes 

and Chassiakos 1993). In this algorithm, a statistical smoothing method for time-series is 

used to reduce the effect of short-term traffic fluctuations. The algorithm also adds a 

unique feature with regard to the smoothing window. The algorithm separates the 

window into two periods, applying possibly different time series techniques to each 

window. By doing so, the algorithm developers have attempted to better separate 

recurrent congestion from incident conditions. In this algorithm, three variables are 

generated. The first variable detects occurrences of upstream congestion combined with a 

downstream absence of congestion.  The second variable is intended to distinguish 

congestion from an incident by comparing the current periods to the past periods. A third 

variable is used to normalize the first two variables. Table 3.5 summarizes the description 

of the DELOS algorithm variables. 

Table 3.5 Traffic Measurements in DELOS algorithm 

 

Measurement Description
�OCCcurrent OCCupstream,current - OCCdownstream,current

�OCCpast OCCupstream,past - OCCdownstream,past

maxOCC max[(OCCupstream,past),(OCCdownstream,past)]
Congestion [�OCCcurrent/maxOCC] � T1
Incident [(�OCCcurrent - �OCCpast)/maxOCC] � T2  
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3.3.14 the Texas Algorithm 

It is a comparative algorithm that is less elaborate compared to other sophisticated 

algorithms. It is implemented in the major cities in Texas such as San Antonio and 

Austin. The Texas algorithm accepts traffic data from a single loop detector station in 

contrast to other algorithms which require data from two adjacent stations. The single 

threshold logic that is implemented in the Texas algorithm causes high numbers of false 

alarms to be generated. TxDOT engineers are aware of the low performance of Texas 

algorithm. A research study is currently underway to modify using a single speed 

threshold for a detector station. Suggestion has been made to adapt a more rigorous, 

multi-threshold, logic that could accommodate the special geometrical and traffic 

characteristics at each detector location. 

Up to the year 1999, the Texas algorithm used to examine lane occupancy using 

3-minute moving window that is updated every one minute (Peterman 1999). However, 

this logic has been changed in TransGuide. The designation of major and minor accidents 

is based on the logic implemented by both Police Patrols and the automated system. 

Traffic data are collected every 20 seconds using the ILD system. Data are saved in the 

LCUs and is then transferred to the TMC for processing. In San Antonio, Police Patrols 

assign “Minor” to incidents that last for less than 15 minutes before clearance, while 

incidents that last for more than 15 minutes before clearance are considered “Major” 

accidents. Similarly, when incidents are detected automatically using the Texas 

algorithm, a designation of “Major” accidents is given to incidents that cause speed to 

drop below 20 mph, while “Minor” are for incidents that cause speed to drop between 25 

– 20. 

3.4 Performance Indicators of Incident Detection Systems 

Most studies on freeway incident management use sensors’ incident detection rate 

(DR), time-to-detect incidents (TTD) and the false alarm rate (FAR) as the basic 
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quantifiable indicators of detection performance (Zhou 2000, Klein 2001, and Haas 

2001). The definition of these indicators as follows: 

3.4.1 THE DETECTION RATE (DR - %) 

The detection rate of a specific traffic sensing system is the ratio between the 

numbers of incidents that are detected by the system to the total number of incidents that 

has occurred on the network. The objective from each system is to be able to detect the 

maximum number of incidents as possible. 

3.4.2 THE FALSE ALARM RATE (FAR - %) 

The false alarm rate is percent of time a traffic sensing system declares an alarm 

when no incident has truly occurred on the network. Since large numbers of false alarms 

cause frustration to operators, the objective is to deploy a system that has the lowest false 

alarm level possible.  

3.4.3 THE TIME-TO-DETECT INCIDENTS (TTD – MINUTE) 

The time to detect incidents of any system is the average time the system takes 

before triggers an alarm when incident has occurred. The TTD is affected by several 

factors. Some of these factors are incidents’ severity, level of congestion, sensitivity of 

the detection system, and the location of the incident relative to the location of the sensor. 

The results of these three indicators are conflicting. Achieving high performance 

in one indicator mostly comes at the expense of other indicators. Figure 3.7 illustrate a 

typical trade-off between DR and the FAR for the Texas algorithm based on a data 

studied by Peterman (1999). When algorithms thresholds are tuned to detect the 

minimum perturbation in traffic, most of the incidents will be detected which leads to 

high values of DR, however, large number of false alarms could be generated 
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accordingly. On the contrary, tuning algorithms thresholds to detect only sever traffic 

perturbation could cause few false alarms; however, many incidents might go undetected. 

To able to detect most incidents while maintaining low level of false alarms, researchers 

are exploring the use of sensors fusion. The next sections provide more discussion about 

sensors fusion and theories.  

 

Figure 3.7 Calibration Performance of the Texas Algorithm (Peterman 1999) 

3.5 Data and Algorithm Fusion 

Recently, the field of sensor fusion has gained a considerable attention from 

researchers. The large number of sensor suites that are being incorporated into many 

advanced detection and monitoring systems in different engineering fields was the major 

driver for this revolution. Sensor fusion has been used successfully in many military 

applications for target identification, classification, and tracking. 

Generally, sensors react differently to the same stimuli resulting in varied levels 

of performance. The data that sensors provide is often discontinuous, incomplete, with 

low reliability and resolution, and does not capture all the different facets of the 
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phenomena under study. Additionally, sensors sometimes provide data or decisions that 

are contradicting or inconsistent with other sensors’ output for the same system. 

Data fusion algorithms can potentially lead to the development of new incident 

detection techniques and assist in identifying other events of concern to traffic managers. 

Traffic management applications of pattern recognition, artificial neural networks, fuzzy 

logic, and figures of merits, expert systems, and Kalman filtering are already becoming 

common place (Klein 2001). Other algorithms such as Bayesian Inference, Dempster-

Shafer Inference, and voting logic have the capability to support incident detection by 

virtue of their ability to combine information from multiple sources and thereby, assist in 

confirming incidents and other events. 

3.5.1 THE CONCEPT OF DATA FUSION 

Multisensor fusion is the process by which information from multiple sensors is 

combined to yield an improved description of the observed system. Sensor and data 

fusion architecture and algorithms that detect, classify, identify, and track objects were 

originally developed for defense applications (Klein 2001). In traffic incident 

management, sensor fusion employs available incident information from different sources 

to obtain a quick and reliable incident detection and confirmation. The use of sensor 

fusion in traffic incident management is expected to provide a complete, more accurate 

and efficient incident detection performance by integrating the data or information from 

all available detection systems. Generally, fusion methods can either be quantitative, 

qualitative, or a hybrid of both. Quantitative methods are based on numeric techniques 

while qualitative ones are based on symbolic representation of information. Example of 

quantitative methods includes statistical decision and structural modeling.  
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3.5.2 DATA FUSION THEORIES 

Several fusion methods have been developed and its application has affected 

many areas such as computer vision, robotics, diffused systems and process control. Most 

of these techniques were ad-hoc and did not take the uncertainty in the system into 

consideration. The first work on incorporating uncertainty in an explicit manner in sensor 

fusion was performed by Smith and Cheeseman (1987). They proposed the use of 

Bayesian estimation theory and derived a combination function that was an equivalent 

form of Kalman filter. This has caused a rapid shift towards probabilistic estimation 

function that was an equivalent to Bayesian estimation, maximum likelihood estimation 

and least square methods (Crowley 1995).the next sections provide more details about 

examples of sensor fusion theories.   

3.5.2.1 Bayesian Inference Theory 

The Bayesian Inference theory is the classic axiomatic definition of evidence 

through independent experiment. Boiled down to the essence, Bayesian inference means 

starting with a global probability distribution for all relevant variables,  observing the 

values of some of the variables, and quoting the conditional distribution of the remaining 

variables given the observations (Dempster 1968). In other words, the term Bayesian 

commonly implies a global probability law given two parts. First the marginal 

distribution of a set of observable variables gives potential sets of parameter values. The 

first part, or prior distribution, summarizes a set of beliefs or state of knowledge in hand 

before any observations are taken. The second part, a likelihood function, characterizes 

the information carried by the observations (Zhou 2000). Figure 3.8 illustrates the data 

fusion process using Bayesian inference. Bayes rule is derived by evaluating the 

probability of occurrence of arbitrary observation, O, assuming that a declaration, D, is 
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received confirming the occurrence of observation O (Feller 1962). The probability is 

given by: 

P (O | D) = P (O � D) / P (D)     Eq 3.1 

Where 

D = event with positive probability. 

P (O | D) = probability of occurrence O conditioned on the occurrence of D. 

Figure (6) illustrates the Bayesian fusion process.  

 

Figure 3.8 Bayesian fusion process (Waltz and Llinas 1990) 

Consider a binary hypothesis testing problem with H0 designating an incident is 

absent while H1 represent incident occurrence. A group of sensors N independently sends 

signals Nuuu ,, 21 �  to the fusion center supporting one of the hypotheses. 
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Let jPF and jPD designate the pair of probability of false alarm rate and the 

probability of detection at which sensor j operates. The fusion center utilizes Neyman-

Pearson test to formulate the Likelihood Ratio Test (LRT) illustrated by Equation 3.3: 
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Where t is the threshold to be determined by the desirable probability of false 

alarms at the fusion center f
FP  so that F

f
F PP ≤  and }{ Di

f
D PP max> . This means that the 

false alarms of the fusion center should be fewer than false alarms from any individual 

sensor, while the detection rate of the fusion center exceeds the maximum detection rate 

for any individual sensor. When considering independent decision-making by sensors, the 

LRT gives 
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   Eq 3.4 

An important feature of Bayesian Inference is that it permits the use of subjective 

probability for a priori probabilities when empirical data are not available. This attribute 

permits a Bayesian inference process to be applied to multi-sensor fusion, since 

probability density functions are not required. However, the output of such a process is 

only as good as the input of a priori probability data. The experience acquired by traffic 

engineers could be used as a source for sensors’ priori probabilities. In worst cases, if it is 

impossible to estimate them, equal values of sensors’ priori probabilities could be 

assumed. However, using equal priori values will result in low level of confidence in the 

results. 

 

 



 74   

3.5.2.2 Dempster-Shafer Theory of Evidence 

 The D-S is a statistical-based data fusion classification algorithm that could be 

utilized when the contributing sensors cannot associate a 100 percent probability of 

certainty to their outputs or decisions. The fused decision in this algorithm is derived by 

applying the D-S rule which finds the conjunction of proposed events and their associated 

probabilities. Figure x illustrates the D-S data fusion process. The knowledge gathered by 

each senor, k, where k = 1… N connects a declaration of object type with a probability 

mass )( ik om  between 0 and 1. The probability mass )( ik om  expresses the certainty of 

the decision. Probability masses closer to unity characterize decisions with high 

confidence about the identity of the event. These probability masses are then combined 

using the D-S combining rule. The hypothesis favored by the largest accumulation of 

evidence from all contributing sensors is selected as the most probable outcome of the 

fusion process.  

3.5.2.2.1 Implementation of the D-S Inference 

 Consider the set of the mutually exclusive and collectively exhaustive 

propositions naaa ,,, 21 � . This is the set of propositions making up the hypothesis space, 

called the frame of discernment Θ . A probability mass )( iam is assigned to any of the 

original propositions or the union of these propositions based on information directly 

available from the sensors or another information sources. For example, the union of 

events type 1a  or 2, a  (denoted )21 aa ∪ is assigned probability mass )( 21 aams ∪  as 

derived from information source s. the number of all propositions (including all possible 

unions, but excluding the null set ) that exist is called the power set and is equal to 
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12 −n . Thus, if n equal 3, then there are seven propositions ( 7123 =− ) given 

by 1a , 2a , 3a , 21 aa ∪ , 31 aa ∪ , 32 aa ∪ , and 321 aaa ∪∪ . In the event that all the 

probability mass cannot be directly assigned by the sensor to any of the propositions or 

their unions, the remaining mass is assigned to the frame of discernment Θ  (representing 

uncertainty as to further definitive assignment) as )()( 21 nss aaamm ∪∪=Θ � , or the 

negation of a proposition such as )()( 32 nsis aaamam ∪∪= � . The mass assigned to Θ  

represents the uncertainty that remains concerning sensor’s accuracy and interpretation of 

evidence (Dillard 1983).  

3.5.2.2.2 Support, Plausibility, and Uncertainty Intervals in D-S 
theory 

 According to Shafer (1976), “An adequate summary of the impact of the evidence 

on a particular proposition, ia , must include at least two items of information: a report of 

how well ia  is supported and a report on how well its negation ia  is supported”. These 

two items of information are conveyed by the proposition’s degree of support and degree 

of plausibility. The degree of support of a given proposition is sum of masses that 

assigned directly by the sensor for that proposition. Thus, the support for object or event 

type 1a  , denoted )( 1aS , contributed by sensor s or other data source is equal to  

)()( 11 amaS s=  

 Support for the proposition that the object or event is either type 1a , 2a  or 3a  is  

)()()()()( 21321321 aamamamamaaaS ssss ∪+++=∪∪  

   )()()( 33223231 aaamaamaam sss ∪∪+∪+∪+  
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 Plausibility of a given proposition is defined as the sum of all the masses not 

assigned to its negation. The plausibility of ia , denoted )( iapl , is written as 

)(1)( ii aSaPl −=  

Where 

 )( iaS is called the dubiety and represents the degree to which the evidence 

supports the negation of the proposition. Plausibility can also be computed by summing 

all masses associated with ia and all unions, including Θ , which contains as ia  

)()()()( 2 Θ++∪+= sisisi maamamaPl �  An uncertainty interval is defined 

by [ ])(),( ii aPlaS , where )()( ii aPlaS ≤ . Figure 3.9 illustrates the Dempster-Shafer 

uncertainty intervals and Table 3.6 provides further interpretations of uncertainty 

intervals.  

 

Figure 3.9 Dempster-Shafer uncertainty intervals for a proposition 
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supporting 
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Table 3.6 Interpretation of Uncertainty Intervals for Proposition ai 

Uncertainty Interval
[S(ai), Pl(ai)] Interpretation
[0,1] Total ingnorance about proposition ai
[0.6,0.6] A definite probability of 0.6 for proposition ai
[0,0] Proposition ai is false
[1,1] Proposition ai is true
[0.25,1] Evidence provides partial support for proposition ai
[0,0.85] Evidence provides partial support for ai (negation)
[0.25,0.85] Probability of ai is between 0.25 and 0.85 (i.e. the evidence 

simultaneously provides support for both ai and ai (negation)  

ARTIFICIAL NEURAL NETWORKS (ANN) 

 
 The Artificial Neural Networks are large numbers of densely interconnected 

simple devices (cells) called neurons. It attempts to mimic the cognitive power of humans 

using a parallel processing paradigm. The large numbers of parallel neural connections 

makes human information processing system adaptable, context-sensitive, error-tolerant, 

and large in memory capacity and real time responsive. In recent years, the ANN has 

been used extensively in many civil engineering applications (Adeli 2001). In 

transportation engineering, they have been used for road safety (Sayed and Abdelwahab 

1998) and traffic engineering (Pant and Balakrishnan 1994). The application of ANN also 

includes recognition of visual images shapes, and orientation under varied conditions. 

These applications typically involve character recognition, image processing, and direct 

and parallel implementations of matching and search algorithms (Widrow 1990, 

Schalkoff 1992). During the training process of Artificial Neural Networks algorithms, a 

number of input patterns and corresponding desired responses are presented to the 

network. An adaptation algorithm is utilized to automatically adjust the weights so that 

the output responses to the input pattern are as close as possible to their respective 
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desired responses. In most of these applications, feed-forward networks that are trained 

with back-propagation have been used. The main advantages of using ANN are their 

flexibility and their ability to model nonlinear relationships. However, the knowledge 

contained in an ANN model is kept in a form of a weight matrix that is hard to interpret 

and can be misleading at sometimes. 

 Both linear and nonlinear artificial neural networks have been developed. Not like 

the linear classifier, the nonlinear artificial network classifier has an increased capacity 

and is able to separate patterns with nonlinear boundaries. In particular, the human-like 

performance of ANN has been sought in detecting unusual events in the traffic stream 

and in reducing false alarms by differentiating incidents from other events such as 

compression waves, traffic pulses, and equipment malfunction. Input to these procedures 

or the signals are propagated to the output (normal or accident condition) through the 

weights of the links connecting the neurons of the different layers. Several studies have 

utilized the cognitive power of ANN along with fuzzy logic to reliably detect traffic 

incidents. These include the implementation of artificial neural network (ANN) models 

(Cheu, 1994; Cheu and Ritchie, 1995; Dia and Rose, 1998; Abdulhai, 1996; Khan and 

Ritchie, 1998) and fuzzy logic neural network models (Hsiao et al., 1994; Ishak and AI-

Deek, 1998). In 2001, Samant and Adeli have combined the adaptive learning capability 

of neural networks with imprecision modeling capability of fuzzy logic to automatically 

detect traffic incidents. An improved performance of fuzzy Neural Networks has been 

achieved by preprocessing the data using a wavelet-based feature-extraction model. 

 In an article by Ritchie and Cheu (1993), a multilayer feedforward network is 

used to process 30-second averages of simulated upstream and downstream occupancies 

and volumes as might be obtained from inductive loop distributed every on mile on a 
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freeway. More recently, Stephanedes and Liu (1995) developed an ANN models that was 

based on real world incident data collected from freeways in the twin cities metropolitan 

area. The network that had 41 elements in the input layer and one in the output layer and 

30 nodes in the hidden layer was used. The number of training iterations was set at two 

levels; the first level, which error was adequately reduced, was 1500, and the second, at 

which the effects of over-learning are clear, were 4,000. The results of testing the ANN 

model using DELOS, California and Algorithm 7 were promising (Zhou 2000). 

Generally, the performance of ANN utilized for automatic incident detection depends on 

the following (Klein 2001): 

1. density and spacing of detector stations that provide the data 

2. types of data inputs to the network 

3. size and similarity of the training data set to the test data set 

4. Number of hidden layers 

5. Numbers of processing elements in the hidden layers. 

 The concept of neuro-fuzzy models has emerged in recent years as researchers 

have tried to combine the transparent, linguistic representation of a fuzzy system with the 

learning ability of artificial neural networks. Neuro-fuzzy models have a better 

performance since they can be trained to perform an input/output mapping (. Currently, 

two of the widely used neuro-fuzzy models are adaptive network based fuzzy inference 

systems (ANFIS), and B-spline associative memory network 

3.5.2.3 Voting Fusion 

Voting fusion is feature-based, information theoretical algorithm. It is capable of 

calculating the detection probability of an event or an object using multiple sensor or 
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information source data to minimize the probability of reporting false alarms. The results 

or decisions coming from multiple sources could be treated in series, parallel, or in 

combination (series and parallel jointly). Each of these set-ups has advantages and 

disadvantages as table 3.7. 

Table 3.7 Advantages and Disadvantages of Different Voting Set-Up 

Set up Advantages Disadvantages 

Parallel 
- Detect events with weak 
signature. 

-Low probability of 
rejecting false alarms. 
- require use of 
sophisticated sensors. 

Series - High probability of 
rejecting false alarms. 
- Capable of eliminating 
irrelevant data. 

- Poor detection or 
identification of 
events with weak 
signature. 

Combination 
(Parallel and 
series jointly) 

- Detect events with weak 
signature  
- High probability of 
rejecting false alarms. 
- Capable of eliminating 
irrelevant data. 

- Computationally 
exhaustive. 

To implement the voting fusion algorithm, the certainty with which sensors detect 

and classify objects, referred to as confidence levels, is correlated with detection or false 

alarm. 

3.6 Performance of Incident Detection Sensors 

In a summary to this chapter, the performance of the different systems employed 

to detect traffic incidents has been aggregated in Table 3.8. The level of distribution of 

these systems in the 78 major metropolitan areas in the US has been also included. Each 

detection system has advantages that would encourage the traffic management centers to 

deploy it. However, the disadvantages of the system could sometimes be so influential 

leading to low levels of adaptation by TMCs.  

Generally, Police Patrols are reliable mature sources of traffic incident detection 

and are able to take reasonable immediate action such as dispatching fire fighters, EMS 
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units, and towing companies. They are also able to detect abnormal traffic incidents such 

as debris, wondering animals, and floods. The two disadvantages of Police Patrol are the 

high costs of deploying large number of Police Patrol on freeways and the low 

probability of detection at typical staffing levels. Reports received from drivers with 

cellular phone provide a low cost alternative for incidents detection; however, they are 

not reliable. Similar to Police Patrol, these reports can detect abnormal incidents 

occurring on freeways. The real time images that are transmitted to the TMC by the 

CCTV cameras provide a valuable source to detect traffic incidents and they best utilized 

when sever whether conditions, however, just as Police Patrol, they require large number 

of operators to reliably detect incidents. A large number of miles have been monitored 

with the CCTV system. 
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Table 3.8, Summary of Existing Incident Detection Systems and Deployment Levels in 78 Major US Metropolitan Areas 

Method Advantages Disadvantages Deployment (Miles)
Police Patrol * Reliable (low False Alarms), * high staffing cost

* Mature (long experience), * Low detection rate
* Police Patrol can take immediate action, 6,221
* Immediate dispatch of emergency,
* Detect un-typical incidents (i.e floods, depris)

Cell Phone to 911 * high probability of detection, * Some drivers are not willing to report,
* No costs involved, * Incomplete information,
* Detect un-typical incidents (i.e floods, depris) * Incorrect alarm or location, 35,625

* Incorrect incident scale designation
* Require verification

CCTV * Reliable (low False Alarms), * high staffing cost
* Easy to use, * Operators exhustion
* Management during adverse weather, 3,809
* Detect non-typical incidents (i.e floods, depris)
* Traffic images can be veiw by public on TV

Automated Systems * Low staffing levels needed * High false alarm levels
(i.e. ILD, AVI) * Function where no CCTV system installed * Extended time to detect

* Low cost of the computer algorithms deployed * low detection rate at typical deployment 1,389
* Performance could be improve using fusion

Highway Service Patrol * Reliable (low False Alarms), * High staffing costs
* Provide immediate aid (i.e. Gas, a flat tire) 6,917
* Immediate dispatch of emergency,
* Detect non-typical incidents (i.e floods, depris)

Cell Phone to other * High probability of detection, * Errorenous false alarms,
dedicated number (i.e. 511) * Detect un-typical incidents (i.e floods, depris) * Incomplete information,

* Incorrect location, 40,839
* Incorrect incident scale designation
* Require verification
* costs for the dispatched center

Geo-location of Cell Phone * high probability of detection, * Some drivers are not willing to report,
(Under development) * No costs involved, * Incorrect incident scale designation

* Detect un-typical incidents (i.e floods, depris), * Require verification, 172
Call Boxes * Mostly report disabled vehicles * Some drivers are not willing to report

* Accessable to motorists * Incomplete information 955
* Require verification
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 3.6.1 FACTORS AFFECTING THE SENSORS’ PERFORMANCE FOR 
INCIDENT DETECTION 

The performance of any traffic sensing system is dependant on the prevailing 

traffic and highway conditions. For example, visual automated sensing systems, such as 

Video Image Processing (VIP) systems, perform poorly under sever weather conditions 

of snow and rain.  

The ITS decision report developed by University of California - Berkeley has 

identified a set of factors that affect the performance of incident detection algorithms 

(ITS Decision 2000). The following are some of these factors, which are also illustrated 

in figure 3.8: 

1. Operating conditions of freeway: 

a. At capacity 

b. Well below capacity, and 

c. Heavy, medium or light traffic, 

2. Highway geometric factors: 

a. Grade level 

b. Lane reduction, and  

c. Ramp presence, 

3. Environmental factors: 

a. Snow 

b. Fog, and 

c. Dry or wet surface, 

4. Sensor penetration: 

a. Penetration of tagged vehicles 

b. Sensor intervals, and 

c. PP staffing level 
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5. Location of the incident relative to the sensor station, 

a. Downstream of sensor station 

b. Upstream of sensor station 

c. Distance away from sensor station 

6. Heterogeneity of the vehicle fleet: 

a. Ration of passenger cars to trucks 

7. Sensor inherent performance. 

a. Random error 

b. Systematic error 

c. Repeatability 

d. Reliability 

While some of these factors are controllable such as detector intervals; many 

other could not be controlled, such as weather conditions and some factors could be 

controlled but with high costs, such as highway geometry. Developing a mechanism that 

could predict the performance of sensor configurations under varied conditions of traffic 

and freeway conditions will be useful metropolitan planners to support sensing 

investment decisions. Conducting such an exercise large resources that are not part of the 

scope of this research, however, this could be the direction in the future. 
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CHAPTER FOUR – TRANSPORTATION INFRASTRUCTURES 
AND ITS SENSING INVESTMENTS 

The implications of major investments in transportation infrastructure and 

services require careful evaluation in order to assess the true benefits and costs of 

initiating specific regional development policies (CTA 2003). Decisions about new 

installations or expansion of existing traffic sensing systems are highly influences by 

federal and state infrastructure budgets. Metropolitan planners, senior transportation 

executives and decisions makers are aware of the risks they face in investing in major 

transportation projects as indicated by the survey that was conducted by Mehndiratta 

(2000).  This risk is caused by the high costs of transportation infrastructure and the fact 

that these costs are not easily reversible. 

Many public agencies weight investment alternatives based on subjective 

engineering judgment of experts. The risks of investing in transportation infrastructure 

could, however, be reduced significantly by studying different investment options and 

configurations using modeling and simulation techniques. Different from full-scale 

testing, a small-scale model testing could be utilized as adequate fast and less costly 

alternative.  

This chapter investigates the current practices of allocating resources for 

transportation infrastructure. The competition between traditional investments of steel 

and concrete and the latest ITS development on the limited transportation resources has 

been studied. The chapter also discusses the rationale for considering a specific ITS 

application for deployment. Several studies have investigated the allocation of 

transportation investments. The endeavor of the Oak Ridge National Laboratory to 

develop a system that would aid Metropolitan Planning Organizations to asses the 

relative benefits and costs of the ITS deployment has been presented. Several planning 

tools has emerged to support the decision making process for selecting a specific type of 
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ITS investment for deployment. The chapter covers the leading tools that are developed 

and discuss their advantages, disadvantages and limitations. Software packages, such as 

the ITS Deployment Analysis (IDAS) and TransDec have been studied. 

The chapter also investigates the deployment levels of the different traffic sensing 

systems for incident detection and for traffic estimation within the major 78 metropolitan 

areas in the U.S. The advantages, disadvantages and the cost of full scale vs. model scale 

testing have been discussed. The role of computer simulation to support investment 

decisions is discussed. Due to the large number of available incident detection methods 

and technologies employed by metropolitan areas nationwide; and due to the difficulty of 

deciding which system to invest in, this chapter presents a hypothesis that suggests the 

capability of computer simulation to model the combined performance of these incident 

detection methods. The reminder of this dissertation will try to investigate the soundness 

of this hypothesis. The chapter concludes by summarizing the major findings of the 

chapter. 

4.1 Introduction 

The Intelligent Transportation Systems are typically competing with construction 

materials and maintenance for scarce transportation infrastructure funding. The recent 

passage of the TEA-21 legislation has considered the ITS investments in mainstream 

transportation funding. However, this passage has also limited the budget that is 

specifically and solely targeted for ITS improvements. 

Clearly, new tools are needed to help transportation planners analyze the relative 

benefits of ITS deployments versus more traditional (concrete/steel) infrastructure 

investments. Generally, traffic models could aid engineers and managers to evaluate the 

various ITS strategies and courses of action. It will also aid them to evaluate available 

alternatives and support their decisions about any design or operational improvements. 

The models could also help them to reduce cost and time resulting from field test and also 
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less disruption to traffic (USDOT 2003). Using these models the analysis of simple or 

complex problems can be managed. New and innovative transportation management 

concepts could be tested without the inconvenience of full scale testing.  

4.2 Marketing ITS Infrastructure in the Public Interest 

In 1998, the U.S. DOT Intelligence Transportation Systems Join Program Office 

has sponsored a study that was carried out by John A. Volpe National Transportation 

Systems Center to explore the ITS deployment opportunities and obstacles that face local 

and state transportation managers. The goal of this study was to identify education, 

information and outreach strategies that the DOT can use to accelerate ITS deployment 

among 75 metropolitan areas nationwide. This study has been based on results drawn 

from previous but similar study that was conducted by the same center. In the earlier 

study, the issues that affects the ITS purchase and deployment decision among the actual 

consumers and end-users have been explored (Lappin 1998). The findings from the latest 

study has stressed the fact that state DOTs need sufficient cost-effectiveness and 

benefits/cost information in order to consider any ITS investment. In addition, 

Metropolitan Planning Organizations (MPOs) need evaluation tools for comparison 

purposes. In a lower level, city and county engineers were most interested in decision-

support information on other cities’ and counties’ experience regarding ITS deployed 

technologies. 

Certain issues have consistently emerged as regional factors that influence the 

speed of considering ITS investment. This included issues such as repair and 

replacement, and traffic congestion management. Metropolitan areas with high ITS 

deployment levels justified their large ITS investment by “the need to mitigate traffic 

congestion” which is driven by the physical and legal obstacles of expanding their 

freeway network. In several cities, very high traffic accidents profiles were the catalysts 
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for ITS deployment. Table 4.1 provides the rationale for consideration or deployment of 

ITS applications based on transportation needs in different metropolitan areas. 

Table4.1 Rationale for Consideration or Deployment of ITS Applications 

Transportation Needs 

Manage response to Infrastructure repair 
 weather conditions and replacement

Dallas, TX
Portland, OR
San Diego, CA
Salt Lake City, UT X
Kanas City, KS X
Columbus, OH
Rochester, NY X
Buffalo, NY X
Indianpolis, IN
Philadelphia, PA X
Charleston, SC X X
Memphis, TN X
Ranking by Market Market Lead Late Uncommitted
Segments: Leaders Adaptors Adaptors (no shading)

Metropolitan Area
Manage traffic 

congestion
X
X
X
X

X

X
X
X

 

Considerations of budget and procurement factors highly influence ITS 

deployment. Regions with sufficient financial resources generally are better positioned to 

implement ITS systems than regions with limited resources. Construction of major 

transportation projects is a good opportunity to include ITS technologies which would 

seem so expensive if introduced separately. 

Surveys with some local traffic engineers expressed their concern about the 

insufficiency of benefit-cost and other performance data available to support a certain 

investment decision. The high irreversible cost of transportation infrastructure 

investments cause managers to prefer solutions that they have been successfully using in 

the past due to the lack of tools that support performance/cost based comparison.  

Since the enactment of the Intermodal Surface Transportation Efficiency Act in 

1991, there has been wide spread interest in developing tools that are capable of 

conducting cost-benefit and economic assessments of alternative transportation 

improvements (Roop and Mathur 2001). Most studies conducted to model the decision-
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making process for transportation infrastructure are directed towards high level planning 

purposes.  To fulfill this demand, several endeavors have emerged and studies are 

conducted by different agencies supported by the USDOT. The following few sections 

present some of these endeavors. 

