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ABSTRACT 

Traffic incidents caused by vehicular crashes, roadway construction, disabled and 

abandoned vehicles, extreme weather conditions, and planned special events, comprise about 

half of all traffic congestion. As the duration of traffic incidents increases, it increases the 

probability of severe congestion, secondary crashes, traveler delay, travel time variability, 

emissions and fuel consumption, air pollution, economic and social inadequacy, as well as 

reduces the roadway capacity and the reliability of the whole transportation system. Freeway 

service patrol (FSP) programs have been considered as an effective Traffic Incident Management 

(TIM) program for reducing incident duration and thereby minimizing the adverse effects of 

traffic incidents.  

The overarching goal of this dissertation is to assess the impact of Alabama Service and 

Assistant Patrol (ASAP) program based on a unique compiled dataset. The specific objectives 

are: (1) to merge and match four different datasets, including response data, crash data, traffic 

volume data and ASAP data; (2) to identify the explanatory variables of incident clearance times 

with an emphasis on the ASAP coverage area information; (3) to assess duration data using 

hazard-based duration models with the aim of determining which modeling method best fits the 

data; and (4) to verify the spatial transferability for the impact of ASAP coverage area. 

To achieve the research objectives, this dissertation is divided into three parts. The first 

part describes the Weibull distribution with gamma heterogeneity in identifying the explanatory 

variables of incident clearance times. The second part compares two advanced econometric
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 modeling methods (random parameters and latent class) in identifying which modeling method 

best fits the data. The third part employs random parameters modeling method to verify the 

spatial transferability of the impact of the ASAP program across the state.  

Ultimately, this dissertation presents a data-driven assessment of the ASAP program in 

the state. The distinctive contribution of this research is to provide a better understanding of the 

significant variables that influenced the freeway incident clearance times. The findings of this 

dissertation are anticipated to assist TIM agencies in formulating and implementing strategic 

plans to reduce freeway incident clearance times while maximizing the advantages of the ASAP 

program.  
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INTRODUCTION 

1.1  Background 

Traffic congestion caused by incidents is considered as non-recurring congestion caused 

by crashes, disabled and abandoned vehicles, roadway construction, severe weather conditions, 

as well as planned special events. About 50% of all traffic congestion is caused by traffic 

incidents, which reduces the roadway capacity and the reliability of the whole transportation 

system (U.S. DOT Federal Highway Administration, 2021). As the duration of the traffic 

incident increases, it increases the likelihood of secondary crashes, the severity of congestion, 

traveler delay, travel time variability, emissions and fuel consumption, air pollution, as well as 

social and economic insufficiency (Salum et al., 2020, Islam et al., 2021). Traffic Incident 

Management (TIM) is a multi-disciplinary process for detecting, responding, and clearing traffic 

incidents as safely and quickly as possible to restore normal traffic flow (U.S. DOT Federal 

Highway Administration, 2021). Therefore, TIM programs require the cooperation with different 

emergency response agencies, including fire and rescue, hazardous material response, towing 

and recovery, law enforcement, emergency medical services and freeway service patrols (FSPs) 

to manage traffic
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 incidents effectively and to alleviate the adverse effects caused by traffic incidents (Dougald and 

Demetsky, 2008; Hou et al., 2014; Ma et al., 2016).  

FSP programs have been established as an important component of freeway incident 

management (Lou et al., 2011; Sun et al., 2018).Therefore, many states have included FSP 

programs in their TIM plans to minimize the negative effects of freeway traffic incidents (Ma et 

al., 2012; Salum et al., 2020). The FSP program uses roving vehicles, which are specially 

equipped tow trucks and aims to provide several types of assistance, for instance removing 

obstructions (e.g., abandoned vehicles, debris, etc.), extinguishing fires, providing emergency 

gas and mechanical services to disabled vehicles and providing emergence medical service, etc. 

to motorists (Feno and Ogden, 1998; Ma et al., 2009). These vehicles are typically assigned to 

patrol high-traffic areas, such as freeways, and are intended to reduce incident durations by 

detecting, responding to, and clearing traffic incidents quickly and efficiently in collaboration 

with other emergency agencies, thereby restoring normal traffic flow (Dougald and Demetsky, 

2008; Hadi et al., 2010; Salum et al., 2020).The FSP program is known as Alabama Service and 

Assistance Patrol (ASAP) in the state of Alabama. Alabama Department of Transportation 

(ALDOT) Traffic Management Centers (TMCs) are managing and coordinating the ASAP 

program. At the moment, the program covers and monitors four regions (Montgomery, Mobile, 

Birmingham, Tuscaloosa) along with an expansion plan in Huntsville by 2021. The goal of the 

ASAP program is to ensure faster incident response, assist motorists through the Algo Traffic 

system, restore mobility by minimizing incident durations and eliminate the adverse effects of 

traffic incidents (ALDOT, 2021). The Algo Traffic system was developed by the Center for 

Advanced Public Safety (CAPS) at the University of Alabama, which provides its users with live 
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traffic camera feeds, message sign readouts, incident and construction information, and current 

road congestion levels (AlgoTraffic, 2021). 

1.2  Problem Statement 

The FSP program has been an interesting area of research and has been studied 

extensively in recent years. Most of the previous studies have evaluated the impact of the 

program through benefit-cost analyses based on vehicle delay (Latoski et al., 1999; Hagen et al., 

2005; Ma et al., 2009; Chou et al., 2010), vehicle operating cost (Latoski et al., 1999; ), reduction 

in secondary crashes (Latoski et al., 1999; Chou et al., 2010), reduction of roadway blockage 

(Ma et al., 2009;), fuel consumption (Hagen et al., 2005; Chou et al., 2010), and vehicle emission 

(Chou et al., 2010). Some past studies have also assessed the effectiveness of FSP programs 

based on incident duration (Sullivan, 1997; Karlaftis et al., 1999; Pal and Sinha, 2002; Dougald 

and Demetsky, 2008; Hadi et al., 2010; Li and Walton, 2013; Wu et al., 2014; Salum et al., 

2020). These studies have used various statistical methods to estimate the efficiency of the 

programs, such as queuing methodology (Dougald and Demetsky, 2008; Chou and Nichols, 

2015), logistic regression models (Karlaftis et al., 1999), and quantile regression model (Salum 

et al., 2020), as well as various simulation modeling methods, for instance, PARAMICS (Ma et 

al., 2009; Fries et al., 2012), CORSIM (Chou et al., 2010), and event-driven simulation model 

(Li and Walton, 2013). Since very few studies have evaluated the impact of the FSP program 

focusing on incident duration. Therefore, a research effort is essential to assess the effectiveness 

of the program using incident duration as a performance measure.  

Many previous studies have identified various factors, including incident types, temporal 

factors, environmental characteristics, infrastructure or geometry of the roadway, traffic 
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condition and operational characteristics, impacting incident duration. For example, previous 

studies have observed type of incident (Ozbay and Noyan, 2006; Hojati et al., 2013; Hou et al., 

2014), number of people involved (Nam and Mannering, 2000; Ozbay and Noyan, 2006; Chung, 

2010; Ji et al., 2014; Ding et al., 2015), number of vehicle(s) involved (Garib et al., 1997; Nam 

and Mannering, 2000; Ozbay and Noyan, 2006; Chung, 2010; Alkaabi et al., 2011; Ji et al., 

2014, Islam et al., 2021), type of vehicle(s) involved (Nam and Mannering, 2000; Ozbay and 

Noyan, 2006), number of lanes impacted (Garib et al., 1997; Ding et al., 2015; Zou et al., 2017), 

time of day, day of the week (Alkaabi et al., 2011; Hou et al., 2014), and weather conditions 

(Garib et al., 1997; Nam and Mannering, 2000; Wei and Lee, 2007; Alkaabi et al., 2011; Hojati 

et al., 2013; Hou et al., 2014; Ghosh et al., 2014) to have significant influence on incident 

duration. However, very few studies have identified the FSP program as an important influential 

factor in incident duration and the FSP program has been constituted as an effective approach to 

minimize incident duration. Thus, along with other influential factors, the FSP program should 

be considered as an important influential factor in freeway incident duration. 

To evaluate these factors in this context, selecting an appropriate modeling technique is 

usually determined by the nature of the duration data. Also, the existence of unobserved 

heterogeneity is an important problem in examining the duration data, as if the incident duration 

is not homogeneous across observations, this can lead to inaccurate model results. Incident 

duration has been examined using various statistical modelling methods in past studies, including 

simple regression models (Garib et al., 1997), switching regression models (Ding et al., 2015), 

quantile regression models (Zou et al., 2017; Salum et al., 2020), hazard-based duration models 

(Nam and Mannering, 2000; Hojati et al., 2013; Ji et al., 2014; Li et al., 2015; Haule et al., 2019; 
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Islam et al., 2021), accelerated failure time (AFT) models (Chung, 2010; Alkaabi et al., 2011; 

Hojati et al., 2013), finite mixture models (Zou et al., 2016), generalized F distribution models 

(Ghosh et al., 2014), artificial neural network models (Wei and Lee, 2007), Bayesian network 

models (Ozbay and Noyan, 2006) among others. Among all these modeling methods, Hazard-

based duration models have been found to be more appropriate in examining duration data 

(Hensher and Mannering, 1994; Nam and Mannering, 2000; Washington et al., 2011). 