4.2.3 OAK RIDGE NATIONAL LAB ENDEAVOR 

The Oak Ridge National Laboratory has developed an extensive expertise in 

developing and applying spatial decision-support systems for different purposes such as 

traffic forecasting, and other associated infrastructure investments. This expertise has 

been utilized to integrate the benefits of several engineering and statistical sciences. 

Statistical analysis and economic modeling with micro-simulation and optimization 

methods has been extensively used for planning different transportation modes (highway, 

rail, water, air, pipeline, Intermodal) and at different levels: local, regional and nationally. 

This includes traditional transportation planning as well as a more specialized uses to 

mitigate threats and support homeland security.  

Recently, ORNL had a lab-wide ITS program, which cuts across a lot of different 

divisions. The research in this lab ranges from ITS human factors to instrumentation and 

control, to modeling and simulation. Part of this efforts is an endeavors to support a more 

accurate and comprehensive benefit-cost analysis of ITS investments. Most projects are 

intended to study traffic congestion and freight movement. 

The ITS Deployment Analysis System, or "IDAS" for short, is currently under 

development at the Oak Ridge National Laboratory and funded by the Federal Highway 

Administration (FHWA). This system is intended to help Metropolitan Planning 

Organizations (MPOs) assess the relative benefits and costs of ITS deployment (NAWG 

2003). The following are more details about this system: 
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4.2.4 ITS DEPLOYMENT ANALYSIS SYSTEM (IDAS) 

The ITS Deployment Analysis System (IDAS) is a software that has been 

developed in Oak Ridge National Laboratory by Cambridge Systematics Inc. based on a 

grant from the Federal Highway Administration . It is well known that ITS must compete 

with other traditional infrastructure investments such as steel and concrete. That is, it is 

often a matter of building more capacity versus managing existing network more 

effectively. Transportation planners and operation managers often complain that much of 

the information about ITS benefits to a great extends is anecdotal. However, a number of 

ongoing efforts are trying to address this shortcoming, including the Metropolitan Model 

Deployment Initiative (MMDI) evaluation, where studies are trying to get a more 

quantitative basis for the benefits estimates. State, regional, and local transportation 

planners can use IDAS to estimate the benefits and costs of ITS investments – which are 

either alternatives to or enhancements of traditional highway and transit infrastructure 

(FHWA 2000). 

IDAS system is not intended to stand alone but rather to integrate with existing 

planning tools such as TRANPLAN, EMME2, TRANSCAD, and MINUTP. These 

commercial transportation planning packages are referred to by the “4-step planning 

model” or “travel demand models” that are used analysis of trip generation, distribution, 

model choice, and trip assignment. The idea is to use some of the outputs generated by 

any one the other models, and let IDAS go into a more detailed analysis of ITS-related 

effects. The first phase of the IDAS system took place in 1996 and early 1997. The actual 

development has started in 1997 by developing “Build 1”, the first prototype of IDAS. 

This prototype has been tested and evaluated by Pima Association of Governments 

(PAG) in the Tucson area. Some interesting results are found and more issues are 

identified that need to be addressed in “Build 2”. The results of using the IDAS Build 1 to 
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analyzing the possible impacts of adding ramp metering and automated vehicle location 

has been presented in the Transportation Research Board (TRB) meeting. 

The long execution “run” time seems to be a common problem in most modeling 

packages. For instance, in the TRB meeting, a presentation has been made by Cambridge 

Systematics about the IDAS system. In this meeting it was found IDAS took few minutes 

to run simple modules on Pentium II/450 computer, while other complex “travels time 

and throughput modules took over 5 hours to run in one case. This is due the 

prohibitively long run time of most planning applications. A considerable effort has been 

expended to improve the run speed for the next versions of IDAS (NAWG 2003). The 

intent was not to make the IDAS to become an overly complicated piece of software that 

is difficult to use, understand, or run. One of the challenges in Build 2 is to significantly 

decrease the run times. The results of the presentation have shown a 10:1 benefit/cost 

ratio annually for adding a ramp meter. However, researchers acknowledge that there will 

be situations in which the benefits will not justify the deployment.  

IDAS can currently predict relative costs and benefits for more than 60 types of 

ITS investments. Because IDAS is a crude planning analysis system, it is intended for use 

as an alternatives analysis tool and not for ITS operations optimization. Some of the 

impacts evaluated by IDAS include Travel time/Speed, travel time reliability, accident 

costs, and emissions. Part of IDAS is an Equipment Database that provides a 

comprehensive inventory of ITS equipment and costs associated with various ITS 

improvements (USDOT 2000). The capabilities of IDAS could be summarized in the 

following: 

 
• Comparison and screening of ITS alternatives 

• Estimation of impacts and traveler responses to ITS 

• Estimation of life-cycle costs 

• Inventory of ITS equipment, and identification of cost-sharing opportunities 
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• Sensitivity and risk analysis 

• ITS improvement scheduling 

• Documentation for transition into design Coma 

Figure 4.1 illustrate the IDAS Model structure: 

 

 

Figure 4.1 the IDAS Model Structure 

The documentation of the IDAS has been made explicit regarding assumptions 

made and calculations. This transparency allows the user to change virtually any of the 

inputs. The user can go into the library of the systems, identify the basis of IDAS’s 
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assumption, look at some other studies that have come up with other estimates, and then 

go to the sources that are cited in the library to more closely investigate what underlies 

those results. The system has a large database that reflects the various information and 

assumptions made on the benefits side. ORNL has targeted the end users by developing 

the IDAS system. Certainly MPOs are among the primary end-users. Tools similar to the 

IDAS are needed just to provide crude estimates because they rely on a lot of 

assumptions that are reflected in the data inputs. Uncertainty can obviously lead to 

imprecision in the results. Notwithstanding their imprecision, crude numbers can sill 

provide a useful basis for comparison and planning (NAWG 2003). 

4.2.3 TRANSDEC SOFTWARE 

In 2001, Roof and Mathur have developed a generic software package to facilitate 

multimodal, multi-criteria transportation analysis for both freight and passenger 

transportation. This software, The Transportation Decision Analysis Software, or 

TransDec in short, have systemized the way multimodal, multi-criteria investment 

analysis is performed by transportation practitioners (Roof and Mathur 2001). 

The multimodal, multi-criteria analytical framework along with the TransDec 

software system, are considered an improvement in the tools available to practitioners 

responsible for allocating local and regional transportation investments. 

4.3 ITS Deployment Tracking 

In January1996, the Secretary of Transportation set a goal of deploying integrated 

metropolitan Intelligent Transportation Systems (ITS) infrastructure in 75 of the nation 

largest metropolitan areas. This number has been increased to 78 by adding three more 

metropolitan areas. To fulfill this goal, the US Department of Transportation ITS Joint 

Program Office developed the metropolitan ITS deployment tracking methodology. A 

series of nationwide surveys have been conducted to collect information about the 
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deployment levels of ITS infrastructure during the last six years. Traditionally, the 

product of transportation infrastructure consists of fixed assets such as bridges, freeways 

and public transportation vehicles deployed by a specific agency. Tracking of these assets 

could be simply accomplished by counting the number of units deployed. Measuring the 

deployment of the ITS infrastructure is more complex because it consists of systems that 

are mostly deployed by multiple agencies and integrated through a combinations of 

complex institutional and technical arrangements. To track ITS infrastructure 

deployment, a set of deployment thresholds has been identified and applied to all 

metropolitan areas to categorize any metropolitan area into one of three levels high, 

medium, or low. Figure 4.3 illustrates annual results starting from 1997 to 2002.  
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Figure 4.2 level of deployment and integration of key infrastructure components into 

78 major metropolitan areas 

The results from the survey has indicated that, while some progress has been 

made, even among the leading metropolitan there is tremendous efforts are needed to 
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reach the goal set by the Secretary of Transportation. Concerning the overall goal for 

integrated deployment, the 2002 results indicate that the yearly goal for having 

metropolitan areas in “medium” or “high” rating has not been successfully achieved.  

An original part of the ITS infrastructure are systems that are deployed by 

metropolitan areas to monitor traffic on freeways. A large number of systems and 

technologies have been deployed accordingly. Table 4.2 summarizes the level of 

deployment of incident detection systems and technologies in the major 78 metropolitan 

areas.  

4.2 Deployed Technologies for Incident Detection in 78 major U.S. Metropolitans 

based on data collected in the year 2000 

Technology Coverage (mile) 

Free wireless phone call to dedicated phone # other than 911 40,839 

Wireless calls to 911 35,625 

Free wireless phone call to an area radio station 21,014 

Service patrol and/or maintenance vehicles 6,917 

Police patrol 6,221 

CCTV 3,809 

Computer algorithm 1,389 

Call boxes 955 

wireless E-911 (Locating cell caller) 172 

  

The level of deployment of the different sensing systems of traffic parameters are 

summarized in Table 4.3 
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4.3 Deployed Technologies for Traffic Estimation in 78 major U.S. Metropolitans 

based on data collected in the year 2000 

Technology Coverage (mile) 

Inductive Loop Detectors 4,578 

Microwave Radar 1,047 

Automated Vehicle Identification 363 

Video Image Detectors 298 

Acoustic Detectors 212 

Probe Vehicle using Other Technology 30 

Probe Readers for Transit Vehicles 10 

  

The traffic sensing systems and technologies are deployed in the 78 major 

metropolitan areas in varied levels as Table 4.2 and 4.3 imply. These systems are mostly 

deployed in combinations with two or more systems work simultaneously to detect traffic 

incidents. Relaying on engineering judgment of experts to deploy a specific incidents 

detection system could results in missing opportunities. This is true since no two 

metropolitan areas have the same exact characteristics. Utilizing this type of scenario 

could cause many opportunities of improvement to be missed since there are no two 

metropolitan areas that are completely identical in terms of size of network, and freeway 

and traffic conditions. 

4.3.1 FULL-SCALE TESTING 

Before the invention of computers and computer simulation, early studies about 

large structures required full-scale or prototype-size experiments to understand the 

performance of these structures under certain conditions. The need for full scale testing is 

consistently reducing due to the reliable results that can be extracted from computer 
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models. Nevertheless, full scale testing is still required to validate the results provided by 

computer models. 

Full scale testing is most expensive when it is destructive, meaning that a whole 

new system needs to be built to measure its performance and then completely dismantled 

or destroyed when data are extracted and the experience is complete. On the other hand, 

full scale testing could be less expensive, when measuring a performance of an already 

built system. This second type is called non-destructive testing. In this case the 

performance is measured while the system is functioning and performance of the system 

should not change after the testing. Examples of destructive testing are experiments that 

are used to measure the performance of roadway pavement or concrete members in 

historical sites. An example of non-destructive full scale testing in traffic engineering is 

the study that has been conducted by Shuldiner (1992). In this study, methods that are 

employed by the Massachusetts Turnpike Authority to manage traffic incidents have been 

evaluated. These methods are deployed to reduce the average time required to identify 

and confirm the occurrence of an incident, clear the incident, and reestablish normal 

traffic flow. Four alternatives were evaluated in terms of cost over a ten year period and 

the value of the travel time that would be saved if each was adopted. The four alternatives 

were: (1) adding additional police patrol; (2) installing loop detectors with 1/3 a mile 

interval; (3) installing loop detectors at 1/3 a mile interval plus 13 CCTV stations at 

trouble spots; and (4) installing loop detectors at 1/3 a mile interval plus CCTV stations 

at 1/2 a mile interval. Benefits exceeded cost for all but the first alternative (additional 

police patrol). The net benefits were highest for alternative 3; and slightly less for 

alternative 2. Net benefits under alternative 4, while positive, were substantially lower 

than for alternatives 2 and 3. 

Conducting field-testing that duplicates the operations scenarios under which the 

sensor will function is a good method for estimating sensors’ performances in the case of 

full scale deployment (Klein 1996, Kranig 1997). Full scale field-testing for side-by-side 



 98   

systems is also useful, especially for providing calibration data, but it is normally 

prohibitively expensive. The large resources required to conduct such a test render it not 

feasible. 

4.3.2 MODEL SCALE TESTING 

Due to the increasing power of computer and simulation packages, model-scale 

testing is converging to become a common place that would soon completely replace full-

scale experimentation in most engineering fields. A tremendous shift has occurred in the 

last twenty years regarding researcher’s perception and acceptability of results provided 

by model-scale tests. The shrinking resources to support full-scale testing and the fact 

that resources needed for model-scale testing are substantially less, more and more 

studies are utilizing model-scale testing for experimentation. These resources consists 

include the cost incurred to purchase materials, equipments, and employ human 

resources. Additionally, the time to build the system before experimentation and 

dismantling after experimentation are extra costs that need to be considered when 

deciding the type of testing to apply. 

4.4 The Proposed Simulation Model 

Currently there is no stand-alone, single reliable traffic sensing system available 

that is capable of detecting all freeway traffic incidents and within reasonable detection 

time. Evidence exists that deploying side-by-side systems may results in net benefits. 

That exceeds individual systems performance. For this reason, TMCs nationwide are 

deploying multiple, side-by-side traffic sensing systems on the same highway links to 

detect incidents. 

Using computer simulation to predict the combined performance of side-by-side 

deployed detection systems can serve the same function of a full-scale field testing, 

however, with less resource of time and money required. Moreover, computer models 
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require minimal field (traffic and incident) data for calibration before it is ready for 

performance prediction purposes. Devising a computer model that can simulate the 

performance of different configurations of detection systems would allow the deployment 

of the most effective system for incidents detection. Not like the IDAS software; the 

proposed model should focused on a lower detailed level of modeling, simulation and 

analysis for multiple deployed, side-by-sides incidents detection systems. As a summary 

of the previous chapters, the need for this model could be justified by the following 

drivers: 

• Traffic incidents are dangerous and costly if not detected soon 

• Transportation infrastructure are costly and not easily reversible so investment 

decisions should be careful 

• Funding resources are shrinking so decisions should be wise 

• There are many types of detection systems available for deployment 

• There is no systematic way to select a specific detection system for 

deployment and TMCs rely on past experience and engineering judgment of 

experts 

• Full scale testing is costly 

• The increasing computer power has the potential of developing reliable 

models 

Based on these important points a hypothesis could be made of the proposed 

model could read that “The performance of different configurations of integrated 

highway traffic sensing systems can be modeled well enough to aid in and potentially 

improve deployment investment decisions”. To test this hypothesis, the next chapter will 

try to develop a model that could be used to support the investment decision process. The 

proposed model, called Logman Model, will be built using the Monte Carlo technique on 

Microsoft Excel spreadsheets. The model accepts the individual performance of incidents 

detection systems and endeavors to predict the overall performance of the systems when 
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deployed in parallel in the same link of a freeway. The individual performance of the 

detection systems is represented by the detection rate, false alarm rate, and the time to 

detect traffic incidents.  

The next Chapter presents the steps used to develop the model supported with 

numerical example. To measure the reliability of the model, traffic and incidents data are 

collected from San Antonio freeways are used to validate the model in Chapter Five.   

4.5 Summary 

In this chapter, the rationale and the need for this research has been explored. 

Several previous studies investigated the obstacles that MPO face when considering 

deployment of ITS infrastructure systems. Most of these studies seem to agree on the 

need for a performance-based tool that could support ITS investment decisions. The high 

cost of transportation infrastructure was a major concern for ITS decision makers. This 

fact stimulated researchers, transportation centers, and national laboratories, such as Oak 

Ridge and San Alamos National Laboratories, to seek a solution for this problem.  

Conducting a full-scale testing to achieve this objective would produce high and 

prohibitive costs. The advances in computers, simulation, and the increasing computing 

power are the major drivers for seeking a more cost-effective, model-scale ITS sensing 

testing that could replace the full-scale testing. 

The Monte Carlo simulation on Microsoft Excel spreadsheet might provide an 

effective tool to simulate the combined performance of side-by-side deployed incident 

detection sensing systems. Transportation managers and decision-makers can use the 

proposed tool to select a highly performing sensing combination for traffic incident 

detection.  
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CHAPTER FIVE – MODELING THE PERFORMANCE OF 
INCIDENT DETECTION SYSTEMS 

 Decisions regarding new installations or the expansion of existing traffic sensing 

systems are greatly influenced by federal and state infrastructure budgets. Metropolitan 

planners, senior transportation executives and decisions makers are aware of the risks 

they face when investing in major transportation infrastructures as indicated by a survey 

conducted by Mehndiratta (2000). This risk is caused by the high cost of transportation 

infrastructure and the fact that these costs are not easily reversible. Many public agencies 

weight infrastructure investment alternatives based on subjective engineering judgment 

of experts. The risk of investment on transportation infrastructure could however be 

substantially reduced or completely eliminated when studying different investment 

alternatives by utilizing modeling and simulation techniques. Conducting full scale 

deployment experimentation to measure the combined performance of different 

configuration of traffic sensing systems could be prohibitively expensive and require 

huge resources of time and money. Nonetheless, some full scale deployment is required 

to provide the data by which the modeling system can be calibrated. 

 In this chapter, a simulation model, called the Logman Model, has been proposed 

to predict the combined performance of traffic incident detection systems. First, the 

freeway environments at which incident detection systems operate have been explored. 

These include weather conditions and freeway geometry. Second, the Logman Model has 

been built on Monte Carlo technique in Microsoft Excel environment. The steps of 

developing the model has been thoroughly discussed and documented. The performance 

of the model has been investigated critically to ensure its credibility to be used in the 
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future. Chapter Six will present the scenarios that are applied to the model for validation 

based on real data collected from San Antonio freeways. 

5.1 The Freeway Environment 

 The performance of traffic sensing systems is highly influenced by the prevailing 

traffic and freeway conditions. For instance, visual automated sensing systems, such as 

VIPs system, perform poorly during adverse weather condition. This poor performance 

could lead to have values of TTD, and/or in the worse cases, completely fail to detect 

incidents. Traffic sensing systems perform differently according to freeway and traffic 

conditions even if they are deployed with the same level of penetration. The ITS Decision 

report published by University of California – Berkeley has suggested some of these key 

factors that affect the performance of traffic sensing systems. These include: 

• Highway operating conditions: 

o At capacity 

o Below capacity 

o Heavy, medium or light traffic 

• Duration of the incident 

• Geometric factors: 

o Grade 

o Lane drop 

o Ramps 

• Environmental: 

o Snow, ice, fog 

o Road surface, dry or wet 

• Incident’s severity 
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• Detector spacing 

• Incident location relative to the detector station, and 

• The heterogeneity of the vehicle fleet. 

 Additionally, sensors’ inherent accuracy and precision could be regarded as 

dynamic factors that could be controlled by tuning the sensor to perform at certain level. 

While some of these factors are controllable, such as detector spacing, many are not easy 

to control such as freeway geometry. Also there are some factors that are impossible to 

control such as weather conditions. Figure 5.1 illustrates the factors that need to be 

considered when deciding about a specific type of traffic sensing investment.  
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Figure 5.1 Elements of Consideration when Investing in Traffic Sensing Systems  
 

 The objective function of investment decisions in traffic sensing systems is to 

carefully reduce costs while maintaining the highest performance level possible.  

 The cost of traffic sensing systems depends on the penetration of sensors in the 

network. This penetration is measured by the number of sensors deployed and the spacing 

between these sensors. The penetration of incident detection methods is expressed 

differently based on the type of the system. For example for Police Patrols, the number of 
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sensors deployed is represented by the staffing level (the number of Police vehicles 

assigned to navigate a certain section of the freeway) while the spacing between sensors 

is represented by the headway between Police vehicles. For inductive loop systems, the 

number of sensors is represented by the number of loop stations, while the spacing 

between sensors is represented by the distance between any two loop sensors. For the 

CCTV system, the number of sensors is represented by the number of CCTV cameras 

deployed on a certain section of the freeway, while the spacing between sensors is 

represented by the distance between any two CCTV cameras. For the Automated Vehicle 

Identification system, the number of sensors is represented by the number of 

electromagnetic tags distributed to drivers in the network, while the spacing between 

sensors is represented by the distance between the AVI stations distributed on the 

freeway. Reports of incident occurrence that are received from drivers with cellular 

phones represent a complex scenario since the spacing between sensors is random and 

does not follow a specific order. Additionally, the number of drivers who have cellular 

phones and willing to report incidents is random, however, it depends on the penetration 

of cellular phones in the driving population. 

 The cost of a different configuration of sensing system depends on the number 

and spacing of sensors deployed. Higher penetration of the sensing systems leads to fast 

and reliable detection of traffic incidents. Having low penetration of a sensor in the 

network represented by low number of sensors deployed and large spacing between 

sensors could lead to poor performance. This scenario could cause many incidents to go 

undetected or detected but late. As a result, high costs to drivers and the economy could 

be generated. The trade-off between the cost of investment in traffic sensing systems and 

the cost of missed or lately detected traffic incidents need to be carefully considered to 
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reach to an optimal level of deployment. These factors need to be considered by 

metropolitan planners and transportation managers when making decisions about 

investing in a specific incident detection system. The future direction of this research 

could lead in this path and studies the effects of these factors on the performance of 

incidents detection. Most methods that are utilized to measure the performance of sensing 

until recently were based on full scale experimentation. In this chapter a computer 

simulation model has been proposed that could predict the performance of multiple side-

bys-side deployed incidents detection systems. Initially an arithmetic model that is based 

on simple probabilistic analysis has been developed. The arithmetic model has not been 

able to simulate all the facets of the incident detection phenomena. Accordingly, a more 

sophisticated model, called the “Logman Model”, which is based on Monte Carlo 

simulation, has been developed. This model has been able to overcome the limitations of 

the arithmetic model by. The next section presents the arithmetic model developed.  

5.2 The Arithmetic Model 

 
 This model has been initiated to gain a basic understanding of the problem at 

hand. A hypothetical network instrumented with three incident detection systems, namely 

the AVI, Inductive Loops and CCTV systems, has been considered for discussion. The 

primary goal was to quickly detect traffic incidents using these three systems. It was 

assumed that these systems generally detect incidents according to some type of 

probabilistic distribution. For the sake of simplicity, a normal distribution has been 

selected to represent the distribution of the time to detect incidents. Hypothetically, 

assume that traffic incidents are detected by in an average of 6 minutes and standard 

deviation of 2 minutes by the AVI system, an average of 5 minutes and standard 
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deviation of 1.5 minute by the ILD system, an average of 4 and standard deviation of 1 

minute by the CCTV system. The probability of detecting any incident within (t) minutes 

could be estimated by adding the probability of detection by any one, or any two, or the 

three systems jointly. If these systems are independent, then the probability of detection 

with t minute could be expressed by: 

−∩−∩−++=∪∪ )()()()()()( CAPBAPCPBPAPCBAP  

     )(*2)( CBAPCBP ∩∩+∩  (5.1) 

For example, if t = 3 minute, this yields, 

−≤+≤+≤=≤ min)3(min)3(min)3(min)3( CCTVILDAVI TTDPTTDPTTDPTTDP  

 min)3(min)3(min)3( ≤−≤−≤ −−− CCTVILDCCTVAVIILDAVI TTDPTTDPTTDP  

     min)3(*2 ≤+ −− CCTVILDAVITTDP  (5.2) 

 From the principles of normal distributions, )( ixxP ≤  can be determined if the 

mean xµ , and standard deviation xσ  are available using equation 5.3. 

     )()(
x

xi
i

x
xxP

σ
µ−

Φ=≤   (5.3)  

 Using the parameters of each system, Table 5.1 can be constructed that 

summarizes the probability of TTD of incident within 3, 3.4, and 3.6 minutes. The 

probability of detecting any incident by two or more sensors has consistently scored 

higher values than when it is detected by a single sensor. Using the mean and standard 

deviation of TTD for the three sensors, the probabilistic distribution of TTD for the three 

sensors could be presented as illustrated in Figure 5.3 
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Table 5.1 Probabilities of TTD for the Hypothetical Example 

AVI ILD CCTV CCT & ILD CCTV & AVI AVI & ILD All
P(TTD � 3 min) 0.067 0.091 0.159 0.235 0.214 0.152 0.287

P(TTD � 3.4 min) 0.097 0.142 0.274 0.378 0.344 0.226 0.438
P(TTD � 3.6 min) 0.115 0.175 0.345 0.495 0.421 0.271 0.522  

)067.0*091.0()091.0*159.0()067.0()091.0()159.0(min)3( −−++=≤TTDP  

  )067.0*91.0*157.0(*2)067.0*159.0( +−  = 0.2873 � 29 % 
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Figure 5.3 TTD curves for Loops, CCTV, AVI, and fused Performance 

When using interpolation in the values presented in Table 5.1, the average time to 

detect incidents using the three systems could be predicted as, 

At )4.3( ≤−− CCTVILDAVITTDP , 44.22 % of the incidents are detected 

At )6.3( ≤−− CCTVILDAVITTDP , 52.87 % of the incidents are detected, 

The time to detect 50 percent of the incidents using the three systems jointly could 

be estimated � 3.5 minute, which means, that the average TTD of incidents when using 

the three sensors jointly is reduced to 3.5 minute instead of the 6, 5, and 4 minute for the 
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individual systems. These calculations are based on the assumption that every system has 

a perfect detection rate (100 %), and that sensors are treated as completely independent. 

However, in real world application, perfect detection of all incidents seems impossible 

within limited time at typical levels of system deployment. The curve for less than perfect 

detection could be drawn from Figure 5.3. To draw this figure, simply multiply the 

probability of detection within time (t) by the detection rate of that sensor. For example, 

if X number of incidents are detected within t minutes at ideal 100 % detection rate, then 

the number of incidents that will be detected with the same time at lower detection rates 

D % is equal to X*D incidents. This is based on an assumption, although not proven, that 

missed incidents are uniformly distributed along the detection time. Graph 5.1 illustrates 

a comparison between 100% and 75 % overall detection rate. 
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Graph 5.1 TTD of Loops at 100 % and 75 % Detection Rates 

One can notice that equation 5.1 is not capable of handling the detection 

correlation among systems. Applying equation 5.1 in a scenario where the detection rate 
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of CCTV, ILD, and AVI, are 85%, 70%, and 55%, respectively, would result in 98% 

overall detection. However, in real world situation incidents are frequently detected by 

multiple systems causing a reduced value of the overall detection that is less than 98%. 

When congestion develops on freeways the speed drops causing detection systems 

to trigger false alarms. Modeling false alarms could be treated similar to the true 

incidents using equation 5.1; however, the analysis will be limited to independent 

systems that have no correlation. These two shortcomings of applying equation 5.2 in 

isolation render it imperfect for use to predict the combine performance of incident 

detection systems, nevertheless, it provided a good direction to investigate simulation 

options as the following sections will present.  

 

5.3 Introduction to simulation 

 
 Simulation is the process of replicating the real world phenomenon based on a set 

of assumptions and conceived models of reality. Theoretical simulation has been 

increasingly used to simulate real world conditions. This is mainly due to the rapid 

advances in computers and its applications. For engineering purposes, simulation is used 

to predict or study the performance and/or response of systems. The simulation process 

yields measurement of performance or response with a prescribed set of values for the 

system parameters (or variables). The sensitivity of the system performance to variations 

in its parameters can be examined or assessed. Using this procedure, simulation may be 

used to appraise alternatives designed or determine the optimal design (Ang and Tang 

1990). 
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5.3. 1 SIMULATION OF RANDOM PROCESSES 

 Statisticians and researchers have utilized the statistical and computational 

theories to produce values that behave in a random manner in computer medium. 

Achieving a mechanism that generates random values is vital to design models that 

involve randomness. Practically, there is no single algorithm that can produce infinitely 

random values. Actually, they do not even seem to exist in nature. Accordingly, 

algorithms that provide a sequence of values that behave as if it were random when 

applied is considered acceptable for use (Champers 1977).  

 The key step in developing simulation applications is to generate random numbers 

that behave in accordance to a specific probability distribution. Uniformly distributed 

random numbers could be obtained as an output of many devices, such as rolling a dice 

or flipping a coin. There are some criteria that are considered important for an algorithm 

to be accepted as a good random number generator. These criteria include: 

1. storage requirements 

2. processing time efficiency, and 

3. high accuracy of solution 

 To generate random numbers between 0 and 1, consider a random variable X with 

cumulative distribution function Fx(x). At a given cumulative probability u = F(X), the 

value of X is 

     )(1 uFX u
−=     (5.4) 

 For example, consider the value of TTD of incidents using a certain detection 

system, which is normally distributed with a mean of 10 minutes and standard deviations 

of 2 minutes. First, we generate a uniformly distributed number ku  (hypothetically 

assume the number generated was 0.933193). Next, transform ku to kx  
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  xkxk ux µσ +Φ= − )(1  = 0.1310)933193.0(2 1 =+Φ− minutes 

 This means that if a randomly generated number between 0 and 1 was 0.933193, 

then the corresponding value of TTD that will result from the distribution is 13 minutes. 

Generating a large set of random numbers and processing them using equation 5.4, the 

overall distribution of TTD could be constructed. This is called the inverse transform 

method. The application of the inverse transform method can be most effective when the 

cumulative distribution function of the random variable x can be expressed analytically. 

In other words, the inverse of )(1 uFu
−  is available. 

 Most spreadsheet packages and function libraries for programming languages 

such as FORTRAN and C contain a random number generator. For instance, the function 

RAND () in Microsoft Excel® spreadsheets produces statistically independent, uniformly 

distributed random numbers between 0 and 1. The random numbers that are generated 

from uniformly distributed numbers between 0 and 1 can be used to generate any other 

type of distribution by transformation. For some functions this transformation is simple 

and can be achieved with high precision, while in other cases more complicated 

transformation must be approximated. 

5.3. 2 FORWARD MODELING 

 Forward modeling is a process to determine the set of response variables {Y1, 

Y2…}, that are related to a set of input variables {X1, X2 …}, through some type of 

model )(XgY = . If the input variable to the model are uncertain (e.g. random variables) 

then the model response will also be uncertain. The objective of the forward modeling is 

to evaluate the distribution or moment of {Y1, Y2…}, given the distribution or moments 

of {X1, X2 …}. The Nth moment of a random variable could be calculated as follows: 
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 The Nth moment of a random variable = dxxfxXE x
nn )()( �

∞

∞−

=  (5.5) 

 The first moment of such a function is its expected value (or mean), while the 

second moment is the variance for the variable )( 2XE . 

5.3.3 INTRODUCTION TO MONTE CARLO SIMULATION 

 The Monte Carlo simulation is a process of approximating the expected values 

(e.g. integrals with respect to a probability distribution) by sample means. It is a special 

case of simulation of random processes using large number of realizations. It could be 

utilized to analyze risks and support the decision-making process by conducting “what-

if” experiments numerically. Several studies have utilized Monte Carlo simulation to 

simulate target tracking using multi-sensors (Pao 1995, Frei 1996). The concept of Monte 

Carlo is to mimic or simulate the behavior of a phenomenon by producing numbers that 

are randomly generated but in overall follow a specific probabilistic distribution. The 

random numbers generated in this technique could be treated independent or subject to 

some form of mutual correlation. The primary advantage of Monte Carlo is its generality 

since it is flexible enough to be shaped to solve most forward modeling systems, as long 

as the model function )(Xg  can be evaluated either analytically, numerically (e.g. finite 

element analysis), graphically, or even physically using laboratory prototypes. 

5.3.4 STEPS OF MONTE CARLO SIMULTION TECHNIQUE 

 The Monte Carlo simulation consist of two major phases: (a) generation of a 

vector of statistically independent uniformly distributed random numbers ku between 0 
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and 1, and (b) transformation of random numbers ku  to realizations kx . First step has 

been discussed in the previous few sections. The next sections will discuss the second 

phase of developing a model using Monte Carlo: 

5.3.4.1 Linear Transformation 

 Recall that the following relationships hold for a linear transformation, 

bXAX +=  

     bmAm
xx += ;        (5.6) 

     T
xx AACC .;=     (5.7) 

Consider the case where 
;

X  contains independent variates with zero mean and unit 

standard deviation: 
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 Simulation of a realization for 
';

X  is relatively straightforward since the variates 

are statically independent. Transformation to nonzero means for X  is also 

straightforward in that xmb = . Consequently, if we can find a matrix, A, such 
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that T
XX AACC '= , then we can generate a realization of X  through a simple, linear 

transformation. One such matrix for A is given by a lower triangular matrix 
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The coefficients in A are then found by solving n equations through back substitution.  
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 To ensure the correctness of the calculation, conduct the addition check test: 

      T
X AAC *=    (5.13) 

Where AT is the transpose of matrix A, 
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5.3.4.2 Multivariate Normal Distribution 

  The multivariate normal distribution is a random variable model describing the 

joint probability density function for multiple random variables. 
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Where 

 X  is a vector of m random variables 
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µ  is a vector of the m mean values for 1X to mX  
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xC is an m x m matrix containing the covariance between all the variables in X  
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Also 

 - xC is the determinant of matrix xC  

 - 1−
xC  is the inverse of matrix xC , and 

 - T
xx )( µ− is the transpose of matrix )( xx µ−  

 In Microsoft Excel spreadsheets; the following functions are designed to calculate 

the determinant, inverse, transpose and product of matrices, respectively: 
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- MDETERM (matrix) 

- MINVERSE (matrix) 

- TRANSPOSE (matrix) 

- MMULT (matrix1, matrix2) 

 Consider a set of variables, },...,{ 1 nYY , that are a linear function of input variables 

},...,{ 1 mXX  can be expressed in matrix notations as follows 
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  (5.18) 

Or 

     [ ] bXAY +=     (5.19) 

5.3.4.3 Transformation from Normal to Lognormal Distribution 

 If Y represent a normal distribution with a mean of � and standard deviation of �, 

then the corresponding lognormal distributed could be expressed by a mean of �, and 

standard deviation of �, such that:  

    [ ]
2

)ln()ln(
2ζµλ −== xXE    (5.20) 

  And  

    [ ] )1ln()ln( 22 δζ +== XVar    (5.21) 

  Where    
µ
σδ =      (5.22) 
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5.3.5 THE NUMBER OF SIMULATION OBSERVATIONS 

 Generally, using high numbers of observations to simulate a system produces 

highly accurate results. Estimating the total number of observations to be used to simulate 

a system is critical to the precision of the results. In addition to using statistical methods 

of error reduction techniques to predict the total number of observations needed to 

simulate a system, the smallest dimension or increment observed from the phenomena 

could also be used. For example, when studying the fluctuation of speed during 

congested conditions, the smallest unit that can be used is to increase or decrease the 

speed by 1 mile/hr over time. In AID applications, different number of total observations 

could be estimated based on the smallest unit of dimension selected. For example, a 20-

seconds window could be used to simulate incidents detection using inductive loops since 

the inductive loop system estimate the speed, volume and occupancy every twenty 

seconds. Simulating incident detection using 20-seconds observation produces 180 total 

observations per hour. However, the current inductive loop system in San Antonio saves 

the results in the Local Control Units and sends the average of two minutes to be 

processed using the automated incident detection algorithm. This scenario produces only 

30 total observations per hour. Since Monte Carlo is simulation mechanism using large 

observations numbers, the higher the number of observation the better results of the 

simulation. Correctly producing a high number of observations could be accomplished by 

using a multiplication of the smallest unit used. For example, instead of conducting a 

simulation using only 30 observations, a larger number of observations could be used as 

long as it is a multiple of 30 and the phenomena inputs are accordingly and randomly 
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distributed. Hypothetically, consider three variables A, B, and C that represent x%, y%, 

and z% of the 30 observations, respectively. Increasing the total number of observations 

from 30 to a larger number (e.g. N), requires similar and random representation of the 

variables as )(% Nf x , )(% Nf y  and )(% Nf z , respectively. 

5.3.6 THE SPECIFIC STEPS TO DEVELOP THE LOGMAN MODEL 

 The general steps to developing a Monte Carlo simulation have been explained in 

the last few sections. These steps are general and could be used to simulate any type of 

system.  Predicting the combined performance of multiple systems working in parallel to 

detect traffic incidents is vital to support decisions of sensing investments. The rationale 

behind the need for this model is explored earlier in chapter four. The following sections 

present the steps of the Logman Model which has been built using Monte Carlo 

simulation on Microsoft Excel® environment. The Logman Model is a predictive model 

that could be used to predict the combined performance of integrated traffic sensing 

systems for incidents’ detection. Prior to designing the Logman Model, two assumptions 

have been made: 

1. The Time-to-Detect an incident using any detection system follows a lognormal 

distribution. 

2. The model predicts the combined performance of three detection systems, 

however; it is valid for any number of detection systems.  

 For simplification purposes, the discussion of the Logman model design is going 

to be carried out with the aid of hypothetical examples. 

 Generally, the Logman Model accept detection variables as an input and predict 

the state of the freeway in terms of the time-to-detect incidents, the rate of incidents 
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detection and the false alarm rate of the whole system. Table 5.2 summarizes the inputs 

and outputs of the Logman Model. 

Table 5.2 Inputs and Outputs of the Logman Model 

Input Output
Individual Sensor Detection Rate Combined DR at First and Second Alarm
Individual Sensor Time to Detect Combined FAR at First/Second Alarm
Individual Sensor False Alarm Rate Combined Distribution of the TTD
Sensors Conditional Probabilities The Detection Rate within time (t) at First and Second Alarm
Underlying Probabilistic Distribution
Priori Individual Performance*
Sensors Mutual Correlation Factors
 

 Figure 5.2 illustrate the steps that are accomplished to design the Logman Model. 

The design of the model has utilized the general steps of Monte Carlo simulation in 

Microsoft Excel and incorporates to it the special circumstances of the problem at hand. 

These steps are further explained as follows: 

1. Specify the number of sensing systems nXXX ,...., 21  that constitute the 

phenomena under study. In the scenario at hand three detection systems have been 

studied. 

2. Determine the input  for the model from other form of experimentation 

(prototype, manually, or analytically).the inputs required for this problem are: 

a. The distribution (mean and standard deviation) of the time to detect 

incidents by each sensing system 

b. The detection rate by each sensing system 

c. The false alarm rate of each sensing system, and 

d. The mutual correlation between the times to detect incidents by the 

sensing systems. 
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Table 5.2 Processes of the Proposed Logman Simulation Model  

Generate random 
numbers 

 (0 �Xi � 1) 

Calculate the Z value of the random 
number generated 

)( iXZ φ=  for standard normal 

distribution at � = 0, � = 1 

Correlate the generated 
random numbers based on 
input correlation factors 

Correlation factors of 
sensors’ Time-to-Detect 

Produce the normal 
distribution of sensors 

Time-to-Detect 

Individual sensor 
average Time-to-

Detect 

Individual sensor 
standard deviation of 

Time-to-Detect 

Transform from 
Normal to 
Lognormal 

distribution for 
each sensor‘s 

Time-to-Detect 

START* 

Assign Time-to-Detect 
for each incident detected 

Apply Bayesian Inference 
Theory 

Assign 
Detection/No 

Detection decisions 
for sensor 

Predict false detection 
by different sensors 
based on conditional 

probability 

Predict Detection or No 
Detection of incidents 

Is this event 
an incident? 

YES NO 

Predict detection by 
different sensors based on 
conditional probability of 

detection 

Assign Incident / No 
Incident occurrence 

Incident Occurrence Rate on 
the freeway  

Generated random 
numbers   Yi 	 Xi 

Assign either (1) 
incident detected 

and its time, or (b) 
false alarm 

Likelihood Ratio Test 

Model fused 
performance 
prediction 

END* 
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To explain these steps assume that Table 5.3 contains hypothetical values of these 

variables.  

5.3 Hypothetical values for Sensors A, B, and C 

Normal Distriubtion
MxA (min) �xA (min)

Sensor A 4 2
Sensor B 5 1.5
Sensor C 6 1

Corresponding Lognormal Distriubtion
�xA (min) �xA (min)

Sensor A 1.2747 0.4724
Sensor B 1.5663 0.2936
Sensor C 1.7781 0.1655

0.2
0.3
0.4

Correlation FactorA-B

Correlation Factor A-C

Correlation Factor B-C  

3. For each sensing system iX  produce a corresponding random number nRRR ,..., 21  

between 0 and 1. 

4. Estimate the number of realizations needed to simulate the phenomena. 

Developing high number of realizations improves the performance of the model 

and produce reliable results. However, models with high number of realizations 

take longer time to execute. The number of realizations to produce a certain level 

of results accuracy has some rules. For the specific example at hand, every time 

an automated detection system processes the data could be considered as one 

realization. For example, for automated systems that send results every 20 

seconds, it is possible to estimate the number of realizations as the number of 

readings per hour. If a study conducted for a three morning and evening peak 

hours, the expected number of realizations: 

 3 readings/min * 60 min/her * 6 hrs (3 morning + 3 evening) = 1080 realizations 
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5. Use equations 5.6 to 5.9 to calculate the standard normal distribution (z value) of 

the random numbers generated in step 3. Hypothetically, assume that the random 

numbers produced and their corresponding z values are as in Table 5.4, 

 Table 5.4 Hypothetical Random numbers and Its Corresponding z 

Value 

 

A B C
Ui 0.754959 0.41315 0.477874
Z 0.69018 -0.21945 -0.05549  

(Note: in Microsoft Excel use the function NORMSINV (random number) to calculate 

the z value for the random number based on 1,0 == xx σµ .  

6. Calculate the lower triangular matrix (A) based on the correlation factors and the 

standard deviations of the variables using equations 5.10, 5.11, 5.12, and 5.17, 

yields: 

Correlation matrix 
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7. Equations 5.18 can be used to correlate the z values calculated in step 5. Using the 

lower triangular matrix A, and transformation to normal distribution, yields: 
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 The results from this step represent the normal distribution of the time to 

detect incidents by any of the three sensing systems. 

 
8. Using equations 5.20, 5.21, and 5.22 to transform the normal distribution 

produced in step 7 to a lognormal distribution, yield the results sample of results 

summarized in Table 5.5. 

Table 5.5 transformation of the TTD values from normal to Lognormal Distribution 

Realization TTDA (min) TTDB(min) TTDC(min) TTDA (min) TTDB(min) TTDC(min)
1 3.56 4.21 5.76 4.68 3.93 7.62
2 2.39 3.68 5.13 5.91 5.01 5.42
3 5.64 6.48 6.96 5.11 9.98 7.01
4 0.48 4.36 4.84 2.63 4.56 7.37
.. .. .. .. .. .. ..
.. .. .. .. .. .. ..
.. .. .. .. .. .. ..
.. .. .. .. .. .. ..
.. .. .. .. .. .. ..
.. .. .. .. .. .. ..
.. .. .. .. .. .. ..
… … … … … … …
.. .. .. .. .. .. ..

n -1 6.51 6.27 5.32 8.23 3.01 5.32
n 2.13 6.42 5.71 1.68 4.08 5.66

Normal Distribution Values Lognormal Distribution Values

 

These numbers represent a long sequence of random values of the time-to-detect 

an incident via systems A, B, and C, which in overall follow normal and lognormal 

distributions that has the pre-specified values of mean and standard deviation.  
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9. All the previous steps are considered as the processing phase. In this step the rules 

that govern the phenomena could be applied. These rules are based on the 

conditional probabilities of detection rate and false alarm rates: 

a. Randomly assign detection/no detection based on probability of incident 

occurrence, {P (C1 U B1 U A1| H1)} 

b. Randomly assign detection/no detection based on probability of detection 

by system A alone, provided that an incident has occurred  

c. Randomly assign detection/no detection based on probability of detection 

by system B alone, provided that an incident has occurred  

d. Randomly assign detection/no detection based on probability of detection 

by system C alone, provided that an incident has occurred  

e. Randomly assign detection/no detection based on probability of detection 

by systems A and B jointly and not by C, provided that an incident has 

occurred  

f. Randomly assign detection/no detection based on probability of detection 

by systems A and C jointly and not by B, provided that an incident has 

occurred  

g. Randomly assign detection/no detection based on probability of detection 

by systems B and C jointly and not by A, provided that an incident has 

occurred  

h. Randomly assign detection/no detection based on probability of detection 

by systems A, B, and C jointly, provided that an incident has occurred 

i. Utilize the equations presented in Figure 5.3 to calculate the detection rate 

by each sensing system A, B, and C. 
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Figure 5.3Probabilistic Distributions of Incidents Detection by Sensors within Logman Model 

P (NO Detection) 

P (A1|H1)  P (C1|H1) P (B1|H1) 

= IF (RAND () � P (A) only, 1, 0) 

= IF (RAND () � P (A�C), 1, 0) 

= IF (RAND () � P (C) only, 1, 0) 

= IF (RAND () � P (A�B), 1, 0) 

= IF (RAND () � P (B) only, 1, 0) 

= IF (RAND () � P (B�C), 1, 0) 

= IF (RAND () � P (A�B�C), 1, 0) 

Key: 
 
IF (RAND () � P (x), 1, 0) 
Means If Random number � P (x) 
              Then = 1 
  Else = 0 
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10. Assign the false alarm levels similar to the step 9. 

11. By referring to section 3.4, there is a tradeoff between the detection rate and the 

false alarm rate. To detect most of the incidents, operators in the traffic 

management centers need to verify the occurrence of an incident as soon as an 

alarm is triggered by a single system. Applying this scenario could cause large 

number of false alarms to be triggered. Another scenario is to wait for a second 

supporting alarm before the incident is verified by the operators. In this second 

scenario there is a low probability of receiving false alarms, however, incidents 

that cause only one system to trigger an alarm will not be detected when relying 

on a second supporting alarm. The performance of the three systems combined 

could be estimated based on the two scenarios. When the first alarm is considered 

the combined TTD of the sensors configuration is equal to the minimum TTD by 

any of the three systems. Moreover, when the second alarm scenarios are applied, 

the combined TTD of the sensors configuration is equal to the second largest TTD 

of the three systems. 

 

5.4 Summary 

In the chapter, the environment at which sensing systems operate has been 

investigated, giving close attention to factors that impact the performance of sensing 

systems to detect incidents. The steps of this simple model have been discussed to study 

the advantages and disadvantages. The simple arithmetic model was not able to handle 

sensors mutual correlation and the false alarm rate. For this reason, a more intelligent 

model, called the Logman Model, has been proposed to predict the combined 

performance of different configuration of traffic sensing systems to detect traffic 
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incidents. The model, which has been built on Microsoft Excel® environment, was based 

on the Monte Carlo simulation technique. To develop this model, an introduction to the 

Monte Carlo simulation has been made. The use of the random numbers in forward 

modeling applications has been discussed. The steps of the Logman Model have then 

been thoroughly documented supported by a hypothetical example of an AVI, Inductive 

Loop and Police Patrol systems. The next chapter will investigate the reliability of the 

Logman Model by using traffic and incidents data collected from San Antonio.  
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CHAPTER SIX - THE LOGMAN MODEL VALIDATION 

  

 Thorough validation of simulation models is important to ensure the development 

of reliable prediction tools. In the validation process, verification techniques are used to 

assess the quality of the results provided by the model. Efficient simulation models do 

not require manual adjustment to be used in the future (USDOT 1997). To reliably 

validate models, a set of known input and output values are needed. The input values in 

Figure 6.1 are the a set of individual sensors’ performance represented by detection rate, 

false alarm rate and the time to detect incidents, while the output value is the combined 

performance of all the sensors. The output values of the combined performance need to 

be known a priori through some physical experimentation or numerically.  

  

Figure 6.1 Requirements to Validate Simulation Models 
 

 In this chapter, the Logman Model has been validated using two sets of traffic and 

incident data collected from San Antonio freeways. In the first data set, the Logman 

model has been used to predict the performance of three automated incidents detection 

algorithms that has been studied by Zhou (2000). The second data set has been collected 

from San Antonio freeways specifically for the purpose of this dissertation. These two 

data sets were specifically selected to cover both automated and human-assisted detection 

systems. In this chapter, the effectiveness of the Logman Model to predict the combined 

performance of detection systems has also been investigated. Three scenarios were 

Known Input 
Estimate the 
reliability of the 
Simulation Model 

Known Output 
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implemented to study the prediction accuracy of the Logman model relative to the 

number of observations used. The efficiency of the model at high number of observations 

has been also discussed. The chapter concludes with some guidelines of how to 

incorporate this model into the decision making process of incidents detection systems 

and also to other transportation planning tools.  

6.1.1 THE INDUCTIVE LOOPS SYSTEM IN SAN ANTONIO 

 TransGuide is one of four TMCs that are selected as part of the ITS Model 

Deployment Initiative, the goal of which is to showcase various ITS technologies for the 

FHWA. It is a primary source of data for many research studies for TxDOT, especially 

for traffic management and telecommunication systems. The TMC have installed a large 

number of ILDs detectors to measure traffic parameters on freeways. The ILD system has 

initially started with 26 miles of instrumented freeway lanes and has been continuously 

expanding in the last five years. The instrumentation of the US90 is one the latest major 

expansion projects. Traffic parameters such as speed, volume, and occupancy are 

collected from freeway lanes using the ILD system every 20 seconds. Table 6.1 contains 

the components of a data record collected by the ILD system. The explanations of 

columns 1 to 6 are as follows: 

• Column 1: Record date 

• Column 2: Record time (military time) 

• Column 3: Lane location: 

o Assuming that “ABC-DEFGH-IJK.LMN” represents a station location, 

then: 
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� ABC = lane number (L = left shoulder, EN = Entrance Ramp, EX 

= Exit ramp),  

� DEFGH = freeway designation ( 0010W = westbound on interstate 

10), 

� IJK.LMN = mileage post 

• Column 4: Lane speed 

• Column 5: Lane volume, and  

• Column 6: Lane occupancy. 

Table 6.1 Sample of an Inductive Loop Record 

(1) (2) (3) (4) (5) (6)
6/18/2003 0:00:57 EN1-0010E-558.330 Speed=-1 Vol=002 Occ=001
6/18/2003 0:00:57 EX1-0010W-558.426 Speed=-1 Vol=001 Occ=000
6/18/2003 0:00:57 L1-0010E-558.417 Speed=00 Vol=000 Occ=000
6/18/2003 0:00:57 L1-0010W-558.417 Speed=00 Vol=000 Occ=000
6/18/2003 0:00:57 L2-0010E-558.417 Speed=65 Vol=003 Occ=001
6/18/2003 0:00:57 L2-0010W-558.417 Speed=72 Vol=005 Occ=002
6/18/2003 0:00:57 L3-0010E-558.417 Speed=68 Vol=001 Occ=000
6/18/2003 0:00:57 L3-0010W-558.417 Speed=61 Vol=005 Occ=002  

 The traffic data that is collected using the ILD system are aggregated in the Local 

Control Units (LCU) for a period of two minutes (six intervals) and then sent through 

fiber optic lines to the TMC building. Data received by the TMC is saved in one of six 

servers (server 0… server 5). Due to the large size of the data collected by loops, they are 

compressed using Solaris® 2.5x COMPRESS utility to reduce storage requirements and 

accelerate downloading. These files may be decompressed using PKZip®, WinZip®, 

Solaris® COMPRESS or equivalent applications in the DOS, Windows, or UNIX 

environments. 

 The TransGuide facility maintains a single internet domain-- IP address 

206.254.37.10. Files may be obtained from the FTP server at this domain using any 



 132 

conventional FTP software, or through a web browser using the URL 

ftp://www.transguide.dot.state.tx.us/lanedata. Using HTTP is equally effective, though 

the directory listings displayed in a browser are abbreviated when using the URL 

http://www.transguide.dot.state.tx.us/lanedata. Traffic data collected for a period of 24 

hours are transferred to the permanent server at midnight. 

6.2 Steps of Model Validation 

 To ensure the quality of the Logman Model results, data from two separate studies 

have been used. The first data set has been collected from the San Antonio network in 

1996/1997 as part of a study conducted by Zhou (2000). The second data set has been 

collected specifically for the purpose of this study from the same network in San 

Antonio. The Logman Model receives a set of performance indicators of individual 

incident detection systems as an input, and predicts the overall combined performance. 

The input parameters include: 

• The probabilistic distribution of TTD from individual detection systems (e.g. 

Type of distribution, mean and standard deviation, etc). 

• The optimal or real DR and FAR combinations of detection system.  

• The correlation between systems’ TTD.  

 Based on Figure 6.1, the steps required to validate the Logman Model are to:  

1. Measure the performance parameters of individual detection systems in a 

form of DR, FAR, and TTD 

2. Calculate the combined performance of the detections systems 

numerically . These parameters are denoted by the symbol (�1). 
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3. Calculate the correlation factors between detection systems. These are 

denoted by ijγ . 

4. Predict the combined performance of the detection systems based on the 

results from steps 1 and 3 as an input to the Logman Model. These results 

are denoted by �2. 

5. Estimate the efficiency and effectiveness of the model by comparing the 

values resulting from steps 2 and 4. The lower the variance between the 

results provided by these two steps, the more effective the Logman model 

is, and also, the less the time it to run step 4, the more efficient the 

Logman model is. 

Figure 6.2 has been used throughout this chapter to validate the Logman Model 

based the two studies   described below.
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Figure 6.2 Schematic Diagram for the Model Validation Process
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6.3 Validation Based on Automated Detection Algorithms 

Zhou (2000) has conducted a study to investigate the potential of fusion to 

improve the overall performance of AID algorithms. He used traffic and incident data 

collected from San Antonio freeways to calibrate and test three AID algorithms, namely, 

the California # 8, DELOS and the McMaster AID algorithms. In the following sections, 

the efficiency and effectiveness of the Logman Model to predict the combined 

performance of the three AID algorithms has been investigated using the results from the 

Zhou study.  

Firstly, the logic of the algorithm that is implemented in San Antonio TransGuide 

(Texas Algorithm) has been explained. The latest revisions made to the logic of this 

simple algorithm have been also presented. The traffic and incident data are filtered from 

errors caused by duplicate records. A portion of the incident database has been used for 

algorithm calibration, while the entire data set was used for algorithm  testing. 

The optimal threshold values of the three algorithms were determined using 

Monte Carlo random number generation and are used later for algorithm calibration. 

Based on the value of thresholds, the performance of the algorithms to detect traffic 

incidents have been determined in terms of DR, FAR and TTD and are then used as an 

input to the Logman Model. The steps of applying the results from Zhou’s study to the 

Logman Model have been investigated and thoroughly documented. The effectiveness of 

the Logman Model to predict the combined performance of the three algorithms has been 

investigated. Three different scenarios were used to predict the efficiency of the Logman 

model relative to the number of observations.  

6.3.1 DATA DESCRIPTION 

 All data used by Zhou (2000), both as input  and for calibration, were originally 

collected by TransGuide for a previous but similar incident  prediction study conducted 
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by Stavropoulos (1997). Traffic data are collected using inductive loop detectors 

distributed at half a mile in average on freeways. The data is transmitted to the TMC via 

fiber optic lines. Operators in the TMC utilize a number of CCTV cameras distributed on 

freeways to verify alarms triggered by the ILD system. The traffic and incident data has 

been collected during peak hours in working days only in January and February of 1996 

and 1997. A total of 859 incidents were recorded in the database. The database has been 

filtered from errors and separated into calibration and evaluation sets. Although initially 

Zhou   intended to use the two months worth of data for calibration and testing,  the 

calibration of data subset was reduced in light of the extensive computational 

requirements of the calibration process. One hundred incidents were selected for the 

calibration process broken down as 10 major accidents, 19 minor accidents, 10 stalls, and 

the rest were labeled as “congestion”. After filtering the data, a total of 307 incidents 

were used for testing. Twenty of these were major accidents, 48 were minor accidents, 

and 33 were stalls, 194 labeled as “congestion”. In addition, 10 were labeled as “debris” 

or “construction/maintenance”. The selection and implementation of an AID algorithm in 

TransGuide has focused on the ability of the algorithm to quickly detect traffic incidents 

even at the expense of relatively high number of false alarms. Whereas the calibration 

data subset included only those locations and peak periods of days where incidents 

occurred, the test subset for every incident “zone” established includes both peak periods 

for every day in the two months period regardless of when and where the incidents 

actually occurred. For testing, and due to the large number of currently available AID 

algorithms, Zhou (2000) has selected only a representative set of algorithms that met the 

following criteria for testing: 

• The algorithm detection logic has been published, 
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• The algorithm has been tested using appropriate size of data, 

• The algorithm has been implemented in on of the TMCs, 

• The algorithm can be implemented in real time basis. 

 Based on these criteria, three algorithms, the California # 8, the DELOS, and 

McMaster algorithms, were selected for calibration and testing. Refer to Chapter Three 

for more explanations about these algorithms. In a previous but similar study, Peterman 

(1999) has calibrated these three algorithms using traditional approaches. An alarm is 

considered correct if the following rules are valid and false if not: 

• The date of the incident alarm is identical to the date of the incident, 

• The time of the incident alarm is no less than 10 minutes prior to the actual 

reported start time and no greater than the reported end time, and 

• The upstream and downstream detectors match the upstream pair or down stream 

pair of detectors  in any lane of the detection “zone”. 

6.3.2 THE TEXAS ALGORITHM 

 The Texas algorithm has been designed by TxDOT to automatically detect traffic 

incidents on Texas freeways. It is less elaborate compared to other sophisticated 

algorithms such as the California family, DELOS, and McMaster. While most algorithms 

utilize data from dual, upstream and downstream detector stations, the Texas algorithm 

examines the state of variable from single detector station. 

 Up to 1999, the Texas algorithm used to examine traffic occupancy using a 3-

minute moving window that is updated every one minute. That is, it first averages 20 

second occupancy measurements into 1-minute averages and then, it averages three 1-

minute averages into a 3-minute smoothed value. The algorithm compares these values to 
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a pre-specified occupancy and speed thresholds, and triggers an alarm when one of the 

occupancy or speed thresholds are exceeded. A major alarm is triggered when freeway 

speed drops below 30 mph or the occupancy exceeds 35 percent. Moreover, the algorithm 

triggers a minor alarm when speed drops below 45 mph or the occupancy exceeds 25 

percent. The values of the thresholds were high enough that it caused many incidents to 

go undetected. Accordingly, the TxDOT district engineers modified the logic used to 

trigger an alarm by eliminating the occupancy thresholds and adjusting the speed 

thresholds. Currently, the speed at detector stations are averaged for 2-minute. A minor 

alarm is triggered when the average speed for the whole lanes at detector station falls 

between 20 and 25 mph. Moreover, a major alarm is triggered when speed drops below 

20 mph at any detector station. 

 Given its uncomplicated logic, the calibration of the Texas algorithm was quite 

simple. The Texas algorithm has been calibrated by Peterman (1999) using various 

occupancy thresholds. Figure 6.3 illustrates the calibration performance of the Texas 

algorithm. It shows that for DR ranging from 0 to 80 %, large improvements in DR could 

be achieved by accepting a small increase in the false alarm rate. However, large losses in 

the FAR levels are found when DR exceeded 90%. 
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Figure 6.3 Calibration Performance of the Texas Algorithm (Peterman 1999) 

6.3.3 DATA PROCESSING 

Before using the traffic and incident  data to calibrate the California # 8, DELOS, 

and McMaster algorithms, Zhou (2000) has filtered the data from errors resulting from 

duplicate records.  A set of thresholds at pre-specified FAR level were selected. 

Triggered alarms are deemed correct if within ten minutes of the reported incident start 

time. When applying this logic, some incidents have shown to carry a time before the 

incident reported time resulting in negative values of TTD.  

6.3.4 ALGORITHMS CALIBRATION 

In his study Peterman (1999) has calibrated the California # 8, DELOS, and the 

McMaster algorithms using a traditional approach. Triggered alarms are considered 

correct if the following rules apply: 
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• The date of the incident alarm is identical to the date of the incident 

record, 

• The time of the incident alarm is no less than 10 minutes prior to the 

actual reported start time, and no greater than the reported end time, 

• The upstream and downstream detectors match either the upstream pair or 

downstream pair of detectors in any lane of the detection zone. 

If a particular algorithm alarm does not meet the entire requirements for any 

incident it is considered false alarm. These rules are developed to account for 

inaccuracies in incident reporting time and in the incident database obtained from 

TransGuide. The difference between the studies of Peterman (1999) and Zhou (2000) is 

that, Zhou has used much large thresholds than that those used by Peterman and he also 

obtained a Pareto-optimal at a predefined FAR level. The following is a discussion about 

the steps used by Zhou to determine optimum thresholds. 

6.3.4.1 Selection of Optimal Performance Threshold Sets 

In an effort to distinguish the false alarm level for any incident signal during the 

calibration process, additional set of threshold  values are generated using the Monte 

Carlo random number generation based on reported values in the literature. The threshold  

values were selected for the enveloping curve of the algorithm calibration results. By 

running the algorithm for a number of randomly generated threshold value combinations 

at TransGuide calibration data set, the performance of the California # 8, DELOS and 

McMaster algorithms are obtained in terms of detection rate and false alarm rate. 

6.3.4.2 The California # 8 Algorithm 

This algorithm is one of the most used algorithms by TMC nationwide. Reference 

to this algorithm has been made in Chapter Three. To calibrate this algorithm, a group of 

frontier thresholds at pre-specified FAR levels (e.g. 0.05 %, 0.1%, 0.2%, etc) were 
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selected. The optimal thresholds are illustrated in figure 6.4 and summarized in Table   

6.2. The performance of California # 8 depends to a large extent on the values of 

threshold 1 (T1), the Critical Spatial Occupancy Difference (OCCDF) as Table 6.2 

depicts. As the value of this threshold value decreases, both DR and FAR increases, 

regardless of other thresholds. The set of optimal thresholds produced here has been used 

later for algorithm calibration and testing. 