It is a challenge to evaluate the impact of the FSP program using incident clearance time 

as a performance measure in order to understand the relationship between the FSP program and 

freeway incident duration. Based on the discussed limitations and the recent popularity of the 

FSP program, this dissertation focuses on incorporating the influence of the ASAP program on 

incident clearance time. This dissertation is based on a unique dataset that was created by 

combining freeway incident response data with freeway crash data, then merging it with ASAP 

data and traffic volume data. The use of hazard-based duration models that take into account the 

effect of unobserved heterogeneity will aid in understanding the factors that contribute to 

freeway incident clearance time and provide a quantitative evaluation of the effect of ASAP 

programs. The novelty of this research is the inclusion of ASAP program information as an 

important influential factor in incident duration analyses using advanced hazard-based duration 

modeling methods. This dissertation will contribute to incident management analysis by 

providing a better understanding of the impact of the ASAP program along with other existing 

influential variables.  
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1.3  Research Objectives 

The overall objective of this dissertation is to measure and understand the impact of 

ASAP program along with other potential variables on freeway incident clearance times using a 

unique dataset. More specifically, the objectives of this dissertation are to: 

1. Merge and match TIM response data from the Alabama Department of Transportation 

(ALDOT) Traffic Management Center (TMC), freeway crash data from the Center for 

Advanced Public Safety (CAPS) at the University of Alabama, ASAP data from ALDOT, 

and traffic volume data from the ALDOT Highway Performance Management System 

(HPMS). 

2. Identify the factors that contribute to freeway incident clearance time, including incident 

types, temporal factors, environmental characteristics, traffic conditions and operational 

characteristics. 

3. Assess duration data using hazard-based duration models considering the effects of 

unobserved heterogeneity with the aim of identifying which of the modeling methods 

provides the better fit of the data. 

4. Evaluate the impact of the ASAP program on freeway incident clearance times and verify 

the spatial transferability for the ASAP coverage area impact. 

1.4  Dissertation Organization 

The entire dissertation is organized into six chapters. The research's background, problem 

statement, and objectives are all described in Chapter 1. It's a summary of the entire dissertation. 

Chapter 2 presents the assessment of the ASAP program along with other explanatory variables 
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on freeway incident clearance time. In this section, the Weibull distribution with gamma 

heterogeneity has been used to analyze the crash incident dataset. Chapter 3 presents a 

comparative study of freeway crash incident clearance time focusing on ASAP coverage area 

information. In order to better understand the variables that influence freeway crash incident 

clearance times, this section has used two sophisticated econometric modeling methods: random 

parameters hazard-based duration modeling and latent class hazard-based duration modeling. 

Chapter 4 evaluates the impact of the ASAP program by considering incident clearance times as 

a performance indicator. A random parameter hazard-based duration modeling method has been 

used with likelihood ratio testing to verify the spatial transferability for ASAP impact. These 

chapters are followed by a conclusion in Chapter 5 and future research directions in Chapter 6.  
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AN ANALYTICAL ASSESSMENT OF FREEWAY SERVICE 

PATROL ON INCIDENT CLEARANCE TIMES 

2.1  Introduction 

Traffic congestion caused by incidents is a major problem in the freeways (Hou et al., 

2013). As the duration of a freeway incident increases, it increases the probability of secondary 

accidents, severity of traffic congestion levels, traveler delays, travel time variability, negative 

social and economic impacts, air pollution and fuel consumption (Alkaabi et al., 2011; Ghosh et 

al., 2014; Hojati et al., 2014). Traffic Management Centers (TMCs) are often tasked with 

monitoring and responding appropriately to minimize the incident duration and to alleviate the 

impact of traffic incidents (Hou et al., 2014; Ding et al., 2015). To achieve this goal, it is 

important for the TMCs to understand the impact of incidents on traffic congestion and the 

contributing factors that effects the incident duration. A better understanding of the influential 

factors on incident duration can help the TMCs in assigning suitable incident management 

resources to a certain incident. Also, operational changes in current incident management 

procedure can be identified to improve incident response and clearance times (Hojati et al., 2014; 

Hou et al., 2014). 

The Highway Capacity Manual has divided the incident response timeline into four 

phases. These phases include (1) detection time: the time between the incident occurrence and 
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incident reporting time, (2) response time: the time between the incident reporting time and the 

time that the first responder arrives on the scene, (3) clearance time: the time between the arrival 

of the first responder on the scene and the moment when the incident has been cleared from the 

highway, and (4) recovery time: the time taken for traffic flow to return to normal after the 

incident has been cleared (Manual, 1994). These phases are illustrated in Figure 2.1. Among 

these phases, the incident clearance time is the focus of this paper, as it is a critical phase which 

can be controlled by the TMCs.  

 

Figure 2.1 Phases of Incident Duration 

Over the last few decades, several researchers analyzed incident duration and explored 

the affecting factors using different statistical models. Nam and Mannering (2000) used hazard-

based duration models to analyze the incident duration in terms of detection/reporting time, 

response time, and clearance time by using freeway incident data of Washington State. Their 

analysis proved that hazard-based duration models are appropriate in analyzing incident duration 

data. The study showed that incident type, day of the week, month of the year, weather 

condition, location of the incident, peak time, and presence of shoulder had significant effect on 
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incident duration times. Alkaabi et al. (2011) examined incident duration by using fully 

parametric accelerated failure time (AFT) hazard-based duration model by using data from the 

city of Abu Dhabi, UAE. The results of this study showed that various incident characteristics 

significantly affect incident clearance time, including incident type, severity of incident, weather 

condition, location, month of the year, number of vehicles involved and so on. The authors also 

used the fully parametric AFT hazard-based duration models to analyze effect of the influential 

factor on incident response time in their further research work (Alkaabi et al., 2012). They found 

that incident type, location of the incident, day of the week, and month of the year had significant 

influence on incident response time.  

Hojati et al. (2013) explored the effects of various factors related with the type of 

incidents on incident duration. Twelve months of Austrian freeway incident data were analyzed 

by developing parametric accelerated failure time (AFT) survival models for incident duration, 

which included log-logistic, lognormal, fixed and random parameters Weibull and Weibull 

model with gamma heterogeneity. The results showed that incident severity, incident type, 

towing requirements, location, time of day, and traffic characteristics of the incident had 

significant impact on incident duration. The authors expanded their analysis further by using the 

parametric AFT survival model with fixed and random parameters specifications to analyze the 

unobserved heterogeneity of the incident detection and response time (Hojati et al., 2014). The 

study showed that incident characteristics (i.e., severity of the incident, type of the incident), 

infrastructure characteristics (i.e., presence of shoulder), temporal characteristics (i.e., time of the 

day) and traffic characteristics (i.e., peak time) significantly affected the incident detection and 

response time.  
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Hou et al. (2013) proposed a mechanism-based approach to model incident response time 

and to explore the influential factors of incident response time based on the performance of the 

incident response truck (IRT). Using the Washington State Incident Tracking System (WITS) 

data and dual-loop detector data, the authors found that injury involved, shoulder/medial 

involved, heavy truck involved, disabled vehicles involved, weekends, and debris were factors 

associated with longer response time. However, collision, work zone involved, HOV lane 

involved, fire involved, abandoned vehicles involved, all travel lanes blocked, winter, summer, 

AM peak, PM peak, and average annual daily traffic (AADT) were identified to shorten incident 

response time. The authors also developed a non-proportional hazard-based duration model to 

analyze the incident clearance time and the time-varying effects of contributing factors on 

incident clearance time (Hou et al., 2014). The authors found that five factors (Washington State 

Patrol involved, AADT, fire involved, injury involved, and summer) had significant constant 

impact on the incident clearance time. Seven variables (disabled vehicles involved, single lane 

blocked, multiple lanes blocked, collision, short response time, medium response time, and long 

response time) were found to have significant time-increasing influence and six variables 

(abandoned vehicles involved, heavy truck involved, debris, traffic control, weekends and night 

time) were observed to have time-decreasing effects on incident clearance time.  

Ghosh et al. (2014) examined freeway incident clearance time taken by the Michigan 

Department of Transportation Freeway Courtesy Patrol and the effects of the influential factors 

by using the southeastern Michigan freeway incident duration data. The authors used a series of 

fully parametric hazard-based duration models to explore the factors affecting the freeway 

incident clearance time. The results showed that time of the day, month of the year, seasonal 
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variation, traffic characteristics, geometric characteristics, and incident characteristics were 

significantly impacting the incident clearance time. Ding et al. (2015) used a switching 

regression model and a binary probit model to analyze the influential factors in incident response 

and clearance time. Using the Washington State freeway incident data, the authors conclude that 

incident type, geographical, temporal, environmental, operational and traffic characteristics had 

significant impact on incident response and clearance time. 

Salum et al. (2020) used quantile regression method to examine the relationship between 

the incident clearance time and the influential variables using the freeway incident data from 

Jacksonville, Florida. The study found that incident severity, crash types, weekends, nighttime, 

blocked shoulder, towing involvement and number of responding agencies were associated with 

longer clearance time. However, the result showed shorter clearance time was found if freeway 

service patrol (Road Rangers) responded to incidents. Tang et al. (2020) applied extreme 

gradient boosting (XGBoost) machine algorithm in analyzing and predicting the incident 

clearance time and the explanatory variables using the incident data from the Washington 

Incident Tracking System. The study showed that incident types, lane blockage type, AADT and 

response time had significant influence on clearance time of incident. The authors found that the 

lack of acquired incident information might question the accuracy of this prediction model. Won 

(2020) proposed an outlier analysis method to improve the reliability and accuracy of incident 

duration estimation using the freeway incident data from Maryland. The study used an ensemble 

modelling and several outlier detections models to identify outlier-ness.  

Over the course of these studies, freeway incident management programs have become 

more common in managing freeway incidents. TMCs have shown their dependency on these 
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programs to respond quickly and safely as possible to incidents. Many previous studies had 

identified various factors, including incident types, temporal factors, environmental 

characteristics, infrastructure or geometry of the roadway, traffic condition and operational 

characteristics, impacting incident duration in terms of detection time, response time and 

clearance time. In this paper, along with other influential factors, the existing coverage of the 

Alabama Service and Assistance Patrol (ASAP) program has been considered as an important 

influential factor on freeway incident clearance time. 

2.1.1 Goals and Objectives 

The goal of this paper is to measure and understand the impact of ASAP on incident 

clearance time. The objectives of this paper include (1) to pair and analyze TMC incident data 

with crash data, (2) estimate a duration model for incident clearance time, and (3) assess the 

factors that contribute to incident clearance time. This study uses a fully parametric hazard-based 

duration model to statistically analyze the factors that affect the incident clearance time. The 

novelty of this paper is the inclusion of additional ASAP coverage area information, as an 

important influential factor in the duration models. The contribution of this paper is to provide a 

better understanding of the factors that contribute to the incident clearance time and to provide a 

quantitative estimate of the impact of ASAP programs. 

2.2  Data Description 

Four different datasets were used to achieve the goal and objectives of this paper. The 

first dataset includes 18,275 freeway crashes collected from the Center for Advanced Public 

Safety (CAPS), an interdisciplinary research center at The University of Alabama for the 
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calendar year 2018. The second dataset comprises 7,323 freeway incidents recorded by TMCs 

for the year of 2018. These two datasets were joined using the attributes date, time, road name, 

direction of travel and location, which linked 2,206 crash incidents. The third dataset includes 

the average annual daily traffic (AADT) data for the calendar year 2018 collected from the 

Alabama Department of Transportation (ALDOT) Highway Performance Management System 

(HPMS). The final dataset contains the existing ASAP information gathered from ALDOT, 

which is the key attribute in this paper (Figure 2.2). Each incident was determined whether the 

location occurred within the service patrol region (Figure 2.3) or not. It should be noted that 

incidents within the ASAP area may not have necessarily had the ASAP arrive to the location 

first or at all. In the future, additional logs and records will further help to understand the impact. 

After joining these four datasets, 88 potential independent variables were created to 

analyze and assess the effects of these variables on the incident clearance time. These variables 

can be divided based on incident types and characteristics, environmental effects, traffic 

characteristics, operational characteristics, temporal effects, and geographic characteristics. The 

final sample included 2,206 crash incidents occurring on freeways in Alabama. 
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Figure 2.2 Flowchart of Data Processing 
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Figure 2.3 Alabama Service and Assistance Patrol Area Coverage 
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2.3   Methodology  

Considering the large variance in the incident clearance time, a statistical method is 

warranted to understand the duration problem. Hazard-based duration models are statistical 

models which are well suited for modeling duration data. The models are used to analyze the 

conditional probability of a time duration that continued until time t, given that the duration has 

ended at the time t (Washington et al., 2011). Hazard-based duration models are extensively used 

in biostatistics, economics, engineering, and social sciences for analyzing the duration of a 

specific event (Hensher and Mannering, 1994; Nam and Mannering, 2000; Washington et al., 

2011). In this paper, a hazard-based duration model was used to understand the additional 

information of the underlying duration of incidents. 

In studying incident duration data, the variable of interest is the length of time between 

the arrival of the first responder at the scene and the opening of all lanes, which is defined as the 

incident clearance time. The incident clearance time in hazard-based model is a continuous 

random variable 𝑇, with a cumulative distribution function 𝐹(𝑡), which is called the failure 

function, probability density function 𝑓(𝑡), survival function 𝑆(𝑡), and hazard function ℎ(𝑡). The 

cumulative distribution function F(t) for the incident clearance time (T) is defined in the 

following equation, where P is the probability that the incident clearance duration being greater 

than some specified time t. 

𝐹(𝑡) = 𝑃(𝑇 < 𝑡) Equation 2.1 

The probability density function 𝑓(𝑡), which is the derivative value of the cumulative 

distribution function 𝐹(𝑡), is defines as 
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𝑓(𝑡) =  
𝑑𝐹(𝑡)

𝑑𝑡
 

Equation 2.2 

The hazard function ℎ(𝑡) gives the rate at which the incident clearance times are ending 

at time t, given that they have not ended prior to time t (Washington et al., 2011). 

h(t) =  
f(t)

1 − F(t)
 

Equation 2.3 

Conversely, the survival function, 𝑆(𝑡), is the probability of the duration being greater 

than or equal to some specific time t. 

S(t) = P(T ≥ t) = 1 − F(t)  Equation 2.4 

The derivative of ℎ(𝑡) will indicate if the probability of an incident clearance time is 

increasing, decreasing or remain constant as t changes which can depend on the incident types 

and other attributes of the incident. Proportional-hazard model have been popular in accounting 

for the attributes which are influential to the incident clearance time (Washington et al., 2011). 

Therefore, a statistical model can be incorporated using the proportional-hazard approach: 

 h(t│X) = h0(t)eβX Equation 2.5 

where ℎ0(𝑡) indicates the baseline hazard function and 𝑒𝛽𝑋 represents the effect of 

explanatory factors on the hazard. X is the vector of external influential factors and β is the 

vector of estimable parameters. 

In estimating Equation 2.5 with fully parametric model, a variety of parametric forms of 

the underlying hazard function can be used, which includes exponential, log-logistic, Weibull, 

and so on (Nam and Mannering, 2000; Washington et al., 2011). The Weibull distribution allows 
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the hazard function to be monotonically increasing or decreasing (indicating the probability of an 

incident clearance-time duration ending increases or decreases over time) (Washington et al., 

2011; Hainen et al., 2013). With parameters 𝜆 > 0 and 𝑃 > 0, the Weibull distribution has the 

hazard function, 

h(t) = (λP)(λt)P−1 Equation 2.6 

The original proportional-hazard approach assumes that the baseline hazard function 

ℎ0(𝑡)  is homogeneous for each observation. However, there is a possibility of unobserved 

heterogeneity in analyzing the incident clearance time using hazard-based duration model. 

Washington et al. (2011) showed that the most popular approach to examine heterogeneity in 

fully parametric models, is to introduce a heterogeneity term, gamma over the population. 

Therefore, the Weibull model with gamma heterogeneity with mean 1 and variance θ is: 

h(t) =  
(λP)(λt)P−1

1 + θ(λt)P
 

Equation 2.7 

In this study, the Weibull model with gamma heterogeneity is used to analyze the 

incident clearance time on 2,206 crash incidents on Alabama freeways. Numeral previous studies 

have been used this statistical model to assess the incident duration data and therefore, is used in 

this paper for direct comparison. All statistical analyses are performed using NLOGIT version 5 

software (Greene, 2012).  

2.4  Estimation Results 

The parameter estimates of the Weibull model with gamma heterogeneity for clearance 

time are provided in Table 2.1 including t-statistic, which indicates the statistical significance of 
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each independent variable. The marginal effects for each independent variable are shown in 

Table 2.2. All the variables are statistically significant at 95% level of confidence. The positive 

value of the parameter estimate indicates the decrease in the hazard function and the increase in 

the incident clearance time. Eighty-eight potential independent variables were examined on 

2,206 freeway incidents, including incident types and characteristics, environmental effects, 

traffic characteristics, operational characteristics, temporal effects and geographic characteristics. 

Seventeen variables are found to have significant effect on the duration of the incident clearance 

time. Interactions between the significant variables were determined and ranged between -0.33 

and +0.56, which indicated weak, if any, interaction or correlation between the variables. The 

effects of such significant variables are discussed in detail in the following discussion section 

and will be compared with previous findings. 