 

Figure 6.4The Selection of Optimal Thresholds Values of California # 8 Algorithm 

(Zhou 2000)  

Figure 6.4 illustrates the classical trade-off between DR and FAR of AID 

algorithms. Tuning algorithms to detect the slightest perturbation in traffic flow result in 

high DR, however, large numbers of false alarms are accordingly generated.  The large 

High numbers of false alarms causes frustration to traffic operators. This presents a 

challenge since operators might vote to completely shut the alarm system off. To reduce 

the number of false alarms generated, the speed or occupancy thresholds need to be 

relaxed. Relaxing these thresholds result in many undetected incidents.      
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Table 6.2 Optimal Threshold Values of California # 8 Algorithm (Zhou 2000) 

T1 T2 T3 T4 T5
52 -0.9 0.4 12 23 437522 10 224 25.6% 0.05% 550
38 -0.7 0.5 10 24 437522 15 448 38.5% 0.11% 32
29 -0.93 0.22 11 21 437522 21 873 53.8% 0.20% -3
24 -0.35 0.4 13 23 437522 24 1304 61.5% 0.30% 12
19 -0.45 0.11 10 21 437522 29 1770 74.4% 0.40% -95
18 -0.42 0.11 11.5 21.5 437522 30 2030 76.9% 0.46% -49
14 -0.45 0.11 10 22 437522 32 3141 82.1% 0.72% -10
12 -0.45 0.1 10 20 437522 33 4256 84.6% 0.97% -37
11 0.4 0.11 11 21 437522 34 5149 87.2% 1.18% -132
10 -0.4 0.11 10.5 21 437522 35 61766 89.7% 1.41% -99
8 -0.35 0.1 10 20 437522 38 8997 97.4% 2.06% -221
6 -0.44 0.39 10 26 437522 39 13043 100.0% 2.98% -260

Average 
TTD

Incidents 
Detected

False 
Alarms DR FAR

Thresholds Values
Tests 

 

 The performance of incident detection algorithms is typically measured based on 

the DR, FAR, and TTD. Using the optimal thresholds produced in table 6.2 to process the 

traffic and incidents data, the performance of the California # 8 has been measured as 

illustrated in Figure 6.5 at 0.5 % pre-selected FAR and in Figure 6.6 at 0.2% pre-selected 

FAR. 

 

Figure 6.5 Detection Performance of California # 8 at 0.5 % FAR with 10-minute 

Extended Detection Window (Zhou 2000) 
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Figure6.6 Detection Performance of California # 8 at 0.2 % FAR with 10-minute 

Extended Detection Window (Zhou 2000) 

 

6.3.4.3 The DELOS Algorithm 

 The DELOS algorithm, sometime referred to as the Minnesota algorithm,  bases 

its incident detection on two parameters. The first parameter (Tc) detects congestion and 

(Ti) detects incidents. Zhou has estimated two additional parameters that represent the lag 

between data impacts, and the exponential smoothing parameter �. From the Pareto-

optimal curve a group of thresholds were selected as illustrated in Figure 6.7. A Monte 

Carlo random number generation has been used to produce the optimal thresholds of the 

DELOS algorithm similar to the California # 8. These sets were used later to evaluate the 

performance of the DELOS algorithm. The optimal thresholds for the DELOS algorithm 

are summarized in Table 6.3 and illustrated in Figure 6.7.  
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Figure 6.7 Selection of Optimal Thresholds Values of DELOS Algorithm (Zhou 2000)  

 

Table 6.3 Optimal Threshold Values of DELOS Algorithm (Zhou 2000)  

Alpha Lag Tc Ti
0.07 11 1.45 0.57 437513 8 206 20.5% 0.05% 133
0.05 17 0.64 0.50 437507 18 431 46.2% 0.10% -60
0.09 14 0.50 0.55 437510 24 853 61.5% 0.19% 78
0.12 10 0.58 0.55 437514 30 1223 76.9% 0.28% -10
0.15 11 0.62 0.55 437513 33 1783 84.6% 0.41% 60
0.14 12 0.63 0.42 437512 34 2207 87.2% 0.50% -5
0.15 10 0.60 0.38 437514 36 2800 92.3% 0.64% 11
0.22 11 0.72 0.42 437513 36 4230 92.3% 0.97% -57
0.3 10 0.50 0.61 437514 37 5301 94.9% 1.21% -65
0.3 10 0.55 0.38 437514 37 8212 94.9% 1.88% -181

Thresholds Values Incidents 
DetectedTests

False 
Alarms DR FAR

Average 
TTD

 

Using the combination  of optimal thresholds, Zhou (2000) has used the database 

to produce the performance of the DELOS algorithm. Figure 6.8 illustrates the percentage 

of incidents   detected by the DELOS algorithm at 0.2% pre-selected FAR. Moreover, 

Figure 9.9 illustrates the percentage of different types of incidents   detected by the 

DELOS algorithm at 0.5 pre-selected FAR. 
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Figure 6.8 Detection Performance of DELOS at 0.2 % FAR with 10-minute Extended 

Detection Window (Zhou 2000) 

 

 

Figure 6.9 Detection Performance of DELOS at 0.5 % FAR with 10-minute Extended 

Detection Window (Zhou 2000) 
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6.3.4.4 The McMaster Algorithm 

The optimal threshold values for the McMaster algorithm has been generated 

similar to the California # 8 and DELOS algorithms. Several data points have been 

selected from the tradeoff curve to represent the optimal performance of the McMaster 

algorithm. The efficient frontiers are shown in Figure 6.10 and are summarized in Table 

6.4. 

 

Figure 6.10 Selection of Optimal Thresholds Values of McMaster Algorithm (Zhou 

2000) 

While subtle performance changes may be perceived with respect to these 

thresholds, for the most part, there is no threshold that significantly controls the algorithm 

performance, when examined individually.  

From the last column of Table 6.4, the time to detect incidents by the McMaster 

algorithm is longer relative to the California # 8 and the DELOS algorithms at most FAR 

levels.  
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Table6.4 Optimal Threshold Values of McMaster Algorithm (Zhou 2000) 

Oc Oc2 Lud(a) Lud(b) Lud©
20 19 -0.040 1.15 -2.00 437524 17 220 43.60% 0.05% 367
20 17 -0.030 0.99 -2.50 437524 18 395 46.20% 0.09% 227
20 18 -0.040 1.20 -1.50 437524 25 708 64.10% 0.16% 213
20 19 -0.030 1.10 -2.00 437524 26 1165 66.70% 0.27% 114
20 17 -0.028 0.95 -0.50 437524 27 1384 69.20% 0.32% 57
20 18 -0.036 1.19 -1.00 437524 30 1882 76.90% 0.43% 45
29 20 -0.030 1.20 -2.50 437524 32 1998 82.10% 0.46% -4
20 18 -0.037 1.20 -1.00 437524 33 2297 84.60% 0.52% 106
20 18 -0.035 1.20 -1.00 437524 35 2684 89.70% 0.61% 109
20 18 -0.030 1.15 -1.00 437524 37 3266 94.90% 0.75% 116
20 17 -0.030 1.20 -1.00 437524 39 4814 100.00% 1.10% 134

False 
Alarms DR FAR

Average 
TTDTests

Incidents 
Detected

Thresholds Values

 

 

Based on the optimal thresholds produced, the McMaster algorithm has 

performed better than both the California # 8 and DELOS algorithms. Using these 

threshold values, the performance of the McMaster algorithm has been illustrated in 

Figure 6.11 at 0.2% pre-selected FAR and Figure 6.12 at 0.5% pre-selected FAR.  

 

Figure 6.11 Detection Performance of McMaster at 0.2 % FAR with 10-minute 

Extended Detection Window (Zhou 2000) 
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Figure 6.12 Detection Performance of McMaster at 0.5 % FAR with 10-minute 

Extended Detection Window (Zhou 2000) 
 

6.3.4.5 Algorithm  Overall Performance 

 The data sample contained a total of 39 major and minor accidents combined. The 

three algorithms have reacted to these accidents differently. Table 6.5 summarizes the 

detection performance by each algorithm at various FAR levels, 0.05, 0.2, 0.5 and 1.00 

%. For major and minor accidents, the McMaster has consistently scored highest in terms 

of DR followed by the DELOS algorithm. From this point forward the California # 8 will 

be refereed to by CA. the McMaster algorithm will be referred to by MCM. 

 There are some incidents that are detected by one algorithm, some detected by 

two algorithms, and some   detected by the three algorithms. The probability of detection 

by any of the three algorithms has always scored higher than individual algorithms. At 

low FAR levels, such as 0.05%, the three algorithms have jointly detected 24 incidents. 

When relaxing the FAR thresholds to 1% pre-selected FAR threshold, the three 

algorithms have jointly detected all the accidents.  The Logman Model receives the 
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individual performance of the three algorithms as an input and predicts the combined 

performance of the systems in terms of DR, FAR, and TTD.  
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Table 6.5 Major and Minor Accidents Detected by CA # 8, DELOS and MCM 

A priori FAR
Incident ID CA Delos MCM � CA Delos MCM � CA Delos MCM � CA Delos MCM �

1 1 1 1 1 1 3 1 1 1 3 1 1 1 3
3 0 0 1 1 1 1 1 3 1 1 1 3 1 1 1 3
4 1 1 1 1 1 3 1 1 1 3 1 1 1 3
8 0 0 1 1 1 1 1 3 1 1 1 3 1 1 1 3
9 0 0 1 1 1 1

12 0 1 1 2 1 1 1 3 1 1 1 3
14 0 0 1 1 1 1 2
15 1 1 1 3 1 1 1 3 1 1 1 3 1 1 1 3

16 0 0 1 1 1 3 1 1 1 3

21 1 1 2 1 1 1 3 1 1 1 3 1 1 1 3
24 1 1 1 3 1 1 1 3 1 1 1 3 1 1 1 3

25 1 1 1 1 1 1 2 1 1 2
29 1 1 1 1 2 1 1 1 3 1 1 1 3

31 0 0 0 0 0 1 1

33 1 1 1 1 1 3 1 1 1 3 1 1 1 3

35 0 1 1 1 3 1 1 1 3 1 1 1 3
41 0 0 1 1 1 1 1 3

42 0 0 1 1 1 1 1 3 1 1 1 3 1 1 1 3

44 1 0 1 2 1 1 1 3 1 1 1 3 1 1 1 3
47 1 1 2 1 1 1 3 1 1 1 3 1 1 1 3
50 0 0 1 1 1 1 1 1 1 3 1 1 1 3
53 1 1 2 1 1 1 3 1 1 1 3 1 1 1 3
58 1 1 1 1 1 1 1 3 1 1 1 3
68 0 0 0 1 1
71 0 1 1 1 3 1 1 1 3 1 1 1 3
72 0 0 1 1 1 1 1 1 1 1 1 3
73 1 1 1 1 2 1 1 1 3 1 1 1 3
74 0 0 1 1 1 1
81 1 1 2 1 1 1 3 1 1 1 3 1 1 1 3
83 1 1 2 1 1 1 3 1 1 1 3 1 1 1 3
84 1 1 1 1 2 1 1 1 3 1 1 1 3
92 0 1 1 1 1 1 1 2
96 1 1 1 1 1 1 1 3 1 1 1 3
97 0 0 1 1 1 3 1 1 1 3
102 0 0 1 1 1 1 1 3

104 0 0 0 1 1 1 1 1 3 1 1 1 3

108 1 1 1 1 1 3 1 1 1 3 1 1 1 3

109 1 1 2 1 1 1 3 1 1 1 3 1 1 1 3
113 0 0 1 1 1 3 1 1 1 3

No. Detected 10 8 17 24 21 23 25 29 30 34 32 37 33 36 37 39

0.05% 0.20% 0.50% 1.00%

 



 151 

 

6.3.5 INCIDENTS TIME-TO-DETECT CALCULATIONS 

The time to detect the 39 incidents by any of the three algorithms at 0.2% and 

0.5% false alarm levels is summarized in Table 6.6. The results of this table have been 

utilized to construct  Figures 6.4, 6.5, 6.7, 6.8, 6.10, and 6.11. Many of these accidents 

have carried a negative value of TTD. This has happened due to the logic implemented 

for algorithms calibration. In real world, the TTD of traffic accidents is always positive. 

The results in Table 6.6 could be used to demonstrate the relative prediction capability of 

the Logman model.  

As it was explained earlier, the Logman Model is designed to produce random 

numbers that generally follow  a lognormal distribution. The numbers that are produced 

from lognormal distributions have always positive values. This fact is important, since it 

allows only positive TTD to be generated which reflect real world conditions. For these 

reasons combined, shifting the values of the time to detect incidents forward and then 

backward in time with equal values will not distort the overall performance of algorithms. 

This relationship could be presented by equation 6.1: 
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   (Eq 6.1) 

Where nxxxx ,,,, 321 �  represent observations of the TTD distribution 
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Table 6.6 TTD of Major and Minor Accidents by CA #, DELOS, and MCM at 0.2% 

and 0.5% FAR 

A priori FAR
Incident ID CA Delos MCM CA Delos MCM

1 -3 -7 -1 -5 -9 1
3 -7 19 -5 -9 -7 -7
4 -9 -5 7 -9 -10 -5
8 -10 -5 11 -5 17 -7
9 -9
12 -1 11 1 -1 -1
14 -10
15 -5 -3 -7 5 -5
16 -9 -7 -7
21 -5 -7 7 7 -10 -10
24 -5 -9 1 -9 -10 -9
25 11 -9 -10
29 -10 -5 5 11 -10
31
33 -10 -1 -3 -5 15 -5
35 -1 -7 5 -7 9 -7
41 -1
42 -5 -5 -5 -5 -9 -9
44 -10 -10 -5 -7 -7 7
47 7 3 3 -10 -3 -5
50 1 -10 -10 -9
53 -3 -1 -7 -9 -10 -5
58 -5 -1 3 -9
68
71 -9 -1 -5 -9 -9 19
72 -7 -10 -3
73 -7 -10 -7 21 -7
74 -5
81 -7 13 -7 -7 11 13
83 1 -7 -1 -9 -7 -10
84 11 9 -3 -7 -5
92 -3 -10
96 -3 3 3 -10
97 -10 -1 -9
102 15
104 27 -10 -9 -5
108 -10 -10 1 -9 -10 7
109 -5 -5 -5 -10 -5 1
113 -1 3 -5

Mean (min) -4.40 -0.87 -1.04 -5.03 -2.44 -4.24

St Dev. (min) 5.679 10.02 5.63 6.03 9.07 6.85
Mean + 10 minutes 5.60 9.13 8.96 4.97 7.56 5.76

0.20% 0.50%
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Using this mathematical formula, a fixed value can be added to the values of TTD 

and then subtracted after the data has been processed by the Logman Model without 

distorting the probabilistic distribution of TTD.  Utilizing this feature of the Normal and 

Lognormal distributions, the values of TTD for each algorithm can be shifted by the 

largest negative value of TTD to produce a purely positive TTD.  From Table 6.6, the 

largest negative value of TTD is -10 minutes. Adding ten minutes to every TTD value 

will produce a purely positive distribution for TTD. Table 6.7 summarizes the time to 

detect incidents by shifting the values in Table 6.6 by ten minutes. Note that empty 

spaces represent a failure of an algorithm to detect the specific accident while spaces with 

zero value represent accidents with -10 minutes TTD that has been shifted by 10 minutes.   
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Table6.7 Time-to-Detect Major and Minor Accidents by CA # 8, DELOS and MCM at 

0.2% and 0.5% FAR level 

A priori FAR
Incident ID CA Delos MCM CA Delos MCM

1 7 3 9 5 1 11
3 3 29 5 1 3 3
4 1 5 17 1 0 5
8 0 5 21 5 27 3
9 1

12 9 21 11 9 9
14 0
15 5 7 3 15 5
16 1 3 3
21 5 3 17 17 0 0
24 5 1 11 1 0 1
25 21 1 0
29 0 5 15 21 0
31
33 0 9 7 5 25 5
35 9 3 15 3 19 3
41 9
42 5 5 5 5 1 1
44 0 0 5 3 3 17
47 17 13 13 0 7 5
50 11 0 0 1
53 7 9 3 1 0 5
58 5 9 13 1
68
71 1 9 5 1 1 29
72 3 0 7
73 3 0 3 31 3
74 5
81 3 23 3 3 21 23
83 11 3 9 1 3 0
84 21 19 7 3 5
92 7 0
96 7 13 13 0
97 0 9 1
102 25
104 37 0 1 5
108 0 0 11 1 0 17
109 5 5 5 0 5 11
113 9 13 5

0.20% 0.50%
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To develop a lognormal distribution of TTD for individual algorithm values, the 

mean and standard deviation of the corresponding normal distribution need to be 

calculated. These values have been calculated initially for a normal distribution and are 

then transformed to a lognormal distribution. The distribution of the algorithms’ TTD has 

been presented in a form of mean and standard deviation. 

The following sections present the steps used to validate the Logman Model based 

on 0.2% and 0.5% pre-selected FAR level. The mathematical calculations performed by 

the Logman Model to predict the combined performance of the three algorithms have 

been discussed and thoroughly presented at 0.2% FAR level. There is no need to present 

the complete steps of validating the Logman model at 0.5% FAR, since they are identical 

to the steps at 0.2% FAR. Accordingly, only a brief discussion along with the results 

from the model at 0.5% FAR will be presented. 

6.3.5.1 Logman model validation at 0.2 % FAR 

The first step to validate the Logman Model is to prepare the conditional 

probability of DR in a form that is compatible with the Logman model format as Table 

6.8 shows. 

Table6.8 Conditional Detection Rates by CA, DELOS and MCM Algorithms at 0.2% 

and 0.5 FAR 

Probability
No. % No. %

P(CA) Only 0 0.00% 1 2.56%
P(CA n  DELOS) 2 5.13% 0 0.00%
P(CA n  MCM) 1 2.56% 0 0.00%
P(DELOS) Only 1 2.56% 3 7.69%
P(DELOS n  MCM) 2 5.13% 2 5.13%
P(MCM) Only 5 12.82% 2 5.13%
P(CA n  DELOS n  MCM) 17 43.59% 29 74.36%
P(CA U DELOS U MCM) 28 71.79% 37 94.87%
P(CA) 20 51.28% 30 76.92%
P(DELOS) 22 56.41% 34 87.18%
P(MCM) 25 64.10% 33 84.62%
TOTAL INCIDENTS 39 100.00% 39 100.00%

0.20% 0.50%
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The distribution of the individual TTD of algorithms is then calculated 

numerically (mean and standard deviation) from Table 6.7 and transformed into 

lognormal parameters as Table 6.9 shows.  

Table6.9 Algorithms’ Mean and Standard Deviation of Time to Detect at 0.2% and 

0.5% FAR level 

CA DELOS MCM
� 5.60 9.13 8.96 4.97 7.56 5.76
� 5.68 10.02 5.63 6.03 9.07 6.85

 0.7074 0.7905 0.3328 0.9050 0.8917 0.8814
� 1.4725 1.8991 2.1374 1.1939 1.6253 1.3625

Lognormal

Distribution Type 0.20% 0.50%

Normal

 

Where � represents the mean of TTD based on normal distribution 

 � represents the standard deviation of TTD based on normal distribution 

 � represents the mean of TTD based on lognormal distribution 

 � represents the standard deviation of TTD lognormal distribution 

The correlation factors between algorithms TTD at 0.2% and 0.5% FAR has been 

calculated using the formula CORREL () in Microsoft Excel® spreadsheets and 

summarized in Table 6.10.  

Table 6.10 Correlation Factors between the TTD of the California # 8, DELOS and 

the McMaster algorithms at 0.2% and 0.5% FAR 

0.2 % FAR 0.5 % FAR
California # 8 X DELOS 0.2790 0.2619
DELOS X McMaster -0.3139 -0.0869
California # 8 X McMaster 0.0939 -0.2638  

Using these correlation factors and standard deviation values of TTD, the lower 

triangular matrix could be determined. 

Calculating the covariance matrix using equation 6.14 yields 

 
Coveriance 32.2510 15.8704 -10.0363
Matrix 15.8704 100.4004 5.2915

-10.0363 5.2915 31.6969  

Calculating the lower triangular matrix using equation 6.6 yields 
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Matrix A 5.6790 0.0000 0.0000

2.7946 9.6224 0.0000
-1.7673 1.0632 5.2386  

 

Generally, the results of the Logman Model could be divided into four phases: 

1. Production of the distribution of the TTD, which is accomplished in three steps: 

o Production of randomly distributed numbers, 

o Conversion to standard normal distribution, and 

o Transformation to lognormal distributions 

2. Assign Detect/No detect, based on the conditional probabilities of detection, 

3. Assign TTD from phase one to the incidents detected in phase two, and 

4. Assign FAR, based on the conditional detection rate. 

 To facilitate the understanding of the steps of the Logman model, a group of 

tables has been used. Each table consists of a set of columns with a designated header to 

serve a specific function.  

6.3.5.2 Phase One: Production of the TTD Distribution 

In Table 6.11, columns 1, 2, and 3 are created to produce random numbers 

generated using the function RAND () in Microsoft Excel® spreadsheets. Each column 

represents an algorithm performance: the California # 8 (CA), DELOS, and McMaster 

(MCM), respectively and each row represents a data point or “observation”. For example, 

the first observation has produced the random numbers 0.25258, 0.83194, and 0.67718.  

Columns 4, 5, and 6 are created to calculate the standard normal distribution 

(Mean = 0, St Dev = 1) of the three algorithms based on the random numbers generated 

in columns 1, 2, and 3, respectively. Accordingly the results in columns 4, 5, and 6 could 

be calculated as:  

� (0.252580) = -0.6664 for CA 

� (0.83194) = 0.96185 for DELOS, and 
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 � (0.67718) = 0.45984 for MCM.  

The normal distribution of the TTD for each algorithm has been produced by 

multiplying the values generated in columns 4, 5, and 6 by the lower triangular matrix 

and adding the corresponding mean values as follows.  
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Columns 10, 11, and 12 in Table 6.12 represent the lognormal distribution values 

of TTD calculated by transforming columns 7, 8, and 9. The values of TTD in columns 

10, 11, and 12 would produce lognormal distribution with mean and standard deviation if 

large numbers of observations are randomly generated.  

6.3.5.3 Phase Two: Assignment of DR for the AID Algorithms 

The version of the Logman Model that is used for validation consists of a total of 

5400 data points or “observations”. These observations are used to calculate DR and FAR 

based on the conditional probabilities summarized in Table 6.8. Column 13 contains 

binary values 1 and zero that are assigned using equation 6.2 to represent true and false 

incidents.  
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RANDIF   (Eq 6.2) 

Where  

 XT represents the number of observations to be treated as true incidents 

 XF represents the number of observations to be treated as false incidents 

Consider a scenario where XT = 1000 observations, and XF = 4400 observations 

then assigned 1 if a random number scored a value smaller than 1000/5400 (= 0.1852) 

and zero if otherwise. The conditional probabilities of detection by algorithms are 
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summarized in columns 14 to 21. Equation 6.3 could be used to assign the probability of 

detection by any of the three algorithms. 

0)|(
1)|(
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�∪∪≥
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iiii

HMSMDELOSCAP

HMSMDELOSCAP
RANDIF …. Eq 6.3 

Where i = 1 or 0 

From Table 6.8, the value of )|( 1111 HMSMDELOSCAP ∪∪  

is 7119.0%19.71 ≡ . If a randomly generated number has produced a value greater than 

0.7119, then a binary value of 1 is assigned to column 14 and zero if otherwise. The 

result of this operation is summarized in Table 6.12. In tables6.12 and 6.13 assign binary 

values of detection/no detection of incidents based on the conditional probabilities of 

detection of incidents. Column 15 is used to assign binary values of detection/no 

detection of incidents based on the probability that it is detected by California # 8 

algorithm only and not detected by DELOS or McMaster algorithms. Column 16 is used 

to assign binary values of detection/no detection of incidents based on the probability that 

it is detected by the DELOS algorithm only and not detected by California # 8 and 

McMaster algorithms. Column 17 is used to assign binary values of detection/no 

detection of incidents based on the probability that it is detected by the McMaster 

algorithm only and not detected by California # 8 and DELOS algorithms. Column 18 is 

used to assign binary values of detection/no detection of incidents based on the 

probability of detection by both California # 8 and DELOS, and no detection by 

McMaster, provided that an incident has occurred. Column 19 in Table 6.13 is used to 

assign binary values of detection/no detection of incidents based on the probability of 

detection by both McMaster and DELOS, and not detected by California # 8, provided 

that an incident has occurred. Column 20 is used to assign binary values of detection/no 

detection of incidents based on the probability of detection by both McMaster and 

California # 8, and not detected by DELOS, provided that an incident has occurred. 

Column 21 in Table 6.13 is used to assign binary values of detection/no detection of 
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incidents based on the probability that it is detected by the three algorithms jointly, 

provided that an incident has occurred. Based on all of these conditional probabilities and 

by using Figure 6.2, the probability of detection by each algorithm could be calculated as 

 

 )()()( MLKKK XXXPonlyXPXP ∩∩+=  

   )()( MLXMLK XXXPXXXP ∩∩+∩∩+   (Eq 6.4) 

In Table 6.14, Column 22 represents the detection by the California # 8 

algorithms by combining the results of columns 15, 18, 20 and 21. Column 23 represents 

the detection by the DELOS algorithms by combining the results of columns 16, 18, 19 

and 21. Column 24 represents the detection by the McMaster algorithm by combining the 

results of columns 17, 19, 20 and 21. 



 161 

Table6.11 Sample of the Time to detect data calculation 0.2 FAR 

Col 1 Col 2 Col 3 Col 4 Col 5 Col 6 Col 7 Col 8 Col 9 Col 10 Col 11 Col 12
CA # 8 DELOS MCM CA # 8 DELOS MCM CA # 8 DELOS MCM CA # 8 DELOS MCM

1 0.25258 0.83194 0.67718 -0.6664 0.96185 0.45984 0.95113 14.3945 7.54686 1.67581 9.86086 4.73389
2 0.03801 0.83349 0.96459 -1.77427 0.96807 1.80669 -5.72457 11.8169 17.0947 0.58413 7.53965 17.5249
3 0.65768 0.49663 0.64848 0.40613 -0.00844 0.38123 7.41388 8.44981 8.04929 4.64879 5.30988 5.07143
4 0.95386 0.97267 0.80031 1.68348 1.92156 0.84273 15.1108 28.3772 7.03641 15.6703 42.2904 4.41397
. 0.00126 0.05299 0.66033 -3.02061 -1.6165 0.41336 -13.2346 -13.766 13.052 0.17848 0.52534 10.0687
. 0.7254 0.30464 0.08693 0.59895 -0.5111 -1.35989 8.57579 4.50826 -2.70976 5.58477 3.52241 1.16034
. 0.01124 0.98149 0.38723 -2.28212 2.08546 -0.28655 -8.78473 20.3906 1.6543 0.36032 18.4107 2.11058

5399 0.99177 0.19674 0.42198 2.39844 -0.85331 -0.19684 19.419 5.78804 4.48963 30.9361 4.02453 3.11319
5400 0.44802 0.45032 0.81709 -0.13066 -0.12485 0.90431 4.17937 6.15565 12.0241 2.78976 4.18156 8.74529  

Table6.12 Sample of the steps used to assign the detection rat at 0.2 FAR  

Col 13 Col 14 Col 15 Col 16 Col 17 Col 18
Incident ? P (CA1 U DELOS1 U MCM1| H1) P(CA1|H1) Only P(DELOS1|H1) Only P(MCM1|H1) Only P (DELOS1 n  CA1n  MCM0| H1)

1 1 0 0 0 0
1 1 0 0 0 0
1 1 0 0 0 0
1 0 0 0 0 0
1 1 0 0 0 0
1 1 0 0 0 0
1 1 0 0 0 0
1 0 0 0 0 0
1 1 0 0 0 0   
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Table6.13 Sample of the steps used to assign the detection rat at 0.2 FAR (B)  

Col 19 Col 20 Col 21
P (DELOS1 n  MCM1 n  CA0| H1) P (MCM1 n  CA1 n  DELOS0| H1) P (MCM1 n  DELOS1 n  CA1| H1)

0 0 1
0 0 1
0 0 1
0 0 0
0 0 1
0 0 1
0 0 1
0 0 0
1 0 0  
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6.3.5.4 The Time to Detect Incidents by Each Algorithm 

By referring to Table 6.11, columns 10, 11, and 12 contain the values of the time 

to detect incidents using the California # 8, DELOS and McMaster algorithms, 

respectively. These values are used to assign the TTD of incidents by each algorithm. To 

accomplish this step, the results in columns 25, 26, and 26 is produced by multiplying the 

binary values in columns 22, 23, 24 by the corresponding TTD values from columns 10, 

11, and 12. In Table 6.14, the values contained in columns 25, 26, and 27 represent the 

final distribution of incidents TTD and DR of the database. The mean of the TTD for the 

California # 8 algorithms is the average of the values in column 25. Also the mean of the 

TTD for the DELOS algorithm is the average of the values in column 26. Lastly, the 

mean of the TTD for the McMaster algorithm is the average of the values in column 27. 

Columns 28, 29, and 30 are developed to calculate the standard deviation of the 

TTD in columns 25, 26, and 27 for the California # 8, DELOS and McMaster, 

respectively by using the following formula: 

   
1

)(
)(.

2

−
−

=
n

xSUM
XDevSt iµ

  (Eq 6.5) 

Where St. Dev (X) is the standard deviation of the distribution for the specific 

algorithm X. 