  

21 

 

Table 2.1 Weibull model with gamma heterogeneity estimation results  

Variables  
Estimated 

Parameter 
t-statistic  

P-

value 

Constant 3.593 33.97 <0.001 

     

Incident characteristics    

Fire response present (1 if yes, 0 otherwise) 0.196 5.44 <0.001 

Hazardous materials response present (1 if yes, 0 otherwise) 0.917 3.11 0.0019 

Commercial motor vehicle (CMV) involved (1 if yes, 0 

otherwise) 
0.388 6.77 

<0.001 

Fatality involved (1 if yes, 0 otherwise) 0.689 5.23 <0.001 

Seat belt indicated as involved (1 if yes, 0 otherwise) -0.144 -3.41 <0.001 

Number of vehicle(s) involved  0.161 6.77 <0.001 

Vehicle towed (1 if yes, 0 otherwise) 0.373 11.06 <0.001 

On-road (1 if yes, 0 otherwise) -0.195 -4.30 <0.001 

Overturn (1 if yes, 0 otherwise) 0.201 2.24 0.0253 

    

Temporal characteristics    

Nighttime (As indicated in the crash records: 1 if yes, 0 

otherwise) 
0.081 2.33 0.0196 

Winter (Incident occurred in month of December, January, 

or February: 1 if yes, 0 otherwise) 
0.073 1.96 0.0495 

    

Traffic characteristics    

Average annual daily traffic (AADT) -0.005 -8.66 <0.001 

Peak hours (1 if incident occurred between 7 AM – 9 AM 

and 4 PM – 6 PM, 0 otherwise) 
-0.085 -2.74 0.0062 

Number of lanes in the trafficway (1 - 6) 0.044 3.91 <0.001 

    

Operational characteristics    

Detection Time (in minutes) 0.010 2.67 0.0077 

Police response present (1 if yes, 0 otherwise) 0.264 4.44 <0.001 

ASAP (Incident occurred in existing ASAP coverage area: 1 

if yes, 0 otherwise) 
-0.218 -5.10 

<0.001 

    

Model structure parameters    

Sigma (distribution parameter) 0.495 37.93 <0.001 

Theta (heterogeneity) 0.405 8.72 <0.001 

     

Log-likelihood at convergence -2280.013 -  

Number of observations 2206 -  
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Table 2.2 Marginal effects of the incident clearance time  

Variables  
Marginal 

Effect 

Incident characteristics  

Fire response present (1 if yes, 0 otherwise) 0.274 

Hazardous materials response present (1 if yes, 0 otherwise) 2.041 

Commercial motor vehicle (CMV) involved (1 if yes, 0 otherwise) 0.623 

Fatality involved (1 if yes, 0 otherwise) 1.332 

Seat belt indicated as involved (1 if yes, 0 otherwise) -0.207 

Number of vehicle(s) involved  0.239 

Vehicle towed (1 if yes, 0 otherwise) 0.472 

On-road (1 if yes, 0 otherwise) -0.279 

Overturn (1 if yes, 0 otherwise) 0.299 

  

Temporal characteristics  

Nighttime (As indicated in the crash records: 1 if yes, 0 otherwise) 0.113 

Winter (Incident occurred in month of December, January, or February: 1 if yes, 

0 otherwise) 0.102 

  

Traffic characteristics  

Average annual daily traffic (AADT) -0.007 

Peak hours (1 if incident occurred between 7 AM – 9 AM and 4 PM – 6 PM, 0 

otherwise) 0.062 

Number of lanes in the trafficway (1 - 6) -0.007 

  

Operational characteristics  

Detection Time (in minutes) 0.014 

Police response present (1 if yes, 0 otherwise) 0.319 

ASAP (Incident occurred in existing ASAP coverage area: 1 if yes, 0 otherwise) -0.310 

 

Figure 2.4 Survival and Hazard Functions for Incident Clearance Time 
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Figure 2.4 represents survival and hazard functions for the incident clearance time. The 

blue solid line indicates the survival function for the raw data, whereas the red short-dotted line 

shows the survival function for the estimated model. The survival function is the remaining 

proportion of observations at any duration time, T. From Figure 2.4, it is found that the raw and 

estimated survival functions are very close to each other, indicating that the model fits the data 

quite well. The green long-dotted line shows the estimated hazard function for the incident 

clearance time. The estimated value of t at the inflection point is 76 minutes for the hazard 

function, which indicates that the incident duration is likely to be increased after 76 minutes. In 

other words, the P value greater than one for the hazard function of the analyzed incident 

clearance time suggests that the rate of incident ending decreases after 76 minutes. 

2.5  Discussion 

2.5.1 Incident characteristics 

The variables which are grouped in the incident characteristics includes presence of fire 

response, hazardous material response, presence of coroner, severity types (injury, fatality, 

property damage), number of vehicle(s) and person(s) involvement, incident types (collision with 

vehicle, overturn, barrier involvement, on road or off road incidents) and so on. Looking at the 

model results using 2018 freeway incident data, if fire response present (coef = 0.196, t = 5.44) 

was involved in the incident, this variable was found to have increased incident clearance time. 

The involvement of the fire truck response to incidents usually requires more time to clear the 

incident as traffic across all lanes is stopped. This finding of increased clearance time is 

consistent with the research works conducted by Hou et al. (2014) and Ding et al. (2015). 
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Incidents involving hazardous material response present (coef = 0.917, t = 3.11) were found to 

be associated with longer incident clearance times, which is consistent with the previous research 

works from Nam and Mannering (2000) and Hojati et al. (2013). Fuel spills, hazardous material 

spills, and other types of incidents which require additional care will require additional time. 

While these findings are intuitive, this modeling methodology serves as a valuable and holistic 

tool to identify these key factors and which should be considered in response plans as parameters 

that may provide opportunity to reduce incident clearance times. 

The variable for commercial motor vehicle involved (CMV) (coef = 0.388. t = 6.77) was 

found to have a positive parameter estimate, which indicates an increase in the incident clearance 

time. This is expected as incidents involved with CMV are complex and often require time-

consuming recoveries. If the incident is involved with any fatality (coef = 0.689, t= 5.23), it was 

found to significantly increase the incident clearance time. The incidents with fatality tend to be 

more severe and require more time to document and process as the response teams have to work 

with different agencies such as police and EMS. This finding agrees with the many previous 

research works (Nam and Mannering, 2000; Lee and Fazio, 2005; Chung, 2010; Alkaabi et al., 

2011). 

The parameter estimate for seat belt indicated as involved (coef = -0.144, t = -3.41) was 

found to be associated with shorter clearance time. Seat belt use tends to reduce the severity of 

an incident which results shorter clearance time (Kashani et al., 2012). The parameter estimate 

for the number of vehicle(s) (coef = 0.161, t = 6.77) was found positive, which indicates that as 

the number of vehicle(s) increases, the duration of clearing the incident also increases. This 

result is expected as additional vehicles involved leads to longer incident clearance time. The 



  

25 

 

variable indicating that a vehicle was towed (coef = 0.373, t = 11.06) was found to have positive 

parameter estimate, which indicates an increase in clearance time. This finding is consistent with 

the previous research (Nam and Mannering, 2000; Hojati et al., 2013).  

Incidents occurring on-road (coef = -0.195, t = -4.30) as opposed to the shoulder or off of 

the roadway were found to have a negative parameter estimate, which indicates a decrease in 

clearance time. The incidents occurring on the roadway (as opposed to incidents which ended up 

outside of the travel lanes) is more likely to cause one or more lanes to be closed. Therefore, the 

traffic incident management agencies provide rapid response to these types of incidents to reduce 

the possibility of more intense congestion. The blocking of traffic is more quickly detected and 

increases the probability of drivers reporting the incident. If overturning (coef = 0.201, t = 2.24) 

of a vehicle occurred in the incident, it was found to be associated with longer clearance time. 

The incidents involving overturned vehicles tend to have higher severities and require substantial 

effort in removal or up-righting of the overturned vehicles. The traffic incident management 

agencies have to work with police and first responder departments, which results longer 

clearance time. 

2.5.2 Temporal characteristics 

The temporal characteristics in the model include the time of the incident (daytime or 

nighttime), the seasonal variations, different peak and off-peak time, day of the week, month of 

the year, weekdays, weekends and so on. If the incident occurred at nighttime (coef = 0.081, t= 

2.33), it was found to be associated with longer clearance time. This might be because of the 

lower availability of the response team and additional complications with working at night. This 

result is consistent with the research works conducted by Nam and Mannering (2000), Ding et al. 



  

26 

 

(2015), but inconsistent with the works conducted by Hou et al. (2014) and Ghosh et al. (2014). 

The incidents which occurred in winter (coef = 0.073, t= 1.96) was found to have positive 

parameter estimate which indicates increased clearance time. This might be because of the 

inclement weather or buildup snow on the shoulder (Ghosh et al., 2014), therefore, it takes more 

time to clear the incident. 

2.5.3 Traffic characteristics 

For traffic characteristics, AADT, truck annual daily traffic (TADT), percent truck annual 

daily traffic (PTADT), number of lanes in the trafficway, etc. were analyzed to measure their 

effects on the incident clearance time. The factor of AADT (coef = -0.005, t = -8.66) was 

associated with decreased clearance time. The freeways with higher AADT indicates the 

importance of the freeway with higher traffic demand. Therefore, the traffic incident 

management agencies seem to appropriately provide response priority to the freeways with 

higher AADT to avoid more traffic congestion which results shorter incident clearance time. 

This finding is consistent with many previous research works (Jones et al., 1991; Hou et al., 

2013; Ding et al., 2015). The peak hours parameter estimate (coef = -0.085, t = -2.74) was found 

to be associated with shorter clearance time. Daily traffic peak hours are important and therefore 

for the traffic management agencies respond to incidents as quickly to alleviate the any 

additional traffic congestion. This finding coincides with the previous research works (Jones et 

al., 1991; Alkaabi et al., 2011; Hou et al., 2013; Hojati et al., 2014; Ding et al., 2015). On the 

other hand, the variable of number of trafficway lanes (coef = 0.044, t = 3.91) is a very important 

variable with regards to incident management. The significance of the continuous variable for 

number of lanes suggests that, in general, more lanes and additional width monotonically 
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increases the incident management duration. The continuous modeling of this variable is 

intuitively consistent with the notion that more lanes or wider roads will likely inhibit the ease of 

access or increase the lanes-distances which need to be addressed or cleared (for example: an 

overturned CMV spilling hazardous material on a four-lane road versus a two-lane road will take 

longer to clear due to the additional spillage area). In addition. One-lane roadway requires 

immediate clearance of the incident to maintain normal traffic movement, whereas, more lanes 

may allow the traffic management agencies more time to clear the incident. 

2.5.4 Operational characteristics 

Detection time, verification time, response time, police involvement, and existing ASAP 

area were examined to assess the influence of operational characteristics on the incident 

clearance time. As for operational characteristics, the variable for detection time in minutes (coef 

= 0.010, t = 2.67) was found to be associated with longer clearance time. This is expected as any 

blockage causing queuing for a longer time will take more time for the traffic incident 

management agencies to respond to the incident which leads to longer clearance time. The factor 

for police response present (coef = 0.264, t = 4.44) was found to have a positive parameter 

estimate. This is likely reflecting the nature of police responding to relatively severe incidents 

which would naturally require police attending to the scene. This finding is consistent with the 

research conducted by Hou et al. (2014), which showed that police involvement tends to increase 

the clearance time.  

Lastly, the inclusion of the freeway service patrol is a major emphasis and novelty for 

this work. In Alabama, the ASAP program is the state’s freeway service patrol. The variable for 

the ASAP coverage area (coef = -0.21845, t = -5.10) was found to be associated with shorter 
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clearance time. If an incident occurs in the ASAP patrol area, the ASAP can quickly detect it. 

Therefore, the traffic incident management agencies get informed fast resulting lower response 

time, which leads to decreased clearance time. This finding is consistent with the research work 

performed by Hou et al. (2014) and Salum et al. (2020). This is very encouraging for the agency 

freeway service patrol and demonstrates how to appropriately measure the effectiveness of these 

programs. If crashes were analyzed with a simpler approach (for example, a traditional t-test for 

incidents in the patrol area compared to incidents outside the patrol area), a potential omitted 

variable bias could lead to false conclusions. A holistic model appropriately includes all 

attributes as shown in this work. 

2.6  Conclusion 

In the past, many research efforts have gone into studying incident clearance time. With 

the increasing use of freeway service and assistance patrol, this paper is an extension to include 

additional information regarding these programs. This paper describes the analysis of the 

incident duration data of the state of Alabama freeways during the period January 1, 2018 to 

December 31, 2018. Four different datasets were collected from CAPS, TMCs and ALDOT 

including ASAP area coverage information for the freeways. A fully parametric hazard-based 

duration model has been analyzed and was demonstrated to be an appropriate methodology for 

this type of data. To address the heterogeneity problem, a Weibull model with gamma 

heterogeneity has been examined. 

In this paper, the analyses indicate that a total of seventeen variables significantly effects 

the incident clearance time. For this study, four groups of conclusions were found. First, for the 

incident characteristics, seven factors (fire response present, hazardous material response 
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present, commercial motor vehicle involvement, fatality involvement, number of vehicle(s), 

vehicle towed, and overturn) are found to be significantly associated with longer incident 

clearance time. Meanwhile, two variables (seat belt indicated as involved and on-road) tend to 

decrease the incident clearance time. Second, for the temporal group, both the variables 

(nighttime and winter) are found to significantly influence the longer incident clearance time. 

Third, two factors (AADT and peak hour) in the traffic group, are identified to be significantly 

associated with shorter incident clearance time, whereas only one factor (number of lanes) is 

captured to responsible for longer clearance time. Fourth, for the operational characteristics, the 

two factors (detection time and police involvement) are found to be associated with longer 

clearance time. The only variable ASAP coverage area tends to significantly decrease the 

incident clearance time. 

It should be encouraging this point to see the beneficial impacts of Alabama’s Freeway 

Service and Assistance Patrol coverage. The similarities and differences in this paper’s findings 

with past works are important for practitioner discussions as transportation networks and 

management strategies continue to evolve. Next steps should include exploring similar analyses 

in other states, perhaps with additional or alternative modelling frameworks. Also, changes with 

spatial coverage, operational hours, and/or the size and quantity of crews should be monitored 

and examined over time. In addition, the incident clearance time prediction analysis should be 

explored in future research. Limitations of this research include the limited date range and only 

one state worth of data. These limitations should be overcome with further examination of 

additional time periods with more attributes and data from other states, along with more 

advanced modeling techniques. 
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A COMPARATIVE ANALYSIS OF FREEWAY CRASH 

INCIDENT CLEARANCE TIME USING RANDOM PARAMETER 

AND LATENT CLASS HAZARD-BASED DURATION MODEL  

3.1  Introduction 

Freeway traffic incidents are considered non-recurrent events which are typically caused 

by crashes, disabled and abandoned vehicles, roadway construction, severe weather conditions, 

etc. (Chung, 2010; Ghosh et al., 2014). Traffic incidents increase congestion, traveler delay, 

emissions, fuel consumption, and in the chance of secondary crashes (Ji et al., 2014; Lin et al., 

2016). According to the Highway Capacity Manual incident duration can be divided into four 

phases: detection time (time between the incident occurrence and incident reporting time), 

response time (time between the incident reporting time and the time that the first responder 

arrives on the scene), clearance time (time between the arrival of the first responder on the scene 

and the moment when the incident has been cleared from the freeway) and recovery time (the 

time taken for traffic flow to return to normal after the incident has been cleared) (Manual, 

1994).  

The duration of a freeway incident is influenced by many factors. For example, previous 

studies have identified incident severity and number of people involved (Nam and Mannering, 

2000; Ozbay and Noyan, 2006; Chung, 2010; Ji et al., 2014; Ding et al., 2015), number of 

vehicles involved (Garib et al., 1997; Nam and Mannering, 2000; Ozbay and Noyan, 2006; 
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Chung, 2010; Alkaabi et al., 2011; Ji et al., 2014), number of lanes impacted by the incident 

(Garib et al., 1997; Ding et al., 2015; Zou et al., 2017), time of day, day of the week, and weather 

conditions (Garib et al., 1997; Nam and Mannering, 2000; Wei and Lee, 2007; Alkaabi et al., 

2011; Hojati et al., 2013; Hou et al., 2014; Ghosh et al., 2014). Other factors that have been 

found to influence incident duration include the type of vehicle(s) involved and the location (e.g., 

region, county, main line, ramp, rest area). Incidents involving heavy trucks and those that occur 

at work zones have been observed to have longer clearance times (Nam and Mannering, 2000; 

Ozbay and Noyan, 2006). The nature of the incident has also been found to impact how long the 

incident will last. For instance, incidents that involve chemical spills, hazardous materials, and 

fire outbreaks (Ozbay and Noyan, 2006; Hojati et al., 2013; Hou et al., 2014) were, as would be 

expected, observed to have longer clearance times. Nam and Mannering (2000) further observed 

that incident duration is significantly influenced by the detection and reporting times. Also, 

freeway incidents that occur during peak hours of the day, nighttime, weekends and during rainy 

weather were found to be more likely to last longer (Alkaabi et al., 2011; Hou et al., 2014). 

While these factors and the way they influence the duration of incidents, appear to be consistent 

across multiple studies, some studies made contrary findings. For instance, while peak hour 

incidents were generally found to last longer, Hojati et al. (2013) observed shorter clearance time 

for incidents that occurred during PM peak hours.  

Various statistical methods have been used to estimate relationships among incident 

duration and contributing factors. Over the past decades, hazard-based duration models were 

shown to be appropriate in modeling and predicting incident duration. An early study by Garib et 

al. (1997) developed regression models to estimate and predict incident duration for freeway 
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incidents. Ding et al. (2015) formulated the switching regression model and the binary probit 

model jointly to understand the relationship between incident clearance time and the influential 

factors of incident clearance time for Washington State freeway incidents. Nam and Mannering 

(2000) developed separate hazard-based duration models to analyze detection/reporting time, 

response time and clearance time of incident duration for freeway incidents. The study found 

Weibull distribution with gamma heterogeneity as a superior method for finding the association 

between incident detection/reporting time and response time, while log-logistic distribution was 

found to be the best approach for incident clearance time, in comparison with other parametric 

models. Ji et al. (2014) used hazard-based duration model to predict incident clearance time and 

arrival time for three incident categories, crash, hazard, and stationary vehicle. The results 

showed that Weibull distribution with gamma heterogeneity, Weibull and log-logistic 

distributions provided the best-fit model results for crash, hazard, and stationary vehicle, 

respectively. Similar to Ji et al. (2014), Hojati et al. (2013) used parametric accelerated failure 

time (AFT) survival models to analyze freeway incident duration separately for crash, hazard and 

stationary vehicle. Their results found Weibull AFT model with random parameters was the best 

fitting model for incident duration of crashes and hazards while Weibull distribution with gamma 

heterogeneity was the best fitting model for incident duration of stationary vehicle. Also, Alkaabi 

et al. (2011) found the Weibull AFT model provided best fit statistic in analyzing the clearance 

time of incident duration. Li et al. (2015) examined generalized gamma, Weibull, and log-

logistic distributions for both random and fixed parameters to determine the best fit model in 

analyzing and predicting incident duration. The results proved that the random parameter log-
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logistic distribution provided the best fit for the incident duration and showed that the developed 

competing risks mixture model provided better prediction than the classical AFT models.  