 µ  is the mean of TTD 

 ix is the value of TTD for the specific observation. 
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Table 6.14Sample of the calculations made to assign TTD to incidents for CA, DELOS, and MCM algorithms 

Col 22 Col 23 Col 24 Col 25 Col 26 Col 27 Col 28 Col 29 Col 30
CA DELOS MCM CA DELOS MCM ST DEV (CA) ST DEV (DELOS) ST DEV (MCM)
1 1 1 14.09 7.99 4.31 104.11 0.45 1.80
0 0 0 0.00 0.00 0.00 15.09 53.53 31.98
1 1 1 2.14 8.68 1.29 3.05 1.87 19.02
1 1 1 10.50 3.78 0.53 43.76 12.51 26.26
1 1 1 0.52 0.97 4.15 11.30 40.33 2.27
0 0 0 0.00 0.00 0.00 15.09 53.53 31.98
1 1 1 3.95 1.63 8.26 0.00 32.38 6.77
1 1 1 3.82 6.04 5.32 0.00 1.64 0.12
0 1 0 0.00 11.46 0.00 15.09 17.15 31.98  
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Table 6.15Sample of calculations made to assign St. Dev of TTD for Accidents for CA, DELOS, and MCM algorithms 

Col 34 Col 35 Col 36 Col 37 Col 38 Col 39 Col 40
Total Detected FUSED (FIRST) FUSED (FIRST) STDEV (FIRST) FUSED (SECOND) FUSED (SECOND) STDEV (SECOND)

3.00 1 4.31 2.24 1.00 7.99 10.98
0.00 0 0.00 0.00 0.00 0.00 0.00
3.00 1 1.29 2.32 1.00 2.14 6.43
3.00 1 0.53 5.24 1.00 3.78 0.80
3.00 1 0.52 5.27 1.00 0.97 13.76
0.00 0 0.00 0.00 0.00 0.00 0.00
3.00 1 1.63 1.42 1.00 3.95 0.52
3.00 1 3.82 1.00 1.00 5.32 0.41
1.00 1 11.46 74.63 0.00 0.00 0.00
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Phase Three: False Alarm Rate Calculations 

The assignment of false alarms is simple relative to the assignment of true 

incidents because there is no need to calculate the TTD for false alarms. Predicting the 

false alarm rate for each algorithm follows similar steps to the one that are used for 

incident detection rate calculations. The results of Table 6.16 are dependent on the 

probability of true observations summarized in column 13 and the probability of 

detecting incidents by algorithms summarized in 14 from Table 6.12. All observations 

that are not used to represent true incidents in column 14 are used to represent false 

alarm. Column 41 contains binary values results of detection / no detection based on the 

conditional probability of detecting a false alarm. When substituting column 13 by 

column 41, the false alarm level of the three algorithms can be similarly evaluated. The 

functions are that has been used to produce the results in 14 are also being used in 

column 42. Similarly, the functions that have been used to produce the results in column 

15 are also being used in column 43. This is applicable to the remaining of the FAR 

columns from 44 to 49
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Table 6.16 Sample of the calculations made to assign FAR for CA, DELOS, and MCM algorithms (A) 

Col 41 Col 42 Col 43 Col 44 Col 45 Col 46
NO INCIDENTS P (CA1 U DELOS1 U MCM1| H0) P(CA1|H0) Only P(DELOS1|H0) Only P(MCM1|H1) Only P (DELOS1 n  CA1n  MCM0| H1)

0 0 0 0 0 0
0 0 0 0 0 0
0 0 0 0 0 0
0 0 0 0 0 0
0 0 0 0 0 0
0 0 0 0 0 0
0 0 0 0 0 0
0 0 0 0 0 0
0 0 0 0 0 0  

Table 6.17 Sample of the calculations made to assign FAR for CA, DELOS, and MCM algorithms (B) 

Col 47 Col 48 Col 49
P (DELOS1 n  MCM1 n  CA0| H1 P (MCM1 n  CA1 n  DELOS0| H1) P (MCM1 n  DELOS1 n  CA1| H1)

0 0 0
0 0 0
0 0 0
0 0 0
0 0 0
0 0 0
0 0 0
0 0 0
0 0 0  
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Table 6.18 Sample of the calculations made to assign FAR for CA, DELOS, and 

MCM algorithms (C) 

 
Col 50 Col 51 Col 52 Col 53 Col 54

CA DELOS MCM First Alarm Second Alarm
0 0 0 0 0
0 0 0 0 0
0 0 0 0 0
0 0 0 0 0
0 0 0 0 0
0 0 0 0 0
0 0 0 0 0
0 0 0 0 0
0 0 0 0 0  

6.3.6 LOGMAN MODEL VALIDATION AT 0.5 % FAR 

The steps used to predict the performance of three algorithms at 0.5% FAR need 

not to be fully detailed since they are identical to the steps at 0.2% FAR. However, a 

reference to the input and output of the model at 0.5% has been presented. To predict the 

performance of the three algorithms at 0.5%FAR, the detection rate and time to detect 

incidents values from Tables 6.7 and 6.6 are used. Table 6.19 summarizes the input and 

the initial steps of processing the model at 0.5% FAR. The results predicted by the model 

will be explained later when studying the efficiency and effectiveness of the Logman 

Model at 0.5% FAR level. 
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Table 6.19 Inputs to the Logman Model at 0.5% FAR 

Mx 4.9667
7.5588
5.7576

�x / Mx
�x 6.0257 1.2132

9.0694 1.1998
6.8512 1.1900

Correlation Factors
rho 1,2 0.2619
rho 1,3 -0.0869
rho 2,3 -0.2638

� �

California # 8 1.1502 0.9513
DELOS 1.5768 0.9444

McMaster 1.3095 0.9392

Coveriance 36.3092 14.3154 -3.5858
Matrix 14.3154 82.2540 -16.3888

-3.5858 -16.3888 46.9394

Matrix A 6.0257 0.0000 0.0000
2.3757 8.7527 0.0000
-0.5951 -1.7109 6.6074

Check A 36.3091954 14.31538874 -3.585834287
A * AT = 14.31538874 82.2540107 -16.38877945

-3.585834287 -16.38877945 46.93939394

OK  

6.4 The Efficiency and Effectiveness of the Logman Model 

Validation of models is important to ensure the development of reliable 

simulation models. Some of the features of reliable simulation models are accuracy, 

transferability of results, consistency, and ease of use. In addition, the time required to 

perform each run is an important factor that could hinder its use and could render the 

model impractical. 
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As it was stated earlier, the Logman Model consists of total 5400 observations 

that represent both incidents and non incidents conditions. The number of observations 

could be increased to improve the overall confidence in the results of the model. 

Theoretically, developing models that has large number of observations should result in a 

higher accuracy. However, the time to run the model increases exponentially with the 

increase in the number of observations. For instance, the Logman Model at its current 

number of observations (i.e. 5400) required less than ten seconds to execute a single run. 

However, when increasing the number of observations of the model to 50,000 

observations, the model required seven minutes to execute a single run. Since any single 

worksheet in Microsoft Excel can develop a maximum of 65,000 observations, then to 

design a model with higher number of observations different package could be needed 

such as Microsoft Access. In the following sections, the performance of the model at 

different numbers of true and false alarms observations has been investigated at 0.2% and 

0.5% FAR.  

6.4.1 THE LOGMAN MODEL ACCURACY AT 0.2% FAR 

Three scenarios have been developed to predict the accuracy of the Logman 

Model relative to the number of observations used. In the first scenario, a number of 1000 

observations were used to represent true incidents while the remaining 4400 observations 

of the model are used to represent false incidents. The Logman Model has predicted the 

DR, FAR, and the distribution (Mean and St. Dev.) of TTD for individual algorithms and 

algorithms working in combinations. The following sections present a comparison 

between the numerically calculated results and results predicted by the Logman Model 

for 1000, 3000, and 5000 true incidents observations. 
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6.4.1.1 Prediction Results for 1000 true observations at 0.2% FAR 

From Table 6.20, the Logman model has produced highly accurate results of DR 

at 0.2% FAR when 1000 observations are used. The Logman Model was able to predict 

the DR with more than 95 % accuracy level. Ten runs of the model have been used to test 

the consistency of the Model results. The results of the ten runs were consistent as 

indicated by the low value of standard deviation between runs. The performance of the 

model is similar for any of the individual algorithms for DR. Figure 6.12 compares the 

DR results produced by the model at 1000 observations to the numerically calculated  

results.  The model has been able to predict the combined performance of algorithms at  

first alarm scenario with a high accuracy reaching up to 97 percent. It has been able to 

predict the combined performance of algorithms at second alarm scenario with a high 

accuracy reaching up to 95 percent. 
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Table 6.20 Results of the Logman Model based on 1,000 true incident observation, 

0.2% FAR level 

DR (%)
Run # Cal # 8 DELOS McMaster First Alarm Second Alarm

1 48.50% 53.25% 62.37% 69.84% 53.35%
2 51.13% 55.54% 63.24% 71.25% 56.26%
3 51.48% 55.99% 65.71% 72.36% 57.22%
4 50.77% 56.23% 64.37% 71.88% 55.61%
5 51.53% 56.47% 62.19% 70.68% 56.37%
6 48.03% 54.09% 61.15% 69.02% 53.08%
7 52.87% 57.82% 64.36% 71.98% 57.62%
8 47.67% 52.82% 61.94% 69.18% 52.73%
9 48.59% 52.78% 60.88% 69.07% 53.07%

10 50.00% 56.14% 64.91% 72.42% 55.46%
Ave 50.06% 55.11% 63.11% 70.77% 55.08%

St Dev. 1.68% 1.66% 1.57% 1.32% 1.76%
FAR (%)

Run # Cal # 8 DELOS McMaster First Alarm Second Alarm
1 0.20% 0.25% 0.25% 0.29% 0.00%
2 0.27% 0.27% 0.27% 0.34% 0.00%
3 0.30% 0.36% 0.39% 0.43% 0.00%
4 0.09% 0.16% 0.09% 0.23% 0.00%
5 0.25% 0.32% 0.30% 0.34% 0.00%
6 0.27% 0.34% 0.34% 0.41% 0.00%
7 0.23% 0.20% 0.23% 0.27% 0.00%
8 0.11% 0.14% 0.14% 0.18% 0.00%
9 0.27% 0.23% 0.30% 0.34% 0.00%

10 0.41% 0.41% 0.39% 0.45% 0.00%
Ave 0.24% 0.27% 0.27% 0.33% 0.00%

St Dev. 0.09% 0.08% 0.09% 0.08% 0.00%
TTD (min)

Run # Cal # 8 DELOS McMaster First Alarm Second Alarm
1 3.03 8.64 9.41 4.47 6.82
2 3.00 8.93 9.70 4.35 7.52
3 3.21 8.87 9.50 4.30 7.02
4 3.17 7.88 9.81 4.28 7.09
5 3.17 8.57 9.33 4.15 6.82
6 3.06 8.15 9.61 4.48 6.73
7 3.12 7.88 10.16 4.46 6.96
8 3.14 8.08 9.91 4.43 6.90
9 2.99 7.62 10.05 4.61 6.80

10 3.17 8.48 9.22 4.26 7.00
Ave 3.11 8.31 9.67 4.38 6.97

St Dev. 0.08 0.43 0.30 0.13 0.21
St Dev - TTD (min)

Run # Cal # 8 DELOS McMaster First Alarm Second Alarm
1 1.57 9.94 5.52 4.42 5.27
2 1.58 9.03 5.58 4.31 6.48
3 1.54 11.06 5.53 3.86 5.89
4 1.51 8.70 5.99 4.11 6.62
5 1.52 12.17 5.86 3.67 5.74
6 1.56 8.87 5.53 4.18 5.14
7 1.60 7.90 6.49 5.00 5.34
8 1.53 7.61 6.09 4.05 4.93
9 1.46 7.71 6.41 5.21 4.64

10 1.49 8.50 5.27 3.52 5.53
Ave 1.54 9.15 5.83 4.23 5.56

St Dev. 0.04 1.42 0.39 0.51 0.61  
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Figure 6.12 numerically calculated vs. model prediction for DR at 1000 true 

observations and 0.2% FAR 

The Logman Model has also predicted the values of the individual FAR of 

algorithms and in combination, however, with low reliability at 0.2% FAR. It is difficult 

to reliably predict the values of FAR by using random numbers due to small values of 

FAR. In Figure 6.13, the model has consistently predicted the higher values of FAR 

relative to the input of individual algorithm. This is also true when algorithms are 

combined at first alarm. Table 6.20 also shows that there is a low probability of triggering 

a false alarm by more than one algorithm. This is presented by the extremely low 

detection of false alarms at second alarm scenario. 
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Figure 6.13, numerically calculated vs. model prediction for FAR at 1000 true 

observations and 0.2% FAR. 

The Logman Model has predicted the values of TTD with varied levels of 

accuracy as Figure 6.14 illustrates. For example, the results predicted by the model were 

best for the McMaster, followed by the DELOS. Although the model has predicted the 

values of the TTD for the California # 8 with extremely low accuracy, the results 

produced were consistent as supported by the small values of standard deviation from the 

ten runs in Table 6.20.  
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Figure 6.14 numerically calculated vs. model prediction for TTD at 1000 true 

observations and 0.2% FAR.  

The poor reliability of the Logman model to predict the TTD for the California # 

8 requires more investigation to understand the causes of this phenomenon. This could be 

accomplished by constructing the distribution of TTD for the California # 8.  
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Figure 6.15 numerically calculated vs. model prediction for St. Dev. of TTD at 1000 

true observations and 0.2% FAR.  

Figure 6.16 illustrates the probabilistic distributions of DR for the three 

algorithms at 0.2% FAR. With the support of Figure 6.17, it is easy to distinguish the 

difference in shape between the probabilistic distribution of TTD for the California # 8 

algorithm and the distribution of TTD for the DELOS and McMaster algorithms. While 

the distribution of DELOS and McMaster graphs resemble a lognormal distribution, the 

California # 8 has produced different distributions. The probabilistic distributions of TTD 

for the algorithms are not expected to be perfect due to the small size of traffic data used. 
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Probabilistic Distribution Function
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Figure 6.16 Probabilistic Distribution of TTD for Major and Minor Accidents 

Detected by the California # 8, DELOS, and McMaster at 0.2% 

 



 178 

Cumulative Distribution Function 
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Figure 6.17 Cumulative Distribution of TTD for Major and Minor Accidents Detected 

by the California # 8, DELOS, and McMaster at 0.2% 

It is easy to notice the difference between the Cumulative Distribution Function 

(CDF) for the three algorithms. In Figure 6.17, the California # 8 algorithm has been able 

to detected most of the incidents quickly; and only few have been detected at high TTD 

values. This is not the case for the DELOS and McMaster algorithms that have scored 

high values of detection rate and high TTD values. A suggestion has been made to 

investigate the distribution that best fits the performance of each algorithm. To 

accomplish this step, the BestFit© 4.0 computer package has been used. When 

processing the performance of each algorithm using BestFit© 4.0 package, the 

distributions summarized in Table 6.21, has been suggested  
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 Table 6.21 Best Fitting Probabilistic Distributions for the California 

#8, DELOS and McMaster Algorithms Based on TTD values 

0.2% FAR 0.5% FAR

Cal 8 Expon Expon 
ExtValue ExtValue
InvGauss Pareto
Logistic InvGauss

Delos Expon Expon 
InvGauss Pareto
LogLogistic InvGauss
Lognormal

McMaster InvGauss InvGauss
LogLogistic Lognormal
ExtValue ExtValue
Pearson Expon 
Lognormal  

As it was expected, the probabilistic distribution of TTD for the California # 8 

could not be perfectly represented by the lognormal distribution but rather by other types 

of distribution such as the Exponential, Inverse Gaussian, and Logistic. Based on the 

results that suggested by BestFit© 4.0, a recommendation could be made to predict the 

most fitting distribution of the performance before application to the model.  

In Figure 6.14, the model has predicted the average time to detect incidents by the 

three algorithms at first alarm with high accuracy; however, the low accuracy of the 

model to predict the average time to detect incidents by the California # 8 algorithm has 

deformed this value. Since the California # 8 has consistently scored low values of time 

to detect incidents, and since in this scenario incidents are detect at first alarm, the results 

of the California # 8 will affect the results the most.  

The model has predicted the standard deviation of the time to detect similar to the 

values of the average time to detect incidents.  

Table 6.22 summarizes the precision of the results predicted by the model by the 

individual algorithms and when combined in first and second alarm. In summary, the 
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Logman Model has been able to predict the individual and combined performance of 

algorithms in terms of DR, TTD and St. Dev of TTD with high accuracy. The model has 

not been able to predict the individual and combined performance of incident detection 

algorithms with high accuracy due to its small values.  

Table 6.22 Accuracy of Prediction by the Logman Model for 1,000 true observations 

at 0.2% FAR level 

California # 8 DELOS MCM First Alarm Second Alarm
DR (%) >97% >96% >97% >97% >95%
FAR (%) >75% >45% >45% N/A N/A

TTD (min) >55% >85% >90% >74% >95%
St TTD (min) >30% >90% >93% >50% >92%  

 

Prediction Results for 3000 true observations at 0.2% FAR 

 From Table 6.22, the Logman model has been able to produce highly accurate and 

consistent results of DR at 0.2% FAR when 3000 observations are used. The low values 

of standard deviation from the ten runs support the consistency of the prediction. The 

model has been also able to predict the performance of individual algorithms similarly. 

Figure 6.18 compares the values of DR predicted by the model at 3000 observations to 

their numeric counterparts. The model has predicted the combined performance of the 

algorithms with high accuracy similar to the individual algorithms. The combined 

performance of the algorithms has been predicted with high accuracy at second alarm. 

Nevertheless, these results were less accurate than at first alarm. The model predicted the 

values of the detection rate for the individual and the combined algorithms at 3000 

observations with higher accuracy then when 1000 observations were used. This is due to 

the large number of observations that represent true incidents at 3000 observations.  
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Table 6.23 Results of the Logman Model based on 3,000 true incident observation, 

0.2% FAR level 

DR (%)
Run # Cal # 8 DELOS McMaster First Alarm Second Alarm

1 50.54% 57.08% 63.15% 71.83% 55.76%
2 51.21% 56.90% 65.11% 72.17% 56.80%
3 52.20% 57.81% 64.77% 73.25% 57.47%
4 52.13% 57.42% 64.12% 71.59% 57.19%
5 50.77% 56.64% 63.49% 71.54% 56.24%
6 49.39% 54.99% 63.71% 71.04% 54.92%
7 52.81% 57.06% 64.92% 72.37% 57.60%
8 50.56% 56.56% 64.53% 71.92% 55.99%
9 50.95% 55.31% 64.82% 71.05% 55.70%

10 51.98% 56.24% 64.83% 71.71% 56.87%
Ave 51.25% 56.60% 64.34% 71.85% 56.46%

St Dev. 0.97% 0.84% 0.65% 0.62% 0.83%
FAR (%)

Run # Cal # 8 DELOS McMaster First Alarm Second Alarm
1 0.20% 0.24% 0.20% 0.33% 0.00%
2 0.28% 0.32% 0.40% 0.40% 0.00%
3 0.24% 0.24% 0.16% 0.28% 0.00%
4 0.20% 0.20% 0.16% 0.29% 0.00%
5 0.25% 0.33% 0.25% 0.33% 0.00%
6 0.25% 0.29% 0.29% 0.38% 0.00%
7 0.41% 0.41% 0.37% 0.49% 0.00%
8 0.46% 0.38% 0.46% 0.50% 0.00%
9 0.41% 0.33% 0.37% 0.46% 0.00%

10 0.25% 0.25% 0.25% 0.25% 0.00%
Ave 0.30% 0.30% 0.29% 0.37% 0.00%

St Dev. 0.09% 0.06% 0.10% 0.08% 0.00%
TTD (min)

Run # Cal # 8 DELOS McMaster First Alarm Second Alarm
1 3.01 7.97 9.65 4.37 6.65
2 3.08 8.42 9.89 4.56 7.06
3 3.04 8.13 9.54 4.27 6.78
4 3.11 8.28 9.33 4.29 6.72
5 3.12 8.02 9.57 4.30 6.87
6 3.10 7.86 9.58 4.41 6.76
7 3.11 7.82 9.64 4.36 6.78
8 3.09 7.52 9.50 4.27 6.71
9 3.05 8.12 9.63 4.50 6.64

10 3.00 7.86 9.89 4.28 6.82
Ave 3.07 8.00 9.62 4.36 6.78

St Dev. 0.04 0.24 0.16 0.10 0.12
St Dev - TTD (min)

Run # Cal # 8 DELOS McMaster First Alarm Second Alarm
1 1.56 8.28 6.16 4.49 4.80
2 1.53 8.34 6.28 4.76 5.56
3 1.54 8.50 5.70 4.19 5.00
4 1.57 8.77 5.80 4.33 5.06
5 1.57 8.82 5.71 4.20 5.36
6 1.55 8.73 5.81 4.29 5.10
7 1.56 7.92 6.06 4.60 5.17
8 1.58 7.50 5.27 3.96 4.92
9 1.57 8.56 5.98 4.95 5.26

10 1.51 7.83 6.04 4.21 5.12
Ave 1.55 8.33 5.88 4.40 5.13

St Dev. 0.02 0.42 0.27 0.29 0.21  
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 It is difficult to reliably predict the values of FAR by using random numbers due 

to small values of FAR. In Figure 6.19, the predicted FAR levels have consistently 

predicted higher values than the input FAR for the individual algorithms and also for the 

combined performance at first alarm. The combined performance of FAR at second alarm 

is not available from the database, so no serious comparison could be made. Table 6.22 

also shows that there is a low probability of triggering a false alarm by more than one 

algorithm. This is presented by the extremely low detection of false alarms at second 

alarm scenario. The individual predicted values of FAR for each algorithm have recorded 

a prediction performance that is worse than for 1000 observations. This is due to the low 

number of observations that are used to represent false incidents. 
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Figure 6.18 numerically calculated vs. model prediction for DR at 3000 true 

observations and 0.2% FAR.  
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Figure 6.19 numerically calculated vs. model prediction for FAR at 3000 true 

observations and 0.2% FAR.  

The model has predicted the time to detect incidents by algorithm with varied 

levels of accuracy. This result is illustrated in Figure 6.19. For example, the prediction 

results were best for the McMaster algorithm, followed by the DELOS algorithm. 

Although the model has be able to predict the time to detect incidents by the California # 

8 algorithm with extremely low accuracy, the results produced were consistent as is 

represented by the small values of standard deviation from the ten runs. Similarly, by 

refereeing to Figures 6.16 and 6.17, the probabilistic distributions of the California # 8 

algorithm does not resemble the distribution of TTD for the DELOS and McMaster 

algorithms. Accordingly the results predicted by using lognormal distribution for TTD 

values of the California # 8 are not highly accurate. The effects of the deformed results of 

TTD from the California algorithm  could also be noticed at in the combined performance 
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results at 3000 observations. The overall prediction accuracy of the model has improved 

in terms of the values of the average time to detect incidents when using a higher number  

of observations that represent true incidents.  
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Figure 6.20 numerically calculated vs. model prediction for TTD at 3000 true 

observations and 0.2% FAR.  

For the values of the standard deviation of the time to detect incidents, the model 

has been able to produce a performance similar to accuracy when the average time to 

detect incidents has been predicted in Figure 6.20. The model has performed poorly when 

predicting the standard deviation of the time to time incident using the California # 8 

algorithm. Table 6.23 summarizes the accuracy levels of the Logman model results at 

3000 true observations. 
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Figure 6.21 numerically calculated vs. model prediction for St Dev of TTD at 3000 

true observations and 0.2% FAR.  

Table 6.23 Accuracy of Prediction by the Logman Model for 3,000 true observations 

at 0.2% FAR level 

California # 8 DELOS MCM First Alarm Second Alarm
DR (%) >95% >96% >97% >97% >95%
FAR (%) >45% >45% >45% N/A N/A

TTD (min) >5% >85% >90% >74% >95%
St TTD (min) >30% >80% >93% >50% >92%  

Prediction Results for 5000 true observations at 0.2% FAR 

From Table 6.24, when 5000 observations are used, the Logman model has been 

able to produce highly accurate and consistent results for detection at a FAR rate of 0.2%. 

Figure 6.22 compares the DR results produced by the model at 5000 observations to the 

results numerically calculated. The model has been able to predict the combined 
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detection rate of the three algorithms at second alarm with high accuracy. Generally, the 

overall performance of the Logman Model to predict the DR at 5000 observations has 

been better than at 1000 or 3000 observations.  
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Table 6.24 Results of the Logman Model based on 5,000 true incident observation, 

0.2% FAR level 

DR (%)
Run # Cal # 8 DELOS McMaster First Alarm Second Alarm

1 51.99% 56.67% 64.84% 72.43% 57.25%
2 50.76% 55.84% 63.75% 70.98% 55.78%
3 49.45% 54.88% 62.85% 71.20% 54.42%
4 51.87% 56.93% 64.84% 72.58% 56.89%
5 52.65% 56.96% 64.12% 71.81% 57.66%
6 52.90% 57.98% 65.19% 72.95% 57.84%
7 50.79% 55.74% 63.33% 70.87% 55.80%
8 48.21% 53.52% 61.80% 69.77% 53.82%
9 52.12% 57.33% 64.67% 71.76% 57.47%

10 52.86% 57.19% 64.85% 72.35% 57.79%
Ave 51.36% 56.30% 64.02% 71.67% 56.47%

St Dev. 1.48% 1.26% 1.03% 0.92% 1.38%
FAR (%)

Run # Cal # 8 DELOS McMaster First Alarm Second Alarm
1 0.00% 0.00% 0.00% 0.00% 0.00%
2 0.25% 0.51% 0.25% 0.51% 0.00%
3 0.00% 0.00% 0.00% 0.00% 0.00%
4 0.72% 0.72% 0.72% 0.72% 0.00%
5 0.48% 0.48% 0.24% 0.48% 0.00%
6 0.00% 0.00% 0.00% 0.00% 0.00%
7 0.77% 0.77% 0.77% 0.77% 0.00%
8 0.00% 0.00% 0.00% 0.00% 0.00%
9 0.72% 0.72% 0.72% 0.72% 0.00%

10 0.72% 0.72% 0.72% 0.72% 0.00%
Ave 0.37% 0.39% 0.34% 0.39% 0.00%

St Dev. 0.33% 0.33% 0.33% 0.33% 0.00%
TTD (min)

Run # Cal # 8 DELOS McMaster First Alarm Second Alarm
1 3.10 8.26 9.72 4.40 7.01
2 3.12 7.95 9.59 4.35 6.82
3 3.11 8.22 9.69 4.58 6.96
4 3.13 8.15 9.76 4.34 6.82
5 3.12 8.12 9.47 4.18 6.84
6 3.09 7.86 9.72 4.29 6.76
7 3.12 7.99 9.74 4.43 6.82
8 3.19 8.33 9.65 4.48 7.10
9 3.09 8.07 9.57 4.21 6.73

10 3.14 8.09 9.61 4.25 7.00
Ave 3.12 8.11 9.65 4.35 6.89

St Dev. 0.03 0.14 0.09 0.12 0.12
St Dev - TTD (min)

Run # Cal # 8 DELOS McMaster First Alarm Second Alarm
1 1.55 9.17 5.78 4.63 5.81
2 1.55 8.18 5.89 4.36 5.05
3 1.55 8.66 6.05 4.68 5.40
4 1.55 9.54 5.87 4.40 5.50
5 1.56 9.13 5.72 3.98 5.81
6 1.55 7.99 6.04 4.42 5.19
7 1.57 8.14 5.94 4.36 5.23
8 1.57 8.77 5.75 4.21 5.30
9 1.54 8.75 5.60 3.91 4.82

10 1.53 8.62 5.84 4.09 5.57
Ave 1.55 8.69 5.85 4.30 5.37

St Dev. 0.01 0.47 0.13 0.24 0.30  
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Figure 6.22 numerically calculated vs. model prediction for DR at 5000 true 

observations and 0.2% FAR.  

When predicting the values of false alarm rate by the model when 5000 true 

incidents observations were used at 0.2% FAR, the model has been able to produce 

highly accurate results. In Figure 6.23, the predicted FAR levels have consistently 

predicted higher values than the input FAR values. The combined performance of FAR is 

not available from the base, so no serious comparison could be made. Table 6.20 also 

shows that there is a low probability of triggering a false alarm by more than one 

algorithm. The model has predicted the false alarm levels of individual algorithms at 

5000 with poor accuracy relative to when 1000 observations or 3000 observations were 

used.  
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Figure 6.23 numerically calculated vs. model prediction for FAR at 5000 true 

observations and 0.2% FAR.  

The Logman Model has been able to predict the average time to detect incidents 

with varied levels of accuracy as Figure 6.24 illustrates. For example, the prediction 

results were best for the McMaster algorithm, followed by the DELOS algorithm. 

Although the model has predicted the average time to detect incidents with extremely low 

accuracy, nevertheless, these values were consistent. Similarly, by refereeing to Figures 

6.16 and 6.17, the probabilistic distributions of the California # 8 algorithm does not 

resemble the distribution of TTD for the DELOS and McMaster algorithms. In Figure 

6.12, the combined performance of the three algorithms at first alarm has recorded high 

prediction performance. However, the effects of the deformed results from the California 

# 8 algorithm could be noticed since low values have consistently been recorded. 

Generally, the Logman Model has been able to produce highly accurate results of TTD 

when a larger number of observations are used to represent true incidents. As such, the 
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values of TTD at 5000 true observations are more accurate than at 1000 or 3000 

observations. 
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Figure 6.24 numerically calculated vs. model prediction for TTD at 5000 true 

observations and 0.2% FAR.  

The prediction performance of the Logman Model has produced standard 

deviation of TTD results similar to the performance of the TTD as figure 6.22 depicts. A 

very low reliability has been reflected in the California # 8 results. 
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Table 6.25 Accuracy of Prediction by the Logman Model for 5,000 true observations 

at 0.2% FAR level 

Table 6.24 Accuracy of Prediction by the Logman Model for 5,000 true observations 

at 0.2% FAR level 

California # 8 DELOS MCM First Alarm Second Alarm
DR (%) >95% >96% >97% >97% >95%
FAR (%) >95% >5% >45% N/A N/A

TTD (min) >5% >85% >90% >74% >95%
St TTD (min) >30% >85% >93% >50% >92%  

The accuracy of the Logman model to predict the performance of the three 

algorithms has been summarized in Table 6.24 for different number of observations 1000, 

3000, and 5000.  
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Table 6.26 Summary of the Logman Model results for1000, 3000, and 5000 

observation scenarios at 0.2% FAR level 

 
DR (%) No of Obs. Cal # 8 DELOS McMaster First Alarm Second Alarm

Numerically Numerically 51.28% 56.41% 64.10% 71.79% 56.41%
Logman Model 1,000 50.06% 55.11% 63.11% 70.77% 55.08%
Logman Model 3,000 51.25% 56.60% 64.34% 71.85% 56.46%
Logman Model 5,000 51.36% 56.30% 64.02% 71.67% 56.47%

FAR (%) No of Obs. Cal # 8 DELOS McMaster First Alarm Second Alarm
Numerically Numerically 0.20% 0.20% 0.20% 0.35% 0.00%

Logman Model 1,000 0.24% 0.27% 0.27% 0.33% 0.00%
Logman Model 3,000 0.30% 0.30% 0.29% 0.37% 0.00%
Logman Model 5,000 0.37% 0.39% 0.34% 0.39% 0.00%

TTD (min) No of Obs. Cal # 8 DELOS McMaster First Alarm Second Alarm
Numerically Numerically 5.60 9.13 8.96 5.79 6.91

Logman Model 1,000 3.11 8.31 9.67 4.38 6.97
Logman Model 3,000 3.07 8.00 9.62 4.36 6.78
Logman Model 5,000 3.12 8.11 9.65 4.35 6.89

St. Dev (min) No of Obs. Cal # 8 DELOS McMaster First Alarm Second Alarm
Numerically Numerically 5.68 10.02 5.63 8.09 5.35

Logman Model 1,000 1.54 9.15 5.83 4.23 5.56
Logman Model 3,000 1.55 8.33 5.88 4.40 5.13
Logman Model 5,000 1.55 8.69 5.85 4.30 5.37  

 

Generally, the Logman Model has been able to produce highly accurate results of 

detection rate and low accuracy of false alarm rate. The small values of false alarm rate 

could not be reliably simulated using random numbers. Since the data used from Zhou 

work did not include algorithms conditional probabilities of false alarm rate, no 

comparison has been made with the numerically calculated values and thus stated as 

“N/A”.  