Lin et al. (2016) used M5P tree algorithm in combination with hazard-based duration 

model to predict incident duration and Zou et al. (2016) used finite mixture (latent class) model 

to analyze incident clearance time and to explore the influential factors on clearance time. The 

proposed finite mixture model provided better results in estimating and predicting freeway 

incident clearance time when compared to an AFT model. In a recent study, Tang et al. (2020) 

compared four statistical methods and four machine learning methods for the prediction analysis 

of the incident clearance times using freeway incident data. The results showed that the random 

parameters hazard-based duration model provided the best-fit compared to an AFT model, 

quantile regression (QR) model, and finite mixture (FM) model as of the statistical models. 

Ghosh et al. (2014) compared hazard-based duration models with generalized F-distribution and 

found that generalized F-distribution provided best fit for the incident clearance time data. Chung 

(2010) found the log-logistic AFT model to be appropriated in predicting incident duration. The 

AFT model was also used in combination with other models in exploring incident duration. Wei 

and Lee (2007) developed Artificial Neural Network models and data fusion techniques jointly 

for predicting incident duration, and Ozbay and Noyan (2006) used Bayesian Network models to 

estimate incident clearance time. Zou et al. (2017) showed that the quantile regression provided 

better prediction results than the log-logistic AFT and Cox proportional hazard-based duration 

models for analyzing freeway incident duration and the influential factors of incident clearance 

time. 
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As described in the previous sections, many freeway incident duration factors have been 

identified in previous studies using a variety of statistical tools. Building on the previous body of 

work, we apply two modeling methods (random parameters duration modeling and latent class 

duration modeling) to analyze the factors that influence freeway crash incident clearance times. 

While the random parameters hazard-based duration modeling technique has been extensively 

used in previous studies to account for unobserved heterogeneity (variations in the effect of 

variables across the sample population that are unknown to the analyst) (Mannering et al., 2016),  

latent class hazard-based duration approach is relatively new in incident duration studies. These 

two model approaches were adopted to identify which of them provides the best fit for the data 

with respect to accounting for unobserved heterogeneity. The study is based on a unique dataset 

that involved merging and matching Traffic Incident Management response data from the 

Alabama Department of Transportation (ALDOT) Traffic Management Center (TMC), freeway 

crash data from the Center for Advanced Public Safety (CAPS) at the University of Alabama, 

Alabama Service and Assistance Patrol (ASAP) data from ALDOT and traffic volume data from 

the ALDOT Highway Performance Management System (HPMS). The findings of this study are 

expected to inform statewide efforts in significantly reducing the duration of freeway incident 

clearance time. As such, the two modeling methods were employed to identify the contributing 

circumstances to freeway incident clearance time, with the aim of identifying which of the 

methods provides the better fit of the data. This is to ensure that policy decisions that may arise 

from the findings of the study are sound and based on data-driven evidence. 
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3.2  Data Description 

A total of 18,275 freeway crashes from January 1 to December 31, 2018 for the state of 

Alabama were collected from the CAPS, an interdisciplinary research center at The University of 

Alabama. These crashes were joined with 7,323 freeway incidents recorded by ALDOT TMCs 

using attributes such as date, time, road name, direction of travel and location, resulting in 2,206 

linked crashes and incidents. Traffic volume data from Alabama HPMS data and ASAP coverage 

area information were matched and joined with the 2,206 crashes and incidents using ArcMap to 

produce the final dataset. Figure 3.1 shows the process of merging and matching the datasets to 

get the final dataset. More than 90 potential independent variables were considered for the 

hazard-based duration models analyses. All the variables were categorized based on incident 

type and relevant characteristics (e.g., injury severity, number of vehicles, vehicle towed), 

temporal effects (e.g., nighttime, winter season, peak vs. off peak), environmental effects (e.g., 

weather), traffic characteristics (e.g., average annual daily traffic, percent truck traffic, number of 

lanes), and operational characteristics (e.g., fire response present, police response present, 

detection time, response time, existing coverage of ASAP).  

The descriptive statistics of the variables included in the models are presented in Table 3.1. The 

dependent variable, the clearance time of the incident had an average time of 54 minutes, with a 

minimum of one minute and a maximum of nine hours and 25 minutes. The explanatory 

variables were divided into five distinct categories, such as, incident, temporal, environmental, 

traffic and operational characteristics. About 78% of the total crash incidents occurred on the 

road (as opposed to on the shoulder) and 82% of the incidents reported involved drivers who 

were restrained. Also, commercial motor vehicle (CMV) was found to be involved in 7% of the 
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total incidents and 58% of the crash incidents required vehicle towing. About 28% of the crash 

incidents occurred during nighttime and 24% of the incidents were reported to have occurred in 

winter (December, January, or February). Further, it was observed that 16% of the incidents 

occurred under rainy weather condition. Police officers were present in more than 96% of the 

crash incidents and 76% of the incidents occurred in the existing ASAP coverage area. About 

32% of the crash incidents reported  
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Table 3.1 Descriptive statistics of the variables used in the model estimation 

Variable Description of the variables 
Number of 

observations 
Mean 

Standard 

Deviation 

Dependent      

TIME  Incident clearance time 2206 54.10 44.48 

    

Explanatory    

Incident characteristics    

CMV Commercial motor vehicle (CMV) involved (1 if 

yes, 0 otherwise) 
162 0.07 0.26 

FATAL Fatality involved (1 if yes, 0 otherwise) 25 0.01 0.11 

NUMVEH Number of vehicle(s) involved  2206 1.89 0.78 

VEHTOWED Vehicle towed (1 if yes, 0 otherwise) 1275 0.58 0.49 

SEATBELT Seatbelt indicated as involved (1 if yes, 0 otherwise) 1815 0.82 0.38 

ONROAD On-road (1 if yes, 0 otherwise) 1719 0.78 0.42 

OVERTURN Overturn (1 if yes, 0 otherwise) 86 0.04 0.19 

    

Temporal characteristics    

NIGHT Nighttime (Lighting condition at time of incident: 1 

if yes, 0 otherwise) 
608 0.28 0.45 

WINTER Winter (Incident occurred in month of December, 

January, or February: 1 if yes, 0 otherwise) 
534 0.24 0.42 

AMPEAK AM Peak (1 if incident occurred between 7 AM - 9 

AM, 0 otherwise) 
398 0.18 0.39 

PMPEAK PM Peak (1 if incident occurred between 4 PM - 6 

PM, 0 otherwise) 
618 0.28 0.45 

    

Environmental characteristics    

RAIN Rain (1 if yes, 0 otherwise) 353 0.16 0.37 

    

Traffic characteristics    

AADT Average annual daily traffic (AADT) 2206 77.86 30.94 

NUMLANES Number of lanes in the trafficway (1 - 6) 2122 4.57 1.34 

    

Operational characteristics    

DETTIME Detection Time (in minutes) 2206 1.42 4.57 

POLICE Police response present (1 if yes, 0 otherwise) 2116 0.96 0.20 

FIRE Fire response present (1 if yes, 0 otherwise) 696 0.31 0.47 

HAZMAT Hazardous materials response present (1 if yes, 0 

otherwise) 
6 0.01 0.05 

ASAP ASAP (Incident occurred in existing ASAP 

coverage area: 1 if yes, 0 otherwise) 
1680 0.76 0.43 
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Figure 3.1 Flowchart for the Process of Getting Final Dataset 
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fire response presence to aid in incident clearing, and 0.3% incidents had a hazard material 

response team present. The detection time of the incident was found to range from zero to 81 

minutes. 

3.3  Methodology  

In this study, incident clearance time has been defined as the length of time between the 

arrival of the first responder at the scene and the opening of all lanes. In hazard-based duration 

models, the incident clearance time is treated as a continuous random variable 𝑇, with a 

cumulative distribution function 𝐹(𝑡), probability density function 𝑓(𝑡), survival function 𝑆(𝑡), 

and hazard function ℎ(𝑡). The cumulative distribution function 𝐹(𝑡), which is also called the 

failure function is defined as:  

𝐹(𝑡) = 𝑃(𝑇 < 𝑡) Equation 3.1 

where 𝑃 is the probability of the incident clearance duration being greater than some 

specified time 𝑡. 

The probability density function 𝑓(𝑡), which is the derivative value of the cumulative 

distribution function 𝐹(𝑡), is defined as: 

f(t) =   
dF(t)

dt
 

Equation 3.2 

The survival function, 𝑆(𝑡), is the probability of the duration being greater than or equal 

to some specific time 𝑡. 

S(t) = P(T ≥ t) = 1 − F(t)  Equation 3.3 
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The rate at which the incident clearance times are ending at time t, given that they have 

not ended prior to time 𝑡 is called the hazard function ℎ(𝑡) (Washington et al., 2011) and is given 

by: 

h(t) =   
f(t)

(1 − F(t)
 

Equation 3.4 

In addition to duration dependence, hazard-based duration models account for the effect 

of covariates on probabilities (Washington et al., 2011). The proportional-hazards model and the 

AFT model are two alternative approaches in accounting for the effects of covariates. The 

proportional-hazards model assumes that the effect of a covariate is multiplicative with respect to 

the hazard rate. However, the AFT model assumes that the effect of a covariate is to accelerate or 

decelerate with respect to survival time. In addition, proportional hazards have been popular in 

accounting for the influence of covariates, which are the factors affecting the incident clearance 

time (Greene, 2012). The proportional-hazard approach is expressed as: 

h(t│X) = h0(t)eβX Equation 3.5 

where ℎ0(𝑡) indicates the baseline hazard function and 𝑒𝛽𝑋 represents the effect of 

explanatory factors on the hazard. 𝑋 is the vector of external influential factors and 𝛽 is the 

vector of estimable parameters.  

In fully parametric model, Equation 3.5 can be examined using a variety of parametric 

forms of the underlying hazard function, which includes exponential, log-logistic, Weibull, and 

so on (Nam and Mannering, 2000; Washington et al., 2011). The Weibull distribution is the most 

widely used parametric form which allows the hazard function to be monotonically increasing or 

decreasing (indicating the probability of an incident clearance-time duration ending increases or 
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decreases over time) (Washington et al., 2011; Hainen et al., 2013). With parameters 𝜆 > 0 and 

𝑃 > 0, the Weibull distribution has the hazard function: 

h(t) = (λP)(λt)P−1 Equation 3.6 

The traditional proportional-hazards approach assumes that the external variables 

maintain a constant proportional effect on the baseline hazard function ℎ0(𝑡). In other words, the 

baseline hazard function ℎ0(𝑡) is homogeneous for each observation. However, a critical concern 

arises in applying hazard-based models in analyzing the incident duration is the possibility of 

unobserved heterogeneity. One way to address unobserved heterogeneity is to allow model 

parameters to vary across observations (Washington et al., 2011). In this approach, random 

parameters are introduced in hazard-based duration models by adding a randomly distributed 

term (Greene, 2007) as:  

βn =  β +  ωn Equation 3.7 

where 𝛽𝑛 is a vector of parameters that varies across n observations and 𝜔𝑛 is a randomly 

distributed term (e.g. normally distributed term with mean zero and variance 𝜎2). 

Another way to account for unobserved heterogeneity is through a latent class 

formulation (Greene, 2002). In the latent class approach, incident duration data are grouped into 

segments and parameters are estimated for each of these segments. This way the differences 

between effects of the parameters on the incident clearance time can be captured clearly (van den 

Berg et al., 2012). In this method, it is assumed that there exist K different homogeneous latent 

classes, given that an incident duration data belongs to latent class 𝑘 (𝑘 =  1, . . . , 𝐾). The latent 
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class hazard-based model for the logarithm of incident clearance time 𝑌 and the covariate vector 

𝑋 is: 

Y =  βkX + Zk Equation 3.8 

where 𝛽𝑘 is an unknown parameter vector for each latent class 𝑘 and the standard 

baseline distribution for 𝑍𝑘 has a normal distribution with scale parameter 𝜎𝑘. 

3.4  Estimation Results 

A total of 2,206 freeway incidents were examined and used to develop the random 

parameters and the latent class hazard-based duration models. Table 3.2 and Table 3.3 show 

model estimation results for both the random parameter and the latent class models, respectively. 

These results include the parameter estimates and t-statistics for significant variables along with 

the log-likelihood at convergences for each model. A stepwise procedure was used to identify 

and select the significant variables. The random parameters model was estimated using simulated 

maximum likelihood comprising 200 Halton draws (Anastasopoulos et al., 2012; Hojati et al., 

2013). Whereas the random parameters incident clearance model used continuous mixing 

distributions (with the random parameters found to be normally distributed) to capture 

heterogeneity, the latent class approach identified unobserved classes by replacing the 

continuous distribution assumption of random parameter model with a discrete distribution in 

which unobserved heterogeneity is captured by the membership of distinct classes (Greene and 

Hensher, 2003; Mannering and Bhat, 2014). The positive value of the parameter estimate 

suggests longer incident clearance time, which also means decrease in the hazard function. All 

the variables were found to be significant at the 95% confidence level. Similar variables were 
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used in both the random parameter and the latent class models to investigate their performances 

in both models. Nineteen variables were found statistically significant with five exhibiting 

random characteristics (on-road, nighttime, rain, AADT, and ASAP existing coverage area) and 

fourteen fixed effects variables for the random parameters model (Table 3.2). For the latent class 

model, two distinct classes (Latent Class 1 with class membership probability of 0.23 and Latent 

Class 2 with class membership probability of 0.77) were found significant for the incident 

dataset as segmentation with more than two classes did not provide an improved model fit (Table 

3.3). The comparison of the two model results indicate that the latent class model provides a 

better fit for the incident clearance time data. Also, the two models provide slightly different 

details of information on the effects of the variables on incident clearance times. 

From the random parameters model, crashes which require the presence of the police and 

fire trucks were more associated with increased clearance times. The latent class model reveals 

that in about 23% of the freeway crashes (Latent Class 1), the arrival of police and fire trucks at 

the crash scene decreased the incident clearance time while in 77% of the cases (Latent Class 2) 

arrival of the police and fire trucks at the crash scene was significantly associated with increased 

clearance times. The ASAP coverage area variable, which was found to be random and normally 

distributed (with mean of -0.247 and standard deviation of 0.241) in the random parameters 

model, shows that incident clearance time is lower in only 15.3% of the crashes that occurred 

within the ASAP coverage. However, crashes that occurred within the ASAP coverage area in 

Latent Class 1 of the latent class model had increased clearance time but those in Latent Class 2 

had lower clearance times. Considering that Latent Class 2 has more of the crash observation, 

this finding shows that ASAP has a positive net effect on crash clearance times. This finding is 
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consistent with observations in previous studies (Hou et al., 2014; Salum et al., 2020). The model 

estimation results again reveal that crashes that resulted in vehicle overturns were more 

associated with lower incident clearance times in Latent Class 1 but not in Latent Class 2, 

whereas in the random parameters model crashes that involve vehicle overturn had increased 

incident clearance time. The nighttime crash indicator variable was found to be random in the 

random parameters model, with a mean of 0.082 and standard deviation of 0.106. This indicates 

that for 78% of the nighttime crash observation, incident clearance time was high but for the rest 

22%, incident clearance time was low. However, the latent class model reveal that incident 

clearance times are higher for all nighttime crash incidents across both Latent Class 1 and Latent 

Class 2, although the association is not statistically significant for Latent Class 2. Also, crashes 

that occurred during winter months were found to have increased clearance times based on the 

random parameters model whereas, incident clearance times are lower for winter months crashes 

in Latent Class 1 but higher in Latent Class 2. The effects of some of the variables were also 

consistent across the two models. For instance, in both models, the number of vehicles involved 

in the crash and detection times have similar effects on incident clearance times. The results 

indicate that crashes involving multiple vehicles and those with longer detection times have 

increased incident clearance times. These findings reflect observations in previous studies (Garib 

et al., 1997; Nam and Mannering, 2000; Ozbay and Noyan, 2006; Chung, 2010; Alkaabi et al., 

2011; Ji et al., 2014). Similarly, fatal crashes, crashes involving CMVs, and crashes involving 

vehicle towing were observed to be associated with increased incident clearance times in both 

models, as found in other studies (Nam and Mannering, 2000; Chung, 2010; Alkaabi et al., 2011; 

Hojati et al., 2013). 
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Additionally, an analysis of the correlation matrix of the variables reveals that the 

variables used in the model estimations were not strongly correlated as all the correlation 

coefficients were less than 0.6 (Table 3.4). However, the correlation matrix provides some 

interesting findings nonetheless. The results reveal a positive correlation between AADT and 

crash location being on the road (0.23) but there was a negative correlation between AADT and 

fatal crash event (-0.10). This indicates that freeways that record high travel activities were more 

likely to record crashes that occurred on the road rather than off the road such as single-vehicle 

run-off the road crashes, and a high proportion of these crashes are less likely to result in fatal 

outcomes. The relatively high positive correlation (0.56) between AADT and ASAP coverage 

area indicate that a high number of crashes were recorded at freeway sections that record high 

travel activities within the ASAP coverage region. The negative correlation (-0.18) between on-

road crash events and rainfall events show that crash events that occur under rainy weather 

conditions are more likely to be run-off road collision. Also, nighttime crashes were more likely 

to involve a CMV and likely to result in fatality. 