6.4.1.2 The Logman Model Accuracy At 0.5% FAR 

The effectiveness of the Logman Model to predict the individual and combined 

performance of the algorithms has followed steps similar to the validation at 0.2% FAR. 

Using the average time-to-detect incidents, the standard deviation of the time to detect 

incidents, the correlation factors, the false alarm rate, and the conditional probability of 



 193 

incidents detection by each algorithm, the Logman model has predicted the results of the 

simulation as Table 6.25 summarizes. 

Table 6.25 Summary of the Logman Model results for all observations scenarios at 

0.2% FAR level 

 
DR (%) No of Obs. Cal # 8 DELOS McMaster First Alarm Second Alarm

Numerically Numerically 76.92% 87.18% 84.62% 94.87% 79.49%
Logman Model 1,000 76.27% 86.53% 84.18% 94.44% 78.96%
Logman Model 3,000 76.96% 87.17% 84.78% 94.91% 79.62%
Logman Model 5,000 77.32% 87.14% 84.60% 94.90% 79.61%

FAR (%) No of Obs. Cal # 8 DELOS McMaster First Alarm Second Alarm
Numerically Numerically 0.50% 0.50% 0.50% N/A N/A

Logman Model 1,000 0.41% 0.40% 0.42% 0.68% 0.00%
Logman Model 3,000 0.37% 0.36% 0.35% 0.64% 0.00%
Logman Model 5,000 0.56% 0.59% 0.63% 0.83% 0.00%

TTD (min) No of Obs. Cal # 8 DELOS McMaster First Alarm Second Alarm
Numerically Numerically 4.97 7.56 5.76 2.27 4.55

Logman Model 1,000 3.96 7.30 5.90 2.84 4.78
Logman Model 3,000 3.94 7.28 5.87 2.79 4.70
Logman Model 5,000 3.91 7.27 5.85 2.81 4.68

St. Dev (min) No of Obs. Cal # 8 DELOS McMaster First Alarm Second Alarm
Numerically Numerically 6.03 9.07 6.85 8.09 5.35

Logman Model 1,000 3.15 8.90 6.95 3.71 4.71
Logman Model 3,000 3.13 8.45 7.19 3.70 3.64
Logman Model 5,000 3.11 8.82 6.87 4.05 3.71  

 From Table 6.25, the accuracy of the Logman model to predict the different 

performance parameters (DR, FAR, and distribution of TTD) could be estimated as 

summarized in Table 6.26. The Logman Model has been able to predict the values of 

detection rate with accuracy higher than 95 percent. It has also predicted the values of the 

false alarm level with various levels of accuracies ranging from very poor reliability to 

high reliability. This is mainly due to the inherently small values of FAR which are hard 

to be predicted using random number generation. Similar to the detection at 0.2% FAR, 

the Logman Model has produce highly accurate values of time to detect incidents by the 

DELOS and McMaster algorithms, while extremely poor results for the California # 8 

algorithm. When using the BestFit© 4.0, the best fit probabilistic distribution for the 
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California # 8 at 0.5% had recorded distributions that are different from lognormal 

distribution.  

Table 6.26 Summary of the confidence in the values predicted by the Logman Model 

at 0.5%FAR 

1000 Observations
California # 8 DELOS MCM First Alarm Second Alarm

DR (%) >97% >96% >97% >97% >95%
FAR (%) >75% >45% >45% N/A N/A

TTD (min) >55% >85% >90% >74% >95%
St TTD (min) >30% >90% >93% >50% >92%

3000 Observations
California # 8 DELOS MCM First Alarm Second Alarm

DR (%) >95% >96% >97% >97% >95%
FAR (%) >45% >45% >45% N/A N/A

TTD (min) >5% >85% >90% >74% >95%
St TTD (min) >30% >80% >93% >50% >92%

5000 Observations
California # 8 DELOS MCM First Alarm Second Alarm

DR (%) >95% >96% >97% >97% >95%
FAR (%) >95% >5% >45% N/A N/A

TTD (min) >5% >85% >90% >74% >95%
St TTD (min) >30% >85% >93% >50% >92%  

6.4.2 SUMMARY 

In the previous section, Zhou (2000) has utilized traffic and incident data that is 

collected by San Antonio TransGuide to investigate the potentials of algorithm fusion. In 

this study, the potential of fusing the California # 8, DELOS and McMaster algorithms 

has been investigated. Zhou has calibrated the algorithms based on a set of optimal 

thresholds developed from a Monte Carlo random numbers. The original traffic data 

collected was large; however, only major and minor accidents are used to validate the 

Logman Model. The results of algorithms testing have been presented in a form of DR, 

FAR, and the probabilistic distribution of TTD. These results have then been used to 
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validate the Logman Model. The performance of the model has been validated at 0.2% 

and 0.5% false alarm levels. The steps that were followed to implement the results from 

Zhou study to the Logman Model have been thoroughly documented. 

To verify the efficiency and effectiveness of the Logman Model using Zhou’s 

results, three scenarios have been developed with 1000, 3000, and 5000 observations. 

Executing a single run of the Logman Model takes a short time, within ten seconds. This 

is an advantage that would allow the use of the model on a daily basis. On the other hand, 

developing a large version of the model requires a long time to execute. For example, a 

version has been developed that included 50,000 observations and it required seven 

minutes to execute a single run.  

The results produced by the Logman Model had varied levels of accuracy. For 

prediction of the detection rate of algorithms, a high accuracy level above 95% has 

consistently being reported. The small value of the false alarm rates from each algorithm 

hindered producing reliable prediction due to the nature of random numbers. This could 

support the need for high number of observations even at the expense of the processing 

time needed. Nevertheless, the accuracy of predicting the false alarms is acceptable given 

their small value. The time to detect incidents have been predicted with high accuracy, 

however, the results of the California # 8 algorithm are not reliable. When constructing 

the probabilistic distribution of the three algorithms using BestFit© 4.0, it could be 

noticed that the time to detect incidents using the California # 8 does not exactly follow a 

lognormal distribution. This fact has cause the model to predict the values of the time to 

detect incidents using the California # 8 algorithm with poor reliability. Some efforts 

might be needed before hand to estimate the distribution that could perfectly represent 

each algorithm before application to the model. 
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6.5 Multiple Detection Systems Validation 

 The second endeavor to validate the Logman Model has been made based on the 

combined performance of incidents detection systems that are currently deployed in San 

Antonio. By referring to chapter 2, TransGuide employs multiple sensing systems for 

incident detection and traffic estimation. For incident detection, the TMC employs visual, 

human assisted methods such as the CCTV system, reports from motorists with cellular 

phones and reports from Police Patrol. The TMC also implements automated incidents 

detection by processing the loop data using the Texas Algorithm. TransGuide utilizes an 

Automated Vehicle Identification (AVI) system to measure the travel time for certain 

links of San Antonio network. A large number of magnetic tags are distributed to 

volunteer drivers to attach to the windshield of their vehicles. These tags are encrypted to 

protect the identity of drivers and encourage drivers to participate in the program. A 

number of AVI stations have been installed along interstate I-35 and loop 410 to sense 

the presence of a vehicle by communicating with the magnetic tag. The travel time for 

certain links is calculated as the difference between the time stamp of upstream and 

downstream AVI stations. Due to the AVI system frequent breakdowns caused by 

overloaded trucks, its high maintenance costs, and the low level of tag penetration in the 

traffic, the system has been dismantled from freeways and relocated to serve the travel 

time for arterial roads. The initial plan for the AVI system is to be used for incident 

detection and traffic estimation. However, due to the poor reliability the system to detect 

incidents the AVI system, focus has shifted to rely completely on the ILD system as the 

only automated detention system.  

 The decision of TxDOT engineers to relocate the AVI system to serve arterials 

provides a good justification to undertake this research. The results of this research have 
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the potential of supporting decisions about investments in incidents detection systems. 

Modeling the performance of these systems before full scale deployment would have 

saved TxDOT precious resources of time and money. The validation process of the 

Logman Model using the data from San Antonio could be divided into five major phases: 

• Data collection 

• Data processing 

• Data analysis 

• Implementation to the Logman Model, and 

• Study the results and provide conclusions. 

6.5.1 DATA COLLECTION PHASE 

 Mahmassani et al (2002) have conducted a study for TxDOT to integrate link-

based and point-based vehicle detection data for speed estimation. To achieve the 

objective of this study, traffic and incident data has been collected form San Antonio 

freeways in July 2001. In this study a data collection form was developed and used to 

collect the incidents data. After consultation with TransGuide operation managers, the 

form that was used in 2001 by Mahmassani et al (2002) was improved to be used for a 

new data collection period in 2003.  Incidents data was collected for two weeks, from 

June 5th to 18th, 2003, for the new period. Only peak hours (6:00 to 10:00 AM for 

morning peak and 3:00 to 7:00 PM for evening peak) during work days have been 

considered. A team of operators that ranges from five to seven have participated in the 

data collection process. It is worth noting that even with the extreme care that operators 

have made to record the data, some information elements were still missing such as 

highway direction or intersecting street. This has mainly happened due to operators’ 
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exhaustion. The author of this report has been simultaneously saving incident logs and 

copies of highway maps from TransGuide website to supplement the data collected by 

operators. This step proved to be useful in the data analysis phase. Missing data are 

completed by using incidents logs. Figure 6.26 illustrates the steps of the data collection 

process. 
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Figure 6.26 Steps of the Data Collection Process 
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6.5.1.1 Data Description 

 In the two-week data collection period; operators have recorded a total of 271 

incidents during morning peak hours and 167 incidents during evening peak hours. Refer 

to Appendix (A) for the complete list of the recorded incidents. As it was explained 

earlier, some of the incidents records were not complete. Examples of the data elements 

that missing were incident types, freeway, intersecting street, and detection time. These 

missing data elements caused minimum discrepancies in the total numbers. Incidents that 

have missing data elements are completed with the aid of the incident logs and maps. 

Nine of the incidents that occurred during the morning peak have not been assigned a 

freeway compared to three of the evening peak. This caused the total number of incidents 

to reduce from 271 to 262 during morning peak and from 167 to 164 for the evening 

peak. Incidents occurred during the morning peak are distributed based on the freeway at 

they which they have occurred as Tables 6.27 shows. Moreover, incidents that have 

occurred during evening hours are distributed based on the freeway at which they have 

occurred as Table 6.28 shows. 

Table 6.27, Distribution of Incidents by Freeway - Morning Peak Hours 

 
Total

35 410 10 1604 90 281 37
5 7 8 16 12 1 0 1 45
6 4 4 3 4 1 0 1 17
9 10 5 12 5 0 0 0 32

10 4 1 17 3 0 1 1 27
11 6 6 11 4 0 1 1 29
12 3 1 10 5 0 0 0 19
13 0 7 6 2 0 0 0 15
16 4 4 4 9 0 0 0 21
17 6 6 10 2 1 0 0 25
18 5 4 8 12 1 0 2 32

Total 49 46 97 58 4 2 6 262

FreewayDate
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Table 6.28, Distribution of Incidents by Freeway - Evening Peak Hours 

Total
35 410 10 1604 90 281 37

5 2 2 6 1 1 3 0 15
6 6 3 0 0 0 0 0 9
9 2 3 8 2 1 0 1 17

10 3 1 11 2 0 0 0 17
11 2 4 6 2 0 0 0 14
12 11 0 1 0 0 4 0 16
13 2 3 1 0 0 0 0 6
16 5 10 5 1 0 0 0 21
17 9 1 7 3 0 1 0 21
18 9 0 10 4 1 1 3 28

Total 51 27 55 15 3 9 4 164

Date
Freeway

 

 From Tables 6.27 and 6.28, it is easy to notice that most of the incidents have 

occurred on San Antonio’s major freeways Loop 410, I-35, I-10 and US1604. More than 

third of the incidents has occurred on interstate I-10 during morning hours. An 

approximately equal number of incidents have occurred on interstate I-35, loop 410, and 

US 1604. Only few incidents have occurred on the rest of San Antonio freeways such as 

US90, US281, and I-37. During the data collection process, some links on loop 410 were 

under construction and loop stations were not operational at these links. 

 During evening peak hours, incidents have occurred approximately equal in 

interstates I-10 and I-35, while less number of incidents has occurred on loop 410. Only 

fifteen incidents have occurred on US1604 and few incidents have occurred on US90, 

US281, and I-37.  

To investigate the trends of incidents occurrence on San Antonio freeways, the 

Average Annual Daily Traffic (AADT) has been aggregated in Table 6.29. In 2000, 

interstate I-35 has scored the highest value of AADT; however the traffic volume on I-35 

varies dramatically based on the link. Some links of the I-35 has scored as low as 33,000 

vehicles per day while others have scored as high as 200,000 vehicles per day. The traffic 

on loop 410 is stable around most of its links. Small fluctuation could be noticed between 
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the maximum and minimum AADT values. Table 6.29 summarizes the AADT for San 

Antonio different freeways in 2000.  

Table 6.29 Average Daily Traffic Counts for San Antonio Freeways in 2000 

Interstate Maximum Minimum Average
I-10 175,000 71,000 139,571
I-35 201,000 33,000 95,348

Loop 410 190,000 105,000 145,545
US90 125,000 26,000 73,167
I-37 131,000 42,000 79,857

US281 163,000 51,000 104,600
US1604 104,000 21,000 59,429  

 The number of lanes varies between freeways and also between different sections 

on the same freeway. From Table 6.30, the number of lanes on I-10 ranges between 4 and 

8 lanes per section. Generally the maximum number of lanes for San Antonio freeways is 

8 lanes, except for I-35 where the interstate consisted of upper and lower decks that add 

up to 10 lanes. Freeways such as US90, I-37 and 1604 have a small capacity when 

compared to major freeways such as I-35, I-10 and loop 410.   
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Table 6.30 Number of lanes on San Antonio freeways 

No. of Lanes From To
I-10 8 I-35 I-37

6  I-37 Loop 410
4 Loop 410 Foster Rd.

I-35 10 I-10 West I-37/US 281
6 I-37/US 281 Loop 410 North
8 Loop 410 North Pat Booker Rd./SH 218 
6 Pat Booker Rd FM 482 

410 6 I-35 North West Ave.
8 West Ave. I-10 West
6 I-10 West Valley Hi Dr.
4 Valley Hi Dr. I-35 North 

90 10 I-35 SH 151
6 SH 151 Loop 410
4 Loop 410 Loop 1604

37 8 I-35 S. New Braunfels Ave.
6 S. New Braunfels Ave. SE Military Dr.
4 SE Military Dr. US 181

281 8 I-35 St. Mary's St.
6 St. Mary's St. Loop 1604

1604 4 lanes along entire route  

6.5.1.2 Incidents Distribution Based on Incidents Type 

It is important to note that while the incident database used here may seem large 

initially, not all incidents types are represented evenly. Table 6.29 summarizes the 

incidents that are collected during the data collection period. One can see from Figure 

6.27 that excluding “Congestion” alarms would reduce the size of the database by over 

70%. The database contained a small number of stalled vehicles mostly occurred during 

the morning peak hours. Minor accidents occur on the freeway in average from 1 to 4 

daily; nevertheless, some days have witnessed an exceptionally large number of minor 

accidents as high as 11 accidents on June 10th, 2003. Approximately an average of one 

major accident is detected daily by the different detection systems during the morning 

and the evening peak hours.  When incidents are distributed based on freeways, a total of 
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426 has been recorded 262 in the morning and 164 in the evening peak hours. 

Alternatively, when incidents are distributed based on their type, a total of 395 incidents 

were recorded. The difference between the total number of incidents when distributed by 

freeway and when they are distributed by type represents the number of records with 

missing incident freeway information.  

Table 6.29 Distribution of Total Incidents by Type 

Morning Evening Morning Evening Morning Evening Morning Evening
5 33 8 5 3 0 3 1 1 53
6 11 1 2 0 2 3 2 3 21
9 26 5 3 0 1 7 0 1 42

10 15 12 0 0 11 2 2 1 42
11 29 10 0 0 0 1 0 1 40
12 16 7 2 0 0 0 2 1 27
13 15 2 0 0 0 2 1 1 20
16 19 12 0 0 4 4 0 2 39
17 23 15 1 0 1 1 0 1 41
18 29 17 2 1 0 6 2 1 57

Total 216 89 15 4 19 29 10 13 395

Congestion Stalls Minor Major
TotalDate

 

The following are some features about specific incidents types: 
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Congestion 73%

Stalls 4%

Minor 11%

Major 5% Others 7%

Congestion Stalls Minor Major Others  

Figure 6.27 Incidents According to Type 

6.5.1.3 Incidents Distribution based on Detection System 

Studying the distribution of the incidents detected by a certain detection system 

provides a good idea about the type of incidents that are detected by a certain system. 

Knowing this information is important, since it allows deploying a specific system to 

target a certain type of incidents. In Table 7.30, traffic incidents are distributed based on 

the detection source. Figure 6.28 illustrates the initial percentage of incidents that are 

detected by each detection system based on the operators’ records before the inductive 

loop data are processed. When processing the traffic data using the Texas algorithm the 

percent of incidents detected by the loop system seems small. However, the small 

percentage of detection by the loop system could be caused due the fact that operators 

only record the first system that has detected the incidents, and in rare case, the second 

one. Most of the incidents are detected by the Closed-Circuit TV system reaching up to 
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more than 60 percent. The second detection system that detected large number of 

incidents is the inductive loop system reaching up to close to 30% of the total incidents. 

The rest of the incidents are detected by the Police Patrol system which includes phone 

reports from drivers with cellular phones.  

Table 6.30 Distribution of Total Incidents by Detection System 

Morning Evening Morning Evening Morning Evening
5 27 10 12 2 0 5 51
6 10 6 4 0 3 6 23
9 14 11 17 1 1 8 44

10 17 16 8 0 3 2 44
11 18 10 11 2 0 2 41
12 8 14 12 2 0 0 36
13 12 0 3 0 0 0 15
16 11 20 12 0 0 2 43
17 9 17 14 4 2 0 46
18 18 10 15 5 1 7 49

Total 144 114 108 16 10 32 424

CCTV LOOPS POLICE/CELLDate Total
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Figure 6.28 Percent of incidents detected by CCTV, inductive loop system and Police 

Patrol. 
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In the following sections, a detailed discussion of the different types of incidents 

is presented. 

6.5.1.4 Congestion Incidents 

 
 Most congestion incidents in the database are detected by the CCTV system with 

few of them that are detected by inductive loop system. Most of the congestion has 

developed on loop 1604. When congestion develops on the freeway and is detected by 

the CCTV system, operators develop a warning message and post it on the VMS signals 

to warn drivers about expected hazards and allow drivers to reduce the speed. In addition 

to the effects of major and minor accidents, congestion can develop when lanes merge, 

due to the presence of entrance or exit ramps, and due construction on freeways. 

Congestion can develop also from drivers wavering away from stalled vehicles. 

6.5.1.5 Stalled Vehicles 

 
 Most stalled vehicles in the database are detected by the CCTV systems. In rare 

cases, the inductive loop system could detect stalled vehicles. Unless they cause a 

noticeable drop in the speed of the freeway, the stalled vehicles would not be detected by 

the ILD system. It also not easy to estimate the TTD of stalled vehicles by any detection 

system. For this reason, congestion and stalled vehicles are excluded from analysis. 

6.5.1.6 Major and Minor accidents 

 
 In San Antonio, Police Patrol and TransGuide use different rules to assign 

“Major” or “Minor” accidents, however, they generally agree on the fact that major 



 208 

accidents cause more disturbances in the traffic flow than minor accidents. Accidents that 

lasted for less than 15 minutes are considered Minor by Police Patrol, while accidents 

that lasted for longer than 15 minutes are considered Major. Alternatively, the automated 

system triggers minor alarm when the average speed at a detector station fall between 20 

and 25 mph and trigger major alarm when the speed drop below 20 mph. 

 Table 6.31 summarizes the Major and Minor accidents that are detected first by 

the CCTV system and Police Patrol. Due to the fact that operators record the first source 

of detection and in rare instances the second source of detection, incidents detected by the 

loops system are not included in Table 6.31. The detection by ILD system will be added 

to Table 6.31 after the inductive loop data are processed using the Texas Algorithm.  

Table 6.31 Major and Minor Accidents Detected by CCTV and Police Patrol 

 

Morning Evening Morning Evening
5-Jun-03 0 2 0 3
6-Jun-03 1 3 3 5
9-Jun-03 0 2 1 5
10-Jun-03 4 2 4 2
11-Jun-03 0 0 0 2
12-Jun-03 0 1 0 0
13-Jun-03 1 1 0 2
16-Jun-03 4 4 0 2
17-Jun-03 0 1 1 0
18-Jun-03 0 2 0 4
Subtotal 26 31

Date
CCTV Police Patrol/Cell

 

6.5.2 DATA PROCESSING PHASE 

 
 This phase could be treated as an overall effort of three complementary steps: data 

extraction, organization/filtering, and algorithm application. Figure 6.29 illustrates the 

steps used to accomplish the data processing phase. Firstly, the inductive loop data has 
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been extracted from TransGuide website and saved locally in a computer. The WinZip® 

software has been used to unzip the files. Generally, the ILD system continuously saves 

traffic data to one of six servers (server 0… server 5) that the TMC maintains. Sometimes 

the stream of data is interrupted when a detector goes down. When service is resumed, 

the detectors could switch and start saving to a different server. Accordingly, it is 

important to extract the data from all servers and create a complete single data file that 

contains the data from the six servers. Compiling the whole data from the six servers has 

produced a huge file reaching up to 3.0 Gigabytes. The ILD data could be opened from 

the servers using WordPad®. These files are converted into Microsoft Excel® 

spreadsheets before processing using the Texas Algorithm. Secondly, since each 

workbook in Microsoft Excel® could generate a maximum of 65,000 rows, the loop data 

has been saved to 480 files based on the time of the day; each file contains one hour 

worth of data as follows: 

Total files = 6 servers x (4 hrs Morning + 4 hrs Evening) x 10 days = 480 files 
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Figure 6.29 Steps of Data Processing 
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 Data has been filtered by deleting records from Exit and Entrance ramps since 

loops installed on these locations are used for ramp metering and not for incidents 

detection. The loop detectors have always recorded a speed of -1 mph in Exit and 

Entrance ramps. The data from defective loops that recorded zero values of speed, 

volume and occupancy have been also eliminated. Thirdly, a computer macro has been 

developed on Microsoft Excel® spreadsheets to process the loop data based on the logic 

of the Texas algorithm. Refer to Appendix B for the complete macro which has been 

developed using Visual Basic. In summary, the macro has performed the following 

operations: 

1. Calculates the speed of each loop station: 

• Search and match sensors location (highway, direction, and mileage 

mark) and time. 

• Exclude lanes that have not detected any vehicle presence. 

• N

Speed

L

N

i
i

SpeedAveStation
�

= =1 , N = 2, 3, 4, 5    (Eq. 6.6) 

 Where, Ave SpeedL	 Ave speeds at location L. 

   N 	 the maximum number of lanes for the section = 2, 3, 4, 5 

  i 	 lane number = 1, lane number = 1, 2, 3, 4, 5 

2. Calculates the average speed every two minutes: 

• 62

6

1
�

= =j
tSpeed

MinSpeedAve       (Eq. 6.7) 

 Where Speed2Min 	 the average speed of two minutes (6 readings) 

  t = the time interval number 

3. Predict accident occurrence: 
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• 
AccidentMinor

AccidentMajor
SpeedAveIf

→<
→<

25

20
(Eq. 6.8) 

6.5.3 DATA ANALYSIS PHASE 

 
 The objective of this phase is to calculate the three performance indicators (DR, 

FAR, and TTD) for each detection system. An incident TTD could be defined as the 

elapsed time from incident occurrence until it is detected by a detection system. The data 

sample contains only the detection time and not the Time to Detect. No video has been 

used for live recording of traffic conditions when an incident has occurred. For this 

reason, a mechanism is required to predict the occurrence time of incidents. Before 

calculating TTD of incidents, a distinction needs to be made between true and false 

incidents. The following two sections present the analysis of the three systems in terms of 

(a) detection rate/false alarm rate and (b) detection rate: 

6.5.3.1 The False Alarm Rate and Detection Rate Calculation 

To predict the FAR and DR of the three detection systems, the steps illustrated in 

Figure 6.29 needs to be implemented. The information elements based on manual data 

collection are incident type, incident detection time and incident location. Many of the 

incidents that are detected manually are also being detected by the ILD system; however, 

not all of them have been recorded in the data sample.  This has happened because most 

of the time operators record the first detection system and disregard the second and third 

detection system although a request has been made to include all of them.  
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Based on Figure 6.29, the first step to calculate the DR, and FAR is to match 

between the manually detected incidents and the incidents that are detected automatically 

using the loop system. An incident is considered true when the following rules apply: 

• The detector station matches any of the two consecutive detector stations 

upstream the incident location. 

• The time of the alarm is within half an hour from the time the incident is 

detected manually, and  

• The date of the alarm matches the date of a manually detected incident. 

 To apply these rules, the list of functional loop detectors during the data 

collection period has been developed as summarized in Appendix (C). When an incident 

occurs, a bottleneck develops at the vicinity of the incident location causing congested 

zone and reduced speed upstream the incident location and low volume and high speed 

downstream the incident location. The effect of an incident could be mostly felt by loop 

stations that are installed upstream and close to the incident location. The shorter the 

distance between the incident location and the loop detector the faster it is detected by the 

loop system. The effect of the incident becomes weak at loop stations far from the 

incident location. In addition to Appendix (C), Table 6.32 presents a list of the closest 

streets to incidents location in the database and the most probable loop detectors to sense 

the occurrence of that incident. Due to the short distance between some consecutive 

inductive loop sensors, sometimes the effect of the incident could be sensed by multiple 

detector station. TransGuide operators consider any alarm triggered by an inductive loop 

station that is close enough as true incident even if it is not directly adjacent to the 

incident location. This is specially the case for the incidents that occur on the north part 

of interstate I-35. Incidents that occur across from Rittman on north I-35 will mostly 

cause multiple alarms in a set of consecutive detector station. Assignment of an incident 

to a certain loop detector in the area of Rittman and north I-35 was difficult. This is due 

to the multiple detector stations that are deployed in a close distance in that area and the 
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high probability of incident occurrence. The high probability of incident occurrence in 

this link results from the presence of an exit ramp on the left side of the freeway towards 

Loop 410 east. Many drivers who are not familiar with the area cause accidents due to the 

sudden speed reduction of drivers exiting the freeway from the fast lane. TransGuide 

managers are aware of the problem and are expecting the exit to be modified soon to 

reduce incidents in that link of the freeway.  
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Table 6.32, Inductive Loop Stations and Corresponding Streets 

Freeway Direction Location Sensor Location (mileage marker)
35 S Space Center 164.412, 164.909, 165.409, 165.933
35 S 281 Exit 158.492, 158. 947
35 N Thousand Oaks 164.909, 165.933
10 E 1604 Exit 556.831
10 W De Zavala 558.744
10 E Firs t Park 565.683
10 W Fresno 566.641

1604 E Hausm an 29.042, 29, 532, 30.034
410 W 281 Exit 20.436, 20.875, 21.424, 22.478, 23.522
281 N st Mary 143.421, 145.396
37 S Military 140.009, 140.445, 140.919, 141.399, 141.837, 142.314, 143.000
35 N Divis ion 152.005, 153.048, 153.164, 154.187
35 S 10 Exit 156.684, 157.192

410 W Blanco 20.436, 21.424, 22.478
35 W alam o 154.738

410 W Babcock 13.117
410 W Blanco 20.436,20.875, 21.424
90 E Zarzam ora 570.151, 569. 785

410 W McCullouch 21.424
35 N 281 Exit 159.500, 159.998, 160.504, 160.892

410 N Ingram 13.117
410 S Broadway 21.424,22.478, 
35 S Walzem 165.933
35 N Rittim an 164.412, 162.482, 162.899, 163.896
35 S Eisenhauer 164.909
10 W Vance Jackson 566.641
37 S 140.919 140.919, 141.399, 141, 837, 

410 W San Pedro 22.478
410 W Vance Jackson 21.424
35 N Walzem 164.909, 165.933, 162.482, 162.899, 163.421, 163.896, 164.412
10 E 1604 W Exit 556.831

410 E Bandera 17.684
410 W San Pedro 21.424, 20.436
410 W Millitary 20.436
35 S Laredo 155.267

410 E Starcres t 24.002
410 W Blanco 20.436, 20.875, 21.42422.478
410 W Vance Jackson 21.424
410 W San Pedro 22.478
410 W Airport 22.478
35 N Rittim an 162.899, 163.421, 163.896, 164.412

410 W Military 20.436
10 W Ramsgate 562.581
10 W Hilderbrand 566.641
10 W Firs t Park 566.641

1604 E Tradem an 34.326, 33.409
35 S Eisenhauer 164.909, 165.409, 165.933
35 S Rittim an 163.421, 164.412
35 S SBC 162.899
35 S Eisenhauer 164.909, 165.409, 165.933
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Figure 6.31 illustrates the steps that have been followed to analyze the incident 

data. Firstly, the data that are collected manually from the freeway using the CCTV 

system and Police Patrol are compiled. This data contain incident type, detection time 

(not the Time to Detect), and the incident location. Based on the location of incidents, the 

loop detectors that will mostly sense the incident are pinpointed. Secondly, loop data are 

retrieved from TransGuide’s website, unzipped, converted to Microsoft Excel 

Spreadsheet files. A macro has been developed in Microsoft Excel based on the logic of 

the Texas algorithm and used to process the loop data. 

The scenario that is studied here is a special case since only one system is 

automated and could produce false alarms. The reports that Police Patrol provide to the 

TMC about incidents occurrence are hypothetically assumed correct. This is not the case 

when receiving reports from drivers with cellular phones as it has been explained earlier 

in Chapter Three. Reports from drivers with cellular phones could sometimes provide 

false or erroneous information about incidents. However, acquiring this information is 

difficult, since calls are received by police personnel in the TMC and the state traffic 

operators do not have the accessibility to such information. Accordingly, data reports that 

are received by Police Patrol or cellular phone reports could be assumed correct. 

Similarly, the CCTV system is visual and human assisted so minimum false alarms could 

be generated by the system. However, in adverse weather conditions a few false alarms 

could be generated. It is reasonably safe to assume that the Police Patrol and the CCTV 

as reliable systems that have minimum false alarms generated. 
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By matching the incidents detected manually with those that are detected using 

the inductive loops, the individual performance of the system could be calculated. After 

the loop data are processed using the Texas logic, the truthfulness of the alarms is 

investigated. If the data collected manually has recorded an incident occurrence at the 

close to the detector station, the alarms generated by the detector station are considered 

correct. If there is no incident detected manually by either CCTV or Police Patrol close to 

the detector station, then alarms are considered false. By applying this rule it is easy to 

calculate the percent of alarms that are considered false. Table 3.3 summarizes the 

number of events where false alarms are triggered. 

Table 6.33False Alarm Rate of Inductive Loops – Whole network 

Day Peak False (Major) False (Minor) Total Observations FAR
Morning 12 65 77 30840 0.25%
Evening 62 112 174 29326 0.59%
Morning 0 3 3 29515 0.01%
Evening 75 144 219 30485 0.72%
Morning 3 25 28 30930 0.09%
Evening 58 150 208 29078 0.72%
Morning 69 150 219 29873 0.73%
Evening 125 164 289 30597 0.94%
Morning 6 29 35 30935 0.11%
Evening 111 192 303 28835 1.05%
Morning 4 19 23 30938 0.07%
Evening 189 241 430 30163 1.43%
Morning 65 35 100 31058 0.32%
Evening 954 599 1553 29224 5.31%
Morning 5 11 16 30437 0.05%
Evening 27 87 114 30104 0.38%
Morning 5 46 51 30609 0.17%
Evening 79 176 255 30273 0.84%
Morning 13 64 77 30752 0.25%
Evening 119 198 317 29096 1.09%

Average 1981 2510 4491 603068 0.74%

5-Jun-03

6-Jun-03

9-Jun-03

10-Jun-03

17-Jun-03

18-Jun-03

11-Jun-03

12-Jun-03

13-Jun-03

16-Jun-03

 

 The results in Table 6.33 represent the false alarm level of the inductive loop 

system. Most of the false alarms have occurred on loop 410 due the construction 

activities close to the exits of Vance Jackson and Keller Jackson. Table 6.33 is presenting 

consistent values FAR lower than 1% for every day. However, many false alarms has 

generated on June 13 reaching up to 5 %. In the next section only the major and minor 
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accidents will be considered. The congestion and stalled vehicles incidents are excluded 

since they time to detect these types of incident is not fixed. 
 

6.5.3.2 Major and Minor Accidents 

 The data that is collected manually has then been filtered to include major and 

minor accidents only. Missing data elements for these accidents has been completed by 

using incidents log information and incident maps that are saved simultaneously. Table 

6.33 summarizes the major and minor accidents that have occurred during morning peak 

hours before processing the inductive loop data, respectively. A request has been made to 

record every detection system that has detected an incidents even if it is already recorded 

under another system. Due to the busy work environment within TransGuide, operators 

were able to record only the first system that has detected the incident only then they 

become busy developing messages and executing scenarios. This could have happened 

also because operators get used to recording these incidents logs by one system for 

internal analysis within TransGuide.  

 From Table 6.33, TransGuide operators were able to detect three major accidents 

and six minor accidents by using the CCTV system during the morning peak hours. 

Police Patrols were able to detect five minor and three major accidents during the 

morning hours of the data collection period. Moreover, the inductive loop system was 

able to detect five major and two minor accidents before data processing during morning 

peak hours. Studying these numbers, one can conclude that the inductive loop system 

perform better to detect major accidents. This is opposite to the detection by the CCTV 

system and Police Patrols which have detected minor accidents more than major 

accidents. Table 6.34 provides the six scenarios of incidents detection based on the order 
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of the detection by three systems. The Table provides a rationale to consider a system 

either as a detection or verification system. An incident could be detected first by the 

inductive loop system then the CCTV system and last by Police Patrol. In this scenario, 

both the inductive loop system and Police Patrols are considered detection systems, while 

the CCTV is considered a verification system. When an incident is detected first by 

Police Patrol, then by inductive loop, and last by the CCTV system, then the Police Patrol 

and inductive loops are considered detection systems while the CCTV is considered a 

verification system. When an incident is detected first by the CCTV, then by the 

inductive loop system, then the Police Patrol, then the all of the three systems are 

considered as detection systems, however, in some cases, the Police Patrol could be 

considered as a verification system. The order of Police Patrol and the inductive loops are 

exchangeable, meaning either one can detect first; however, both are considered detection 

systems. When a Police Patrol has detected incidents first, then the inductive loop system 

is considered a detection system also, while the CCTV system is considered a verification 

system.  
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 From table 6.34, and during the morning peak hours, six of the major and minor 

accidents have occurred on I-35, nine have occurred on Loop 410; four have occurred on 

I-10, two have occurred on US1604, one has occurred on I-37, and one has occurred on 

US90. Most of the accidents on the I-35 have occurred on the area close to the 

interchange of loop 410 (Rittiman and Eisenhauer Exits). This cause of these accidents, 

as was discussed earlier, is the presence of a ramp exit to the 410 from the left fast lane. 

Accidents detected on loop 410 have mostly occurred in the area of the Airport and 

Vance Jackson. These accidents are caused by construction activities in the area. 

Accidents detected on I-10 have mostly occurred in the section south of the interchange 

with I-35. There are two major accidents have been detected by the loop system, 

however, the operators failed to record the exact time of detection. To include these 

accidents, the loop detection will be processed using the Texas Algorithm to determine 

the exact time of incidents’ occurrence. 

Similarly, Table 6.35 summarizes the major and minor accidents detected by the 

three systems during the evening peak hours. From Tables 6.33 and 6.35, and also the 

total number of incidents detected during the morning and evening peaks, it is easy to 

notice that incidents occur during morning more than evening peak hours. However, 

incident occurred on the evening peak hours were more sever. In Table 6.35, six major 

and sixteen minor accidents have been detected by Police Patrols. Before processing the 

loop data using the Texas Algorithm, only two minor and one major accident have been 

detected by the inductive loop system. Eleven minor and seven major accidents have 

been detected by the CCTV system. Additionally, there are three accidents that have been 

detected by Police Patrol and CCTV systems before the inductive loop data processing. 

Thirteen major and five minor accidents have occurred on loop 410 during the evening 
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peak hours. Two major and five minor accidents have occurred on I-10 during the 

evening peak hours. Six major and five minor have occurred on I-35 during the evening 

peak hours. Only three more accidents have occurred during the evening hours on the 

reminder of the freeways (i.e. US90, loop 1604, and I-37).  

The approximate location of accidents during evening peak hours has followed a 

similar trend to the accidents during morning peak hours, whereas most accidents on 

interstate I-35 have occurred close to loop 410 interchange, most accidents on loop 410 

occurred close the Airport and Vance Jackson, and most accidents on interchange I-10 

south of I-35. 
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6.5.3.3 Time to Detection Calculation 

The time to detect incidents by any of the three detection systems could be 

calculated after the traffic data collected by the inductive loop system has been processed 

using the visual basic macro. Since no video system has been utilized to continuously 

record traffic conditions, the time to detect incidents by the CCTV and Police Patrols are 

based on the detection time of the inductive loop system. There is a difference between 

incident time to detect and the detection time. The TTD any incident is defined as the 

elapsed time from incident occurrence up to the time it is detected by any detection 

system, while the detection time is the moment that an incident alarm is triggered. Based 

on this analogy, the value of TTD requires the exact time of incident occurrence as 

follows: 

xxixi IOTDTTTD −= −−       (6.9) 

Where  

≡iTTD The time to detect incident (x) by system (i) 

≡− xiDT The time an alarm is triggered by system (i) due to the 

occurrence of the incident (x) 

≡xIOT The Incident Occurrence Time of incident (x) 

The last term in this equation, the Incident Occurrence Time, is required to be 

able calculate the TTD of incident. Since no video system has been used to continuously 

record the traffic conditions, it is impossible to determine the exact incident occurrence 

time by the CCTV system or by Police Patrol. However, this value could be determined 

by using the time an alarm is triggered by the incident. Figure 6.31 illustrates the scenario 

where an incident has been detected first by the inductive loop system, then by CCTV 
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and last by Police Patrols. When an incident occurs, speed drops gradually at the incident 

location. The inductive loop stations close to the incident location are the first to sense 

the effects of the incident. As the incident progresses, the speed drop start moving away 

upstream the incident location. For this reason, the inductive loop stations far from the 

incident location need some time to sense the occurrence of the incident. In Figure 6.31, 

the incident occurrence time of incident (x) has been referred to by IOTx and point to by 

the dark large arrow. Based on the logic of the Texas Algorithm, a minor alarm is 

triggered by the inductive loop system when speed drops below 25 mph. the algorithm 

also assign a major alarm when traffic speed drops below 20 mph. The time to detect an 

incident by the inductive loop system could be measured as the time elapsed from the 

incident occurrence time until the speed drops at the upstream station below 25 for minor 

accidents, and below 20 for major accidents. These two values are expressed to by the 

time TTDILD-minor and TTDILD-major, respectively. Based on Figure 6.31, the values of the 

time to detect incidents by the CCTV (e.g. TTDCCTV) and Police Patrols (e.g. TTDPP) can 

be calculated based on the time when an alarm is triggered by the inductive loop system 

as follows:  

xxCCTVxCCTV IOTDTTTD −= −−      (6.10) 

xxPPxPP IOTDTTTD −= −−       (6.11) 

In the case when the incident has been detected by the CCTV or Police Patrol 

quickly before the traffic speed drops below the speed threshold, negative values of TTD 

could be generated. To implement this rationale, there is a need to specify the time the 

first alarm triggered due to an incident. Applying the Texas logic to the traffic data 

collected by inductive loop is a pre-request to this step. 
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After the data collected by the inductive loops are processed using the Texas Algorithm, 

the Incident Occurrence Time need to be determined. Alarms that are triggered by the 

inductive loop system need to be matched with the incidents that are detected manually. 

For this step, the rationales that were used to match incidents to calculate the false alarm 

rate have been utilized. By applying these rationales, the incidents detected by the 

inductive loop system during the morning peak hours could be shown as Table 6.36 

summarizes, while incidents detected during the evening peak are summarized in Table 

6.37. The numbers of incidents that have been detected by the inductive loop system were 

varying. The effect of incidents that are detected manually could be sensed by multiple 

loop detector station. TransGuide’s operators consider alarms that result from an incident 

at multiple consecutive sensor location as true.  
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Table 6.36 Detection Time by Inductive Loops – Morning Peak Hours 

Date Tim e Location Incident # Earlies t Detection Tim e
9:37:32 0035S-164.412
8:49:01 0035S-164.909
8:58:38 0035S-165.409
9:03:40 0035S-165.933
7:19:21 0035S-158.492
7:21:19 0035S-158.947
6:54:04 0410N-013.117
6:57:53 0035S-164.909
7:20:29 0035S-165.933
7:23:43 0010E-558.417
8:47:25 0010E-559.873
8:41:56 0010E-560.424
8:29:54 0010E-560.917
8:17:44 0010E-561.667
7:22:06 0010E-562.581
7:29:57 0010E-563.237
7:34:08 0010E-564.635
7:22:28 0010E-565.683
7:46:49 0010E-573.654
7:44:31 0010E-574.117
7:27:58 0010W-565.683
7:19:59 0010W-566.641 9 7:19:59
6:52:15 0035N-152.005
7:36:33 0035N-153.048
7:44:31 0035N-153.614
7:28:10 0035N-154.187
7:40:45 0037N-140.009
7:19:57 0037N-140.445
7:52:27 0037N-140.919
7:50:25 0037N-141.399
7:41:46 0037N-141.837
7:46:24 0037N-142.314
7:23:55 0037N-143.000
7:13:46 0281N-143.421
8:35:53 0281N-145.396
7:33:47 0410W-020.436
7:34:55 0410W-020.875
7:29:11 0410W-021.424
7:50:11 0410W-022.478
7:31:52 0410W-024.002
7:37:51 0410W-024.796
7:51:30 1604E-028.549
7:40:23 1604E-029.042
7:31:58 1604E-029.532
8:10:33 1604E-030.638
7:16:08 0U35S-157.192
7:12:00 0U35S-156.684
7:31:42 0410W-022.478
7:45:41 0410W-021.424
7:01:59 0410W-020.436
7:15:41 0410N-013.117
7:42:30 0U35N-154.738
8:01:44 0410W-020.436
8:22:46 0410W-020.875
8:11:32 0410W-021.424
7:57:42 0090E-569.785
7:56:31 0090E-570.151
9:15:30 0410W-022.478 24

23

7:15:41

8:01:44

7:56:31

16 7:12:00

21

22

17 7:01:59

13

14

7:13:4612

11 7:29:11

10 7:31:58

8

7

5

3

1 8:49:01

6:54:04

6:57:53

7:22:06

7:22:28

6:52:15

7:19:57

5/6/2003

6/6/2003

9/6/2003

10/6/2003

18/6/2003

12/6/2003

13/6/2003

16/6/2003

17/6/2003
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Table 6.37 Detection Time by Inductive Loops – Evening Peak Hours 

Date Time Location Incident # Earliest Detection Time
17:14:00 0035N-159.500
17:16:31 0035N-159.998
17:14:27 0035N-160.504
17:02:49 0035N-160.892
15:01:46 0410N-013.117 4 15:01:46
16:33:48 0035N-162.482
16:17:38 0035N-162.899
15:14:26 0035S-164.412
15:12:51 0035S-164.909
15:19:41 0035S-165.933
16:18:42 0410W-021.424
17:11:24 0410W-022.478
16:50:15 0010W-566.641 12
16:49:16 0035N-162.482
15:45:27 0035N-162.899
15:30:50 0035N-163.421
15:15:23 0035N-163.896
15:10:23 0035N-164.412
15:55:27 0037S-140.919
16:01:43 0037S-141.399
16:19:54 0037S-141.837
17:22:00 0410W-021.424 16 17:22:00
17:18:01 0410W-022.478 15 17:18:01
16:39:34 0010W-566.641 18 16:39:34
17:02:00 0410E-017.684
16:14:12 0410W-020.436
16:20:51 0410W-020.875
16:27:30 0410W-021.424
16:46:13 0410W-022.478
17:17:56 0410W-023.522
15:25:46 0410W-020.436 22 15:25:46
17:19:48 0410W-021.424 21 17:19:48

6/12/2003 17:20:08 0035S-155.267 23 17:20:08
16:56:16 0410W-020.436
17:02:11 0410W-020.875
16:32:32 0410W-021.424
16:54:17 0410W-024.002 24
16:52:53 0035N-162.482
16:45:20 0035N-162.899
16:21:06 0035N-163.421
16:22:47 0035N-163.896
16:12:21 0035N-164.412
18:21:48 0410W-020.436 31 18:21:48
17:14:49 0410W-021.424 28 17:14:49
17:17:58 0410W-022.478 29 17:17:58
17:13:25 0010E-562.581 32 17:13:25
16:48:10 0010W-566.641 33 16:48:10
15:58:03 0010W-566.641 34 15:58:03
17:04:06 0035S-163.421 39 17:04:06
16:12:43 0035S-164.412
15:25:06 0035S-164.909
15:56:27 0035S-165.409
15:42:15 0035S-165.933 36 15:42:15
17:13:51 1604E-033.409
17:05:51 1604E-034.326

38 16:12:43

17:05:51

6/6/2003

16:17:389

17/06/03

18/06/03

35

25 16:32:32
6/13/2003

30 16:12:21
6/16/2003

20 16:14:12

6/10/2003

6/11/2003

6/9/2003 17 15:10:23

13 15:55:27

5/6/2003
2 17:02:49

7 16:18:42

8 15:12:51

 



 231 

6.5.3.4 Rationale for Calculating Systems’ Detection Rate and TTD 
incidents 

To determine the detection rate and the time to detect incidents by the three 

systems, a rationale has been developed and used. Due to the fact to no video has been 

used to record traffic conditions and determine the exact time when an incident has 

occurred, a suggestion has been made to use different scenarios of the time takes an 

inductive loop sensor to detect an incidents. The TTD of the CCTV system and Police 

Patrols could be measured relative to the detected by the inductive loops. The sensitivity 

of the model to different values for the time to detect incidents using the loop system will 

be tested. The following are the rationales developed to measure the time to detect and 

the detection rate: 

- The major and minor accidents that are detected by the inductive loop system 

are used to calculate the detection rate and the time to detect accidents by the 

CCTV system and Police Patrol. 

- Assume that the time to detect any accident by the inductive loop system 

ranges between 5 and 15 minutes. This could be represented by a ten minutes 

average and 4 minutes standard deviation of time to detect. 

- The time to detect accidents via the CCTV system or Police Patrol are 

determined relative to the detection time by the inductive loop system 

- If the time to detect any accident by two systems exceeded 45 minutes, then 

they are considered different accidents. 

To apply these rationales, the data set needs to be reduced by eliminating the 

major and minor accidents that have not been detected by the inductive loop system. 

Table 6.38 summarizes the major and minor accidents that have been detected by the 

inductive loop system. Only two of the twelve accidents that were detected by the 

inductive loops system during the morning peak hours, have been also detected by the 

CCTV system. Additionally, three of the accidents that were detected by the inductive 
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loop system during the morning peak hours have been also detected by Police Patrol 

vehicles. Table 6.39 summarizes the major and minor accidents detected by the inductive 

loop system. From the twelve accidents that were detected by the inductive loop system, 

the CCTV system has detected six accidents and Police Patrol detected four accidents. 
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Utilizing the rationale that the time to detect accidents using the inductive loop system in 

San Antonio takes ten minutes in average and four minutes as a standard deviation, the 

TTD of the CCTV system and Police Patrol could be determined. From Tables 6.38 and 

6.39, since the major and minor accidents numbers 1, 9, 10, 15, 16, 23, and 24 have been 

detected during the morning peak hours via the inductive loop only, then the time to 

detect these accidents by the inductive loop system is ten minutes in average with four 

minutes in standard deviation. The time to detect the accidents summarized in Tables 

6.38 and 6.39 could be determined by assigning random numbers that follow a ten 

minutes average and four minutes standard deviation. Using the random number 

generator in Microsoft Excel spreadsheets these values could be determined as follows 

    )(()
x

xX
Rand

σ
µ−

Φ=     (6.12) 

    [ ] xxRandX µσ +Φ= − *()1    (6.13) 

 Where Rand () is a function in Microsoft Excel that produces random independent 

numbers. Utilizing this formula, random values of the time to detect could be produced. 

Incidents numbers 3, 5, 7, 8, 12, 17, and 21 have been detected by the ILD system in 

addition to either CCTV or Police Patrol. The time to detect these incidents by at still 

considered ten minutes, and the TTD of the CCTV system and Police Patrol could be 

relatively calculated.  

 To calculate the TTD for CCTV and Police Patrol, assume that the incident has 

been detected by the inductive loop system at time T1. Since the time to detect by the 

inductive loop system has been assumed to be 10 minutes, the Incident Occurrence Time 

is ten minutes earlier than the time T1.  

   IOTx = T1 - TTDILD = T1 – 10 minutes  (6.12)   
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 From equations number 6.10 and 6.11, the time to detect incidents by the CCTV 

system and Police Patrol could be calculated as  

  xxCCTVxCCTV IOTDTTTD −= −−    (6.13) 

  xxPPxPP IOTDTTTD −= −−     (6.14) 

 By applying equations 6.12, 6.13, and 6.14 to the data summarized on Tables 

6.33, 6.35, 6.36, and 6.37, the time to detect incidents by the CCTV system and Police 

Patrols could be calculated relative to the detection by the inductive loop system as 

summarized in Table 6.39. 
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Table 6.39 the values of TTD for incidents detected by three systems CCTV or Police 

Patrol 

 
Morning Peak

Count No. CCTV ILD PP
1 1 0:09
2 3 0:15 0:11
3 5 0:12 0:20
4 9 0:08
5 10 0:03
6 11 0:07
7 12 0:14 0:12
8 13 0:10 0:15
9 15 0:05
10 16 0:07
11 17 0:17 0:08
12 23 0:13
13 24 0:14

Evening Peak
14 9 0:34 0:09
15 13 0:17
16 16 0:08 0:25
17 24 0:08
18 25 0:11
19 29 0:16 0:18 0:31
20 31 0:07 0:08
21 32 0:30 0:10
22 34 0:28 0:07
23 35 0:12 0:20
24 36 0:10 0:23
25 38 0:12 0:16

Average 0:19 0:10 0:20
St Dev 0:09 0:04 0:06

TTD first alarm 0:09
St Dev First alarm 0:03
TTD Second alarm 0:20

St Dev Second 0:07  
 
 Based on the results summarized in Table 6.39, the conditional probabilities of the 

detection by the three systems could be prepared in a format compatible with the input 

requirements of the Logman Model as Table 6.40 summarizes.  
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Table 6.40 Conditional Probabilities of the Detection Rate by the Three Systems 

Number Percent
P (CCTV) 8 32.00%

P (ILD) 25 100.00%
P(PP) 7 28.00%

P(CCTV) alone 0 0.00%
P(ILD) alone 11 44.00%
P(PP) alone 0 0.00%

P(CCTV x ILD) 7 28.00%
P(PP x ILD) 6 24.00%

P(CCTV x PP) 0 0.00%
P(CCTV or ILD or PP) 25 100.00%
P(CCTV x ILD x PP) 1 4.00%

P(first alarm) 25 100.00%
P(second alarm) 13 52.00%  

 A total of 25 major and minor accidents have been detected by any of the three 

systems. From the 25 accidents that are detected by the inductive loops, eight were also 

detected by the CCTV system and seven were detected by Police Patrol. Only one 

accident (no. 19) has been detected by the three systems. 

6.5.5 APPLICATION OF DATA TO THE LOGMAN MODEL 

In this section, the results provided from the analysis of the sensing system 

configuration in San Antonio will be used to validate the Logman Model. There is no 

need to comprehensively repeat the steps of applying the data to the model; since they are 

identical to the steps used for to validate the model using Zhou (2000)’s data. 

Accordingly, only the major steps and the efficiency/effectiveness of the Logman Model 

will be investigated. The results summarized in Tables 6.39 and 6.40 are accepted as an 

input by the Logman Model and the model predicted the combined performance of 

systems configuration based on the input values. By refereeing to figures 5.2 and 6.2, the 

effectiveness of the Logman model could be investigated by measuring its performance. 
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Similar to the validation of the Model using the data from Zhou’s study, more than one 

scenario will be used to validate the Logman Model.  

The correlation between the detection systems in terms of Time-to-Detect values 

is important to produce reliable results by the model. The rationale used here is to assign 

an average time to detect for the inductive loop system and then relatively measure the 

time to detect by the two other systems. This rationale causes the inductive loop system 

to be independent from the CCTV and Police Patrol. Accordingly, it is acceptable to 

assume that there is a minimum correlation between the values of the TTD provided by 

the inductive loop system and the CCTV and Police Patrol. The correlation between the 

inductive loop and the CCTV systems is minimal and could be assumed close to zero. 

This is correct also for the correlation between the inductive loop and the Police Patrol. 

The correlation among the Police Patrol and CCTV systems is not easy to measure, since 

there is only one incident that the two systems have detected jointly. Three correlation 

factors could be used to study the effect the correlation between systems on the quality of 

the results the Logman Model produces. The correlation between the inductive loop and 

any of the other two systems could be assigned small values (e.g. 0.1). since the data 

available does not support assigning a specific correlation factors between the CCTV and 

Police Patrols, two values could be used that represents the peak values of extremely 

highly correlated values with correlation factor close to 1.0 (e.g. 0.9) and an extremely 

low correlation values with correlation factor close to zero (e.g. 0.1).  

6.5.6 THE EFFICIENCY AND EFFECTIVENESS OF THE LOGMAN MODEL 

In addition to using a varying number of observations (e.g. 1000 and 5000) that 

represents true incidents to estimate the effectiveness of the Logman Model, the 

correlation between the three systems is assigned variably. The correlation between the 

inductive loop and the Police Patrol or CCTV systems should always be assigned a value 
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of 0.1, while the correlation between the Police Patrol and the CCTV system is varying 

from high correlation (e.g. 0.9) to low correlation (e.g. 0.1).  

 

  The model receives the input summarized in Table 6.41 to predict the combined 

performance of the system configuration in San Antonio. The table shows the values of 

the average and standard deviation of TTD of the CCTV system, the inductive loop 

system, and Police Patrol, respectively. The data in the table represents a scenario when 

there is an extremely low correlation by the three systems.  
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Table 6.41 Set of input to the Logman Model at low correlation between systems 

 
Mx 20.0000

10.0000
20.0000

�x / Mx
�x 14.0000 0.7000

2.0000 0.2000
6.0000 0.3000

Correlation Factors
rho 1,2 0.1000
rho 1,3 0.1000
rho 2,3 0.1000

� �

California # 8 2.7963 0.6315
DELOS 2.2830 0.1980

McMaster 2.9526 0.2936

Coveriance 196.0000 2.8000 8.4000
Matrix 2.8000 4.0000 1.2000

8.4000 1.2000 36.0000

Matrix A 14.0000 0.0000 0.0000
0.2000 1.9900 0.0000
0.6000 0.5427 5.9452

Check A 196 2.8 8.4
A * AT = 2.8 4 1.2

8.4 1.2 36  

As it was stated earlier, the Logman Model consists of total 5400 observations 

that represent both incidents and non incidents conditions. The number of observations 

could be increased to improve the overall confidence in the results of the model. 

However, the time to run the model increases exponentially with the increase in the 

number of observations. To investigate the accuracy of the Logman Model to predict the 

combined performance of the inductive loop system, the Closed-Circuit TV system and 

Police Patrols in San Antonio network, three scenarios are implemented. Similar to the 
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validation using the AID algorithm, a set of 1000 and 5000 observations has been used to 

represent true incident conditions In the following sections, the performance of the 

Logman Model at different numbers of true and false observations has been investigated 

for different levels of correlation between the Police Patrol and the CCTV system.  

6.5.6.1 The Efficiency and Effectiveness of the Logman Model at 1000 
Observations 

In this first scenario, a number of 1000 observations were used to represent true 

incidents while the remaining 4400 observations of the model are used to represent false 

incidents. The Logman Model has predicted the DR, FAR, and the distribution (Mean 

and St. Dev.) of TTD for individual algorithms and when are used in combinations. 

 The model has been able to predict the values of DR for CCTV system and PP 

with high accuracy reaching up to more than 98 %. The DR of the ILD system has been 

perfectly predicted with 100% accuracy level. Two scenarios have been used to allow 

operators to choose either to verify the occurrence of an incident at the first or the second 

alarm. In the case where incidents are verified as soon as they are detected by the first 

system, large number of incidents could be detected. However, high number of false 

alarms could be triggered when this scenario is implemented. In contrast and to reduce 

the number of false alarms generated, operators could wait for an extra confirmatory 

alarm before the incident is verified. These scenarios are valid when automated incidents 

detection systems are used, but since the two of the systems that are used in example are 

human assisted, detecting incidents using the CCTV system, for example, does not 

require extra verification. The Logman Model has been able to predict the combined 

performance of the three systems at the first alarm with perfect reliability of 100 percent. 

When waiting for a second confirmatory alarm, the detection rate at second alarm has 

been predicated with high precision reaching more than ninety two percent. 
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Implementing low correlation among the CCTV and PP systems has produced accuracy 

values of DR higher than when applying high correlation values. Table 6.42 summarizes 

threes results.   

Table 6.42 Precision of the DR at Low and High values of Correlation at 1000 

Observations 

Element CCTV ILD PP First Alarm Second Alarm
Input DR (%) "Manual" 32.00% 100.00% 28.00% 100.00% 52.00%

Ave 31.52% 100.00% 28.34% 100.00% 55.79%
St Dev 1.27% 0.00% 1.62% 0.00% 1.25%

Precision 98.49% 100.00% 98.78% 100.00% 92.72%
Ave 32.23% 100.00% 28.35% 100.00% 56.48%

St Dev 1.27% 0.00% 1.84% 0.00% 1.08%
Precision 99.29% 100.00% 98.73% 100.00% 91.38%

CORREL

LOW (0.1)

HIGH (0.9)  

 
 Since the CCTV and Police Patrols are considered human assisted, then decisions 

made by these two systems are considered perfect, and no false alarms are generated. 

When processing the ILD data using the Texas Algorithm high false alarms are generated 

reaching up to 0.74%. The model was able to predict the FAR values of the ILD system 

with an accuracy reach up to more than eighty eight percent. Using low correlation 

between the CCTV and PP systems has produced lower confidence in the predicted 

results.  

Table 6.43 Precision of the FAR at Low and High values of Correlation at 1000 

Observations 

Element CCTV ILD PP First Alarm Second Alarm
Input FAR (%) "Manual" 0.00% 0.74% 0.00% 0.74% 0.00%

Ave 0.00% 0.66% 0.00% 0.66% 0.00%
St Dev 0.00% 0.08% 0.00% 0.08% 0.00%

Precision 100.00% 88.57% 100.00% 88.57% 100.00%
Ave 0.00% 0.67% 0.00% 0.67% 0.00%

St Dev 0.00% 0.08% 0.00% 0.08% 0.00%
Precision 100.00% 91.19% 100.00% 91.19% 100.00%

CORREL

LOW (0.1)

HIGH (0.9)  

 
 The model has been able to predict the values of TTD accidents by the three 

systems perfectly with more than ninety percent. The performance was best for the values 

of TTD for the ILD system. This is understandable, since the values of TTD for the ILD 
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system has been assumed to be ten minutes in average with four minutes as a standard 

deviation. The values of TTD for CCTV and PP systems have been predicted with high 

precision too. When predicting the TTD values when systems are working jointly, lower 

precision levels could be produced at first alarm of 91%. This accuracy increases when 

accidents are detected on second alarm. Using high factors values among the CCTV and 

PP systems have produced values more accurate than when lower correlation factors are 

used.  

Table 6.44 Precision of the TTD at Low and High values of Correlation at 1000 

Observations 

Element CCTV ILD PP First Alarm Second Alarm
Input: Average TTD (min) 20.00 10.00 20.00 9.00 20.00

Ave 20.20 10.01 20.07 9.79 20.09
St Dev 0.91 0.05 0.28 0.07 0.39

Precision 99.02% 99.94% 99.64% 91.18% 99.53%
Ave 20.67 9.98 19.84 9.78 20.21

St Dev 0.94 0.04 0.31 0.03 0.41
Precision 96.65% 99.81% 99.18% 91.33% 98.93%

LOW (0.1)

HIGH (0.9)

CORREL

 

 To construct the distribution of the TTD, the standard deviation has been 

predicted by the model as summarized in Table 6.45. The values of the standard deviation 

of the TTD have been predicted with different accuracy levels. While individual systems 

have scored extremely high accuracy reaching up to more than ninety nine percent, the 

performance of the model when they are combined was highly accurate. The performance 

of the systems when working jointly at first alarm has soured to only 47.55% accuracy. A 

better accuracy is found when incidents are detected at second alarm reaching up to 

79.01%. Changing the values of correlation factors has affected the performance of the 

model. For some incorporating high correlation among the CCTV and PP systems have 

increased the accuracy of the prediction by up to 5%.  
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Table 6.45 Precision of the St. Deviation of TTD at Low and High values of 

Correlation at 1000 Observations 

 
Element CCTV ILD PP First Alarm Second Alarm

Input: Std Dev. TTD (min) "Manual" 14.00 2.00 6.00 1.00 9.00
Ave 13.95 2.01 5.94 2.10 10.34

St Dev 1.47 0.05 0.31 0.05 0.78
Precision 99.64% 99.70% 99.06% 47.53% 85.43%

Ave 14.34 2.00 5.90 2.10 10.53
St Dev 1.27 0.06 0.31 0.07 0.93

Precision 95.60% 99.81% 98.39% 47.55% 79.01%HIGH (0.9)

CORREL

LOW (0.1)

 

 

6.5.6.2 The Efficiency and Effectiveness of the Logman Model at 5000 
Observations 

In this first scenario, a number of 5000 observations were used to represent true 

incidents while the remaining 400 observations of the model are used to represent false 

incidents. Applying changes in the correlation among the CCTV system and Police 

Patrols has not tremendously impacted the performance of the Logman Model. Table 

6.46 summarizes the detection rate results predicted by the Logman Model at low and 

high correlation factors. The precision of the Logman Model to predict the detection rate 

of the CCTV system has shown highly accurate values or more than 99 percent when low 

or high correlation is implemented. A slight insignificant increase in the precision could 

be noticed when using low correlation values. However, due to the small value of 

increase, from 99.01% to 99.13%, it is not wise to assume that the low values provide 

better results, especially when considering the precision levels of the model at the second 

alarm which has shrank from 92.91% to 91.84 %.  

Table 6.46 Precision of the DR at Low and High values of Correlation at 5000 

Observations 

Element CCTV ILD PP First Alarm Second Alarm
Input DR (%) "Manual" 32.00% 100.00% 28.00% 100.00% 52.00%

Ave 32.28% 100.00% 28.30% 100.00% 56.24%
St Dev 0.64% 0.00% 0.72% 0.00% 0.62%

Precision 99.13% 100.00% 98.94% 100.00% 91.84%
Ave 31.68% 100.00% 27.65% 100.00% 55.69%

St Dev 0.62% 0.00% 0.69% 0.00% 0.53%
Precision 99.01% 100.00% 98.74% 100.00% 92.91%HIGH (0.9)

LOW (0.1)

CORREL

 



 245 

 When changing the correlation among the CCTV system and Police Patrol from 

low to high, the performance of the Logman Model to predict the false alarm rate for the 

inductive loop system has been greatly impacted. Table 6.47 summarizes the predicted 

results by the Logman Model where a shrink in the precision values could be noticed 

from 82.97% to 48.08%. This shrink could be justified by the correlation between the 

inductive loop system and the other two systems. The values of false alarm rate of the 

inductive loop system has been affected by the zero values of false alarm rate by the other 

systems even at low correlation levels between the inductive loop and the other two 

systems. 

Table 6.47 Precision of the FAR at Low and High values of Correlation at 5000 

Observations  

Element CCTV ILD PP First Alarm Second Alarm
Input FAR (%) "Manual" 0.00% 0.74% 0.00% 0.74% 0.00%

Ave 0.00% 0.61% 0.00% 0.61% 0.00%
St Dev 0.00% 0.19% 0.00% 0.19% 0.00%

Precision 100.00% 82.97% 100.00% 82.97% 100.00%
Ave 0.00% 0.36% 0.00% 0.36% 0.00%

St Dev 0.00% 0.18% 0.00% 0.18% 0.00%
Precision 100.00% 48.08% 100.00% 48.08% 100.00%

LOW (0.1)

HIGH (0.9)

CORREL

 

 The Logman Model has been able to predict the individual performance of the 

systems in terms of the time to detect accidents with high reliability. The precision of 

results provided by the model at low correlation between the CCTV system and the 

Police Patrol were slightly better than when high correlation is applied. However, due the 

random values that are used to design the model it is not wise to assume that low 

correlation will greatly enhance the prediction capability of the Logman Model. The 

precision level of the combined performance at first alarm was more than ninety percent 

while higher precision has been produced at second alarm reaching up close to a hundred 

percent.  
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Table 6.48 Precision of the TTD at Low and High values of Correlation at 5000 

Observations 

Element CCTV ILD PP First Alarm Second Alarm
Input: Average TTD (min) 20.00 10.00 20.00 9.00 20.00

Ave 19.87 9.99 20.04 9.78 19.89
St Dev 0.52 0.02 0.21 0.02 0.37

Precision 99.33% 99.89% 99.80% 91.36% 99.43%
Ave 19.86 10.03 20.06 9.83 19.98

St Dev 0.29 0.02 0.17 0.03 0.21
Precision 99.31% 99.75% 99.68% 90.82% 99.89%HIGH (0.9)

CORREL

LOW (0.1)

 

 To reconstruct the distribution of the time to detect accidents by any of the three 

systems, the precision level of the standard deviation has been calculated. Table 6.49 

summarizes the values of the standard deviation of the TTD at low and high values of 

correlation factors. When predicting the standard deviation of the TTD by the individual 

systems, high precision has been found. Extremely high accuracy has been recorded; 

however, there is no specific trend could be found. The precision of the results of the 

standard deviation of the TTD at first alarm were not high enough. Better precision 

results could be found when using second alarms.  

Table 6.49 Precision of the St Dev of TTD at Low and High values of Correlation at 

5000 Observations 

Element CCTV ILD PP First Alarm Second Alarm
Input: Std Dev. TTD (min) "Manual" 14.00 2.00 6.00 1.00 9.00

Ave 13.67 2.00 6.05 2.10 10.20
St Dev 0.93 0.01 0.13 0.01 0.74

Precision 97.61% 99.89% 99.09% 47.68% 83.30%
Ave 13.73 2.01 5.98 2.11 10.33

St Dev 0.52 0.03 0.19 0.03 0.40
Precision 98.08% 99.45% 99.64% 47.41% 77.70%

CORREL

LOW (0.1)

HIGH (0.9)  

6.5.7 SUMMARY OF THE PRECISION LEVELS FOR THE DIFFERENT 
SCENARIOS 

In this section, a summary of accuracies of the results predicted by the Logman 

Model has been presented and discussed. Table 6.50 summarizes the prediction accuracy 

of the DR by the model. Generally, the model has been able to predict the different values 

of the DR with extremely high accuracy of more than 90%. When using low correlation 
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between the CCTV and PP systems, the model has been able to predict the values of DR 

at higher accuracy using 5000 observations than when using 1000 observations.  

Table 6.50 Summary of Precision Levels of DR for the different Scenarios Used 

# of Obs CORREL CCTV ILD PP First Alarm Second Alarm
Low 98.49% 100.00% 98.78% 100.00% 92.72%
High 99.29% 100.00% 98.73% 100.00% 91.38%
Low 99.13% 100.00% 98.94% 100.00% 91.84%
High 99.01% 100.00% 98.74% 100.00% 92.91%5000

1000

 

 When using a low number of observations that represent true incidents (e.g. 

1000), the model could produce highly accurate results. This is clear in the values of DR 

for the ILD system and for the combined performance at first alarm. This result could be 

justified by the fact that when using low number of observations to represent true 

incidents this automatically increases the number of observations that could represent 

false alarms  

Table 6.51 Summary of Precision Levels of FAR for the Different Scenarios Used 

# of Obs CORREL CCTV ILD PP First Alarm Second Alarm
Low 100.00% 88.57% 100.00% 88.57% 100.00%
High 100.00% 91.19% 100.00% 91.19% 100.00%
Low 100.00% 82.97% 100.00% 82.97% 100.00%
High 100.00% 48.08% 100.00% 48.08% 100.00%

1000

5000  

 Using low values of correlation among the CCTV and PP systems increases the 

accuracy of the TTD values predicted by model. Table 6.51 summarizes the precision 

levels of TTD for the different scenarios used. The results of the model were less accurate 

when 1000 observations are used couple with high correlation among CCTV and PP.   

Table 6.51 Summary of Precision Levels of TTD for the different Scenarios Used 

 
# of Obs CORREL CCTV ILD PP First Alarm Second Alarm

Low 99.02% 99.94% 99.64% 91.18% 99.53%
High 96.65% 99.81% 99.18% 91.33% 98.93%
Low 99.33% 99.89% 99.80% 91.36% 99.43%
High 99.31% 99.75% 99.68% 90.82% 99.89%

1000

5000  

 to construct the distribution of the TTD, the standard deviation values need to be 

calculated with high accuracy. When using low correlation factors, highly accurate 
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results could be produced when using low number of observations (e.g. 1000) than when 

using high number of observations (e.g. 5000). However, when increasing the value of 

correlation factors applied, the model with the higher number observations used was able 

to provide a more accurate results of the standard deviation of the TTD.  

Table 6.51 Summary of Precision Levels of St. Dev for the different Scenarios Used 

 
# of Obs CORREL CCTV ILD PP First Alarm Second Alarm

Low 99.64% 99.70% 99.06% 47.53% 85.43%
High 95.60% 99.81% 98.39% 47.55% 79.01%
Low 97.61% 99.89% 99.09% 47.68% 83.30%
High 98.08% 99.45% 99.64% 47.41% 77.70%

1000

5000  

 

6.6 Considerations of Deployment 

Due to the huge and irreversible costs of investing in traffic sensing systems, two 

factors need to be carefully considered. The first factor is the cost of deploying and  

maintaining the system. This includes cost of equipments installed in the field, annual 

maintenance costs, cost of operators to monitor the system, and also cost of removing the 

system if low performance and high cost has been incurred. The second factor is the 

performance expected from the system. This includes the cost of time saving for travelers 

and businesses. It also includes all the costs of incidents if the system performed poorly. 

These costs have been investigated in Chapter One. Incidents detection systems could be 

ranked based on the performance of individual combined systems in terms of detection 

rate, false alarm rate, and time to detect incidents. To achieve high performance, the 

system should be able to detect most of the incidents within short time and with low false 

alarms generated.  
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6.6.1 INDIVIDUAL SYSTEMS PERFORMANCE INDEX 

As such, the objective is to deploy individual systems that have high DR, short 

time to detect incidents, and low false alarm rate. Considering these three performance 

indicators, a Performance Index could be estimated for each individual system using the 

approximate relationship presented in equation 6.15. 

 

ii

i
i TTDFAR

DR
PI

*
=     (6.15) 

 Where, 

  iPI  Performance index of system (i) 

iDR  Detection rate of system (i) 

iTTD  Time to detect incidents using system (i) 

iFAR  False alarm level of system (i) 

 Unfortunately, for systems that do not produce any false alarms, such as Police 

Patrol and CCTV systems, this equation produces a value divided by zero. To avoid this 

situation, this equation could be modified to read 

i

ii
i TTD

DRFAR
PI

*)1( −
=    (6.16) 

 To demonstrate the use of this equation, consider the performance of the CCTV, 

the ILD, and Police Patrols systems that are summarized on Table 6.52. 
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Table 6.52 Individual Performance Index of CCTV, ILD and PP Systems and 

hypothetical values of cost 

DR (%) FAR (%) TTD (min) Cost ($ million) PI
CCTV 32.00% 0.74% 20 10 0.02
ILD 100.00% 0.00% 10 8 0.10
Police Patrol 28.00% 0.00% 20 5 0.01  

Based on the values summarized on Table 6.52, Figure 6.33 could be generated to 

express the relationship between incidents detection systems cost and the performance 

index.  
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Figure 6.33 Hypothetical Performance index vs. cost for individual CCTV, ILD, and 

PP systems 
 

Based on this figure, it is clear that the ILD system has scored the highest 

Performance Index. Although this performance is better than the performance of the 
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CCTV system, higher costs of deployment are needed. The results of this graph confirm 

that the PP should be completely disregarded relative to the ILD system. 

6.6.2 COMBINED SYSTEMS PERFORMANCE INDEX 

The current literature supports that most TMCs deploy multiple systems to detect 

incidents and to ensure higher performance. To compare between different combinations 

of the incidents detection systems instead of individual systems, a new combined 

performance index could be proposed as follows: 

 

cbacombined PIPIPIPI **=    (6.17) 

Consider a scenario where a decision needs to be made about the combination of 

systems to deploy. Hypothetically, assume the values of individual values of systems are 

as presented in Table 6.53  

Table 6.53 Hypothetical Combined Performance Indexes 

DR (%) FAR (%) TTD (min) Cost ($ million) PI Combined PI Combination
System A 32.00% 0.74% 20 10 0.02 0.0022% A x B x C
System B 100.00% 0.00% 10 8 0.10 0.0080% B x C x D
System C 28.00% 0.00% 20 5 0.01 0.0039% C x D x E
System D 40.00% 0.10% 7 6 0.06 0.0105% D x E x F
System E 90.00% 1.20% 18 8 0.05 0.0061% E x F x G
System F 45.00% 0.30% 12 9 0.04
System G 20.00% 0.15% 6 4 0.03  

 Utilizing the data summarized in table 6.53, alternative investments could be 

studied by producing Figure 6.34. The figure provides guidance to which system to 

deploy by elimination.  
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Combined Performance Index vs. Cost
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Figure 6.34 Alternative Investments 

6.6.3 UTILIZATION OF AVAILABLE TRANSPORTATION PLANNING 
MODELS 

The Logman Model can be incorporated into existing transportation planning 

tools to support decision making processes. For example, it can utilize the cost 

information built in the library of the IDAS algorithm.  

6.7 Summary 

 In this chapter, the Logman Model has been validated using two traffic and 

incidents data sets. The first data set has been collected by (xxx) from San Antonio 

freeways in 1996/1997. Zhou (2000) has used this data to investigate the application of 

fusion theories to improve the incident detection capability of automated incidents 
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detection systems. The results provided by Zhou’s study have been used to validate the 

Logman Model. 

 The second endeavor to validate the Logman Model has been conducted by 

collecting incidents and traffic data from the same network in San Antonio. In this data 

set, a manually collected incident has been supplemented with traffic data collected from 

freeways using the ILD system. A computer macro has been developed based on the 

Texas Algorithm logic to process the data provided by the ILD system. The incidents 

logs and the traffic condition maps have been saved simultaneously from the TransGuide 

website to be used in the data analysis process. These saved incidents logs and maps have 

become handy when some elements of the survey collected were missing. 

The data has been processed using four steps: data collection, processing, 

analysis, and application to the model. The data has been collected both manually and 

automatically using the inductive loop system. A survey form that was used in a previous 

study in 2001 has been modified to be used for a newer data collection period in 2003. A 

total of 395 incidents have been collected in a two-week collection period. More than 

seventy percent of the incidents recorded were labeled as “congestion”. Traffic data are 

extracted from freeways using the inductive loops system and processed using a macro 

developed in Microsoft Excel. The Texas algorithm logic has been implemented to detect 

traffic incidents. The location of incidents collected manually has been matched with the 

location of the ILD stations. Using this procedure, the false alarm level and the detection 

rate of the ILD system could be estimated. A rationale has been developed to assign false 

alarms and true incidents. Using this rationale, the ILD system has scored 0.74% FAR. 

The other two systems deployed, CCTV, and Police Patrol system, are human assisted 

methods. Accordingly, an assumption has been made to consider them as false alarm-free 

systems. The ILD system has been hypothetically assumed to have an average time to 

detect incidents of 10 minutes and standard deviation of four minutes. The times to detect 

incidents by the other systems were calculated relative to the time to detect incidents by 
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the ILD system. The detection rate, false alarm rate, and the distribution of the time to 

detect incidents by any of the three systems are used to verify the prediction accuracy of 

the Logman Model. Four scenarios have been developed to vary the number of 

observations used to be 1000 or 5000, and the correlation factors between the CCTV and 

Police Patrols system to be 0.1 or 0.9. Generally, the model has been able to predict the 

input with high precision, that is always  more than 90%. Using a high number of 

observations to represent true incidents, (e.g. 5000 obs.); caused the model to produce 

highly accurate results for the detection rate and the distribution of the time to detect 

incidents,  that is better accuracy  when compared to the results obtained when using a 

low number of observations (e.g. 1000 obs.). This case is not true when considering the 

values of FAR, where low number of true observations produced higher accuracy. 

The chapter concluded by proposing a performance index that could provide 

guidance to practitioners when they consider investments in incidents detections systems. 

Combination of systems with high value of Performance Index and reasonable costs 

could be wisely deployed. 
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CHAPTER 7: CONCLUSIONS AND FUTURE WORK 

This report has searched into the problem of traffic incidents that occur on 

freeways. It has introduced the problem of traffic incidents, its causes, effect and costs 

and the efforts expended by transportation stakeholders to mitigate traffic incidents that 

cause congestion and delays on freeways. The stakeholders responsible of managing 

traffic on freeways have been defined.  

Chapter one stated the scope and objective of the research and review the 

background of the problem and its cost in general from published literature. Since 

transportation is an integral part of nearly all industries’ productive and distributive 

processes, a penalty to transportation productivity is a penalty to national productivity 

(ITS Architecture 2002). Instead of continuously increasing the spaces on highways to 

mitigate congestion, the Federal Highway Administration (FWHA) has called for an 

ultimate utilization of existing spaces on freeways. The primary cause of delays on 

freeways is the considerable number of traffic incidents that occur daily. The Bureau of 

Transportation Statistics has reported that 41,611 people were killed and 3.2 million were 

injured in traffic accidents involving automobiles in 1999. Timely and reliable detection 

and quick clearance of traffic incidents has proven to be crucial to restore the capacity of 

freeways. Traffic Management Centers nationwide are constructed and operated to 

resolve the problem of congestion on freeways. Different detection methods are 

employed by these TMCs to timely and reliably detect traffic incidents. Mature detection 

techniques, such as police patrols, Closed Circuit TVs are still in use in many detection 

systems; while newer systems, such as cellular phone reports, and automated systems, are 

also quickly emerging and even becoming common place in many TMCs. The detection 

systems deployed nationwide vary among TMCs. Deploying a particular incident 

detection system is driven by the TMC available budget and the past experience of the 

district engineers with the system. Relying on experts’ engineering judgment to deploy a 
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certain detection system is risky especially with the high and irreversible costs of these 

systems. Instead of using experts’ engineering judgment, full scale testing could be 

considered a reliable but expensive alternative that could be utilized to predict the 

performance of detection systems before deployment. A more realistic and less expensive 

solution could be achieved by using computer simulation methods 

In Chapter Two, the causes, effects, and cost of incidents that occur on freeways 

have been explored. The phases of incident management have been also studied. 

Incidents detection has been determined to be the most important in the phases of 

incidents management. This is due to the high costs of investing in incidents detection 

systems and high cost incurred if these systems did not function reliably. The other two 

phases are incidents clearance and traffic restoration. Many agencies join their efforts to 

mitigate the effects of traffic incidents on freeways. The USDOT has supported the 

construction of traffic management centers in most of the major metropolitan areas in the 

US. A national architecture for Intelligent Transportation Systems has been developed 

with the aid of traffic engineers, transportation managers, engineering consultants, and 

police makers. This architecture is intended to streamline the efforts expended by local 

transportation agencies. A site visit has been conducted to the traffic management centers 

in Texas to study their incidents detection systems, components, and the internal 

architecture of each TMC. These TMCs were San Antonio’s TransGuide, Houston’s 

TranStar, and Fort Worth’s TransVision.  These surveys have revealed that different 

systems and architectures are deployed. Differences among TMCs are influenced by the 

size of the metropolitan area, the type of services provided, and the level of automation. 

The survey also concluded that in each TMC, multiple traffic sensing systems are 

deployed in parallel to monitor and manage traffic. The survey also revealed that TMCs 

provide very crucial help to travelers by disseminating traffic information such as speed, 

travel time and cautionary messages when there is an incident in progress. TMCs utilize 
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different types of media to disseminate information about special events to drivers. These 

include VMS systems, HAR systems, TV Channels, and websites. 

Chapter Three has investigated the current traffic sensing systems used for 

incident detection. The abundance of traffic sensing systems available today is driven by 

the tremendous advances in computers, electronics and manufacturing in recent years. 

large numbers of traffic sensing systems have been design through the years and are still 

emerging. The performance of these systems is varying with different levels of reliability 

and uses. Two major types of incidents detection systems have been specified this include 

human-assisted and automated systems. The human assisted detection systems are 

reliable since they utilize human vision and recognition. The cost of investing in human 

assisted systems is costly and could be infeasible to smaller districts. The use of 

automated systems is increasing due the large suites of sensors that are deployed on 

freeways to collect traffic parameters. These systems do not require large human 

resources to manage as such they have low cost of deployment. The major factors that 

influence the deployment of automated systems are the high false alarms level and the 

frequent breakdowns of the systems. Sensors fusion has the potential of increasing the 

reliability of the automated systems.  

Chapter Four investigated the current decision support tools that practitioners use 

to invest on transportation infrastructure. The ITS Deployment Analysis System is one of 

the tools that has been developed by Oak Ridge National Lab to support decisions about 

ITS deployment. Many studies have supported and the need for reliable decision support 

tools to invest in a transportation infrastructure. This risk results form the high cost of 

investing in transportation infrastructure and the fact that these investments are not 

reversible. There are also individual endeavors by researchers to develop generic decision 

support tools. By aggregating the investigation made in chapters one to three and the 

discussion made in chapter four, it is clear that there is a need for a simulation tool to 

support decisions about deploying certain incidents detection system. Aggregating the 
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conclusions drawn from Chapter One to Chapter Four, the need for this model could be 

justified by the following drivers: 

• Traffic incidents are dangerous and costly if not detected soon 

• Transportation infrastructure is costly and not easily reversible so investment 

decisions should be careful 

• Funding resources are shrinking so decisions should be wise 

• There are many types of detection systems available for deployment 

• There is no systematic way to select a specific detection system for 

deployment and TMCs rely on past experience and engineering judgment of 

experts 

• Full scale testing is costly 

• The increasing computer power has the potential of developing reliable 

models 

Based on these arguments, the chapter concluded by stating a hypothesis that 

read, “The performance of different configurations of integrated highway traffic sensing 

systems can be modeled well enough to aid in and potentially improve deployment 

investment decisions”. The cost of conducting full scale testing to predict the 

performance of incidents detection systems is huge and could be reliably replace with a 

computer simulation model. To test the hypothesis made, a model has been developed in 

Chapter five. Chapter Five has started with a discussion about the factors that impact the 

performance of incidents detection systems. An arithmetic model based on simple 

probabilistic analysis has been developed as an initial step for developing a more capable 

simulation model to predict the combined performance of incidents detection systems. 

This simple model was not able to incorporate correlation between systems and the false 

alarm level. A result a shift has been made to investigate for a more capable simulation 

models to use. As a result a model has been developed based on forward modeling where 

the input and the outputs of a system are available and the intent is to measure the 
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performance of the model itself. The Logman Model that has been developed based on 

Monte Carlo simulation on Microsoft Excel environment. This is due the generality of 

Monte Carlo and its flexibility to be shaped to fit any type of phenomenon. 

The model contains a number of observations that are based on the minimum unit 

of measurement. Since the inductive loop detector collects traffic every twenty seconds, 

the number of observations is assigned as the number of twenty seconds in the study 

period. The model is designed to include 5400 observations which represent one of week 

of data collected six hours a day (three hours during morning peak and three hours during 

evening peaks). The total number of observations contains both observations that 

represent true incidents and the reminder of the 5400 represent false incidents. For 

example when 4000 observations are assigned to represent true incidents, then 1400 will 

represent false incidents. To develop the model a hypothetical freeway instrumented with 

three systems, ILD, AVI, and the CCTV systems has been considered. The model 

receives the performance indicators of the individual detection systems and endeavors to 

predict the combined performance if deployed in parallel. These indicators include the 

distribution of the time to detect incidents (average and standard deviation), the detection 

rate and the false alarm rate. 

Some of the features of reliable simulation models are accuracy, transferability of 

results, consistency and ease of use. In addition the time required to perform each run of 

the model is an important factor and could hinder the use of the model and could render it 

impractical for daily uses. To ensure the reliability of the Logman Model, data that has 

been collected from San Antonio and used previously by Zhou (2000) has been used. 

Zhou (2000) has investigated the potentials of using data fusion to improve the 

performance of automated incidents detection systems. The performance of three 

algorithms in terms of DR, TTD, and FAR, has been used as an input to the Logman 

Model. After processing these information using the Logman Model, a comparison was 
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struck between the results provided by the model and when calculated numerically. Three 

scenarios have been developed to predict the accuracy of the Logman Model relative to 

the number of observations used. In the first scenario, a number of 1000 were used to 

represent true incidents, while the remaining 4400 were used to represent false incidents. 

In this scenario, the Logman Model has been able to predict the time to detect incidents 

by the automated incidents detection algorithms with 95 percent accuracy. Ten runs were 

used to measure the consistency of the results of the model. Extremely consistent results 

were found supported by the low values of the standard deviation between run results. In 

the second scenario, a number of 3000 were used to present true incidents and the 

remaining observations to represent false incidents. In the last scenarios, 5000 

observations were used to represent true incidents. The quality of the results predicted by 

the model was varying. The model has been able to reliably predict the individual 

performance of the three algorithms, the California #8, McMaster and DELOS.  

The second endeavor to validate the Logman Model has been conducted by 

collecting incidents and traffic data from the same network in San Antonio. In this data 

set, a manually collected incident has been supplemented with traffic data collected from 

freeways using the ILD system. A computer macro has been developed based on the 

Texas Algorithm logic to process the data provided by the ILD system. The incidents 

logs and the traffic condition maps have been saved simultaneously from the TransGuide 

website to be used in the data analysis process. These saved incidents logs and maps have 

become handy when some elements of the survey collected were missing. 

The data has been processed using four steps: data collection, processing, 

analysis, and application to the model. The data has been collected both manually and 

automatically using the inductive loop system. A survey form that was used in a previous 

study in 2001 has been modified to be used for a newer data collection period in 2003. A 

total of 395 incidents have been collected in a two-week collection period. More than 
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seventy percent of the incidents recorded were labeled as “congestion”. Traffic data are 

extracted from freeways using the inductive loops system and processed using a macro 

developed in Microsoft Excel. The Texas algorithm logic has been implemented to detect 

traffic incidents. The location of incidents collected manually has been matched with the 

location of the ILD stations. Using this procedure, the false alarm level and the detection 

rate of the ILD system could be estimated. A rationale has been developed to assign false 

alarms and true incidents. Using this rationale, the ILD system has scored 0.74% FAR. 

The other two systems deployed, CCTV, and Police Patrol system, are human assisted 

methods. Accordingly, an assumption has been made to consider them as false alarm-free 

systems. The ILD system has been hypothetically assumed to have an average time to 

detect incidents of 10 minutes and standard deviation of four minutes. The times to detect 

incidents by the other systems were calculated relative to the time to detect incidents by 

the ILD system. The detection rate, false alarm rate, and the distribution of the time to 

detect incidents by any of the three systems are used to verify the prediction accuracy of 

the Logman Model. Four scenarios have been developed to vary the number of 

observations used to be 1000 or 5000, and the correlation factors between the CCTV and 

Police Patrols system to be 0.1 or 0.9. Generally, the model has been able to predict the 

input with high precision, that is always more than 90%. Using a high number of 

observations to represent true incidents, (e.g. 5000 obs.); caused the model to produce 

highly accurate results for the detection rate and the distribution of the time to detect 

incidents,  that is better accuracy  when compared to the results obtained when using a 

low number of observations (e.g. 1000 obs.). This case is not true when considering the 

values of FAR, where low number of true observations produced higher accuracy. 

7.1 Conclusions 

This research endeavored to provide a modeling mechanism that is capable of 

modeling the performance of a combination of sensors to detect traffic incidents. The 
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model, named the Logman Model, will help minimize the need for massive real world 

experimentation. The model, which is based on the Monte Carlo simulation technique 

supported by Bayesian Inference Theory for sensor fusion, can be used to predict the 

performance of a group of installed side-by-side sensors in terms of their combined 

incident Detection Rate (DR), Time-to-Detect (TTD) incidents, and False Alarm Rate 

(FAR). The model is validated using incidents and traffic data collected from San 

Antonio and Houston traffic sensor installations. Preliminary results of the model 

validation have shown promising results. The proposed model could be used as a 

performance predictor to aid in the decision-making process of traffic sensing system 

investments.   

 

It is concluded that modeling the combined performance of incident detection 

systems with a high degree of reliability is feasible. 

 

7.2 Recommendations 

Traffic sensing systems detect traffic incidents that occur on freeways after some 

time ranging from a few minutes up to half an hour. The fact that the values of the time to 

detect incidents are always positive gives a justification to utilize the lognormal 

distribution as the governing distribution. The results of the model will be less reliable if 

the time to detect incidents by any of the detection systems does not follow this type of 

distribution.  

One of the major advantages of this model is its low cost. The cost of developing 

this model is extremely insignificant if compared to full scale testing. However, this 

model requires results from field testing to support its calibration and further 

development. One of the disadvantages is the extended time it requires when a large 
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number of observations is used, nevertheless, this time is insignificant if compared with 

the time need to design and execute a full scale testing.  

When designing simulation models, the time to run these programs on typical 

computers is important. Models that take a long time to execute could be rendered 

impractical for use on a daily basis. A review of the current literature found that most 

current transportation planning tools suffer from this problem. The proposed simulation 

model takes a relatively short time to execute. This time ranges from a few seconds when 

a low number of observations (up to 5,000 obs.) are used, to half an hour when a high 

number of observations are used (more than 50,000 Obs.). Incorporating this model to 

existing transportation planning tools will not increase its running time substantially. 

The model developed could be incorporated to existing transportation planning 

packages to aid the decision making process. The IDAS is expected to be the biggest 

beneficiary of this model. The model could utilize the library of the IDAS system as the 

factors that affect the performance of the incidents detection systems.  

7.3 Future Research 

This research provided a good start to study the effects of different environmental 

factors on traffic incidents detection systems.  As such, the future direction of this 

research could follow two paths simultaneously. In the first path, the effect of 

environmental factors on the performance of incident  detection systems will be pursued. 

The second path will study how the model developed can utilize the library of systems 

and costs incorporated in the IDAS systems. 
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