 A likelihood ratio test was performed to investigate whether the difference in model fit 

between the two developed models is statistically significant. The log-likelihood ratio test 

statistic is given by: 

X = −2 [LL(βLC) −  LL(βRP)] Equation 3.9 

where 𝐿𝐿(𝛽𝐿𝐶) is the log-likelihood at convergence for the latent class model and 

𝐿𝐿(𝛽𝑅𝑃) is the log-likelihood at convergence for the random parameters model. The 𝑋 is Chi 

Square distributed with degrees of freedom equal to the number of additional parameters in the 

more complex model. The likelihood ratio was computed to be 85 with 1 degree of freedom. The 
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p-value (<0.001) obtained from the Chi Square table indicates that the two models are 

significantly different in their fit of the incident data. 

 

Table 3.2 Weibull distribution with random parameter model estimation results 

Variables  
Estimated 

Parameter 
t-statistic  

Constant 3.825 50.13 

    

Incident characteristics   

Commercial motor vehicle (CMV) involved (1 if yes, 0 otherwise) 0.381 8.96 

Fatality involved (1 if yes, 0 otherwise) 0.653 6.55 

Number of vehicle(s) involved  0.164 9.64 

Vehicle towed (1 if yes, 0 otherwise) 0.355 14.32 

Seatbelt indicated as involved (1 if yes, 0 otherwise) -0.141 -4.49 

On-road (1 if yes, 0 otherwise) -0.212  -6.49  

Standard Deviation of Normal Distribution Parameter 0.202 15.13 

Overturn (1 if yes, 0 otherwise) 0.178 2.80 

   

Temporal characteristics   

Nighttime (Lighting condition at time of incident: 1 if yes, 0 otherwise) 0.082  3.16  

Standard Deviation of Normal Distribution Parameter 0.106 5.16 

Winter (Incident occurred in month of December, January, or February: 1 

if yes, 0 otherwise) 
0.065 2.45 

AM Peak (1 if incident occurred between 7 AM - 9 AM, 0 otherwise) -0.114 -3.75 

PM Peak (1 if incident occurred between 4 PM - 6 PM, 0 otherwise) -0.084 -3.19 

   

Environmental characteristics   

Rain (1 if yes, 0 otherwise) 0.049  1.63  

Standard Deviation of Normal Distribution Parameter 0.101 3.47 

   

Traffic characteristics   

Average annual daily traffic (AADT) -0.005  -10.74  

Standard Deviation of Normal Distribution Parameter 0.002 7.33 

Number of lanes in the trafficway (1 - 6) 0.043 5.16 

   

Operational characteristics   

Detection Time (in minutes) 0.010 4.17 

Police response present (1 if yes, 0 otherwise) 0.142 3.29 

Fire response present (1 if yes, 0 otherwise) 0.193 7.59 

Hazardous materials response present (1 if yes, 0 otherwise) 0.983 4.64 

ASAP (Incident occurred in existing ASAP coverage area: 1 if yes, 0 

otherwise) 
-0.247  -7.99  

Standard Deviation of Normal Distribution Parameter 0.241 8.09 

    

Log-likelihood at convergence -2270.334 - 

Number of observations 2206 - 
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Table 3.3 Weibull distribution with latent class model estimation results 

Variables 

Latent Class 1 Latent Class 2 

Estimated 

Parameter 

t-

statistic  

Estimated 

Parameter 

t-

statistic 

Constant 4.865 19.96 3.169 21.42 

      

Incident characteristics     

Commercial motor vehicle (CMV) involved (1 if yes, 0 

otherwise) 
0.291 2.12 0.427 5.90 

Fatality involved (1 if yes, 0 otherwise) 0.776 2.82 0.611 3.32 

Number of vehicle(s) involved  0.098 1.90 0.181 7.27 

Vehicle towed (1 if yes, 0 otherwise) 0.020 0.28 0.455 11.42 

On-road (1 if yes, 0 otherwise) -0.058 -0.62 -0.233 -4.77 

Overturn (1 if yes, 0 otherwise) -0.176 -0.90 0.370 4.24 

     

Temporal characteristics     

Nighttime (Lighting condition at time of incident: 1 if yes, 0 

otherwise) 
0.239 3.30 0.027 0.69 

Winter (Incident occurred in month of December, January, 

or February: 1 if yes, 0 otherwise) 
-0.081 -1.01 0.136 3.32 

AM Peak (1 if incident occurred between 7 AM - 9 AM, 0 

otherwise) 
-0.138 -1.50 -0.100 -2.22 

PM Peak (1 if incident occurred between 4 PM - 6 PM, 0 

otherwise) 
-0.230 -3.20 -0.029 -0.73 

     

Environmental characteristics     

Rain (1 if yes, 0 otherwise) 0.170 2.06 0.007 0.16 

     

Traffic characteristics     

Average annual daily traffic (AADT) -0.005 -4.07 -0.004 -6.36 

Number of lanes in the trafficway (1 - 6) 0.017 0.74 0.046 3.52 

     

Operational characteristics     

Detection Time (in minutes) 0.007 1.25 0.010 2.87 

Police response present (1 if yes, 0 otherwise) -0.352 -2.48 0.487 4.41 

Fire response present (1 if yes, 0 otherwise) -0.105 -1.37 0.289 7.61 

Hazardous materials response present (1 if yes, 0 otherwise) 1.311 2.90 0.508 1.60 

ASAP (Incident occurred in existing ASAP coverage area: 1 

if yes, 0 otherwise) 
0.107 1.11 -0.347 -6.80 

     

Model structure parameters     

Sigma (distribution parameter) 0.534 12.15 0.517 37.18 

      

Latent Class Probability 0.231 6.03 0.769 20.06 

Log-likelihood at convergence 2227.754 - - - 

Number of observations 2206 - - - 



  

50 

 

Table 3.4 Correlation Matrix of the Significant Variables 
 

CMV FATAL NUMVEH VEHTOWED SEATBELT ONROAD OVERTURN NIGHTTIME WINTER AMPEAK PMPEAK RAIN AADT NUMLANES DETTIME POLICE FIRE HAZMAT ASAP 

CMV 1 
                  

FATAL 0.02 1 
                 

NUMVEH 0.02 -0.03 1 
                

VEHTOWED -0.12 0.07 -0.20 1 
               

SEATBELT 0.03 -0.06 -0.03 0.19 1 
              

ONROAD 0.05 -0.09 0.52 -0.33 -0.04 1 
             

OVERTURN 0.05 0.05 -0.16 0.16 -0.01 -0.18 1 
            

NIGHTTIME 0.01 0.04 -0.06 0.08 -0.08 -0.03 0.02 1 
           

WINTER 0.02 -0.03 0.01 0.00 -0.02 0.02 -0.04 0.15 1 
          

AMPEAK -0.03 -0.01 0.02 -0.05 0.00 0.03 -0.04 -0.25 0.02 1 
         

PMPEAK -0.02 -0.03 0.09 -0.09 0.05 0.10 -0.05 0.03 0.02 -0.29 1 
        

RAIN -0.06 -0.05 -0.17 0.07 0.03 -0.18 -0.03 0.02 0.04 -0.05 0.00 1 
       

AADT -0.09 -0.10 0.18 -0.18 -0.09 0.23 -0.12 0.01 0.14 0.06 0.10 -0.06 1 
      

NUMLANES 0.06 0.00 -0.05 0.23 0.42 -0.08 0.04 0.00 -0.02 0.01 0.01 0.02 -0.09 1 
     

DETTIME -0.03 0.01 -0.01 0.04 0.01 -0.04 -0.02 0.02 -0.03 -0.05 0.00 0.02 0.03 0.02 1 
    

POLICE 0.01 0.00 -0.01 0.04 0.04 -0.01 0.01 0.06 -0.03 -0.03 0.00 0.00 -0.06 -0.01 0.03 1 
   

FIRE -0.01 0.07 0.02 0.21 -0.08 -0.05 0.09 0.01 0.02 -0.03 -0.06 -0.04 0.06 0.01 0.05 0.04 1 
  

HAZMAT 0.15 -0.01 -0.02 0.03 0.02 0.03 0.17 -0.01 0.03 0.02 -0.01 -0.02 -0.02 0.01 -0.01 0.01 0.06 1 
 

ASAP -0.05 -0.11 0.13 -0.13 -0.04 0.18 -0.06 -0.01 0.08 0.03 0.08 -0.02 0.56 -0.02 0.01 -0.04 0.04 0.01 1 
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3.5  Discussion 

To further understand the effects of the variables on incident clearance time, Jenkins 

(2005) asserted that the parameter estimate exponents provide an easy way to interpret and 

understand the results. The exponent of the coefficient of a variable in this case is analogous to 

the elasticity (Washington et al., 2011) where this value, with the parameter estimates of all the 

other variables at their mean values, indicate a percentage change in the incident clearance time 

for a unit change in for continuous variables and a change from zero to one for indicator 

independent variables. Table 3.5 presents the percentage change in incident clearance times for 

each of the significant variables found in both random parameters and latent class models. These 

findings indicate that different conclusions may be drawn about the effects of the variables on 

incident clearance time based on the model used. The explanatory variables have been grouped 

into incident-specific characteristics, temporal, environmental, traffic and operational 

characteristics and discussed accordingly. 

3.5.1 Incident characteristics 

From Table 3.5, for crashes involving CMVs have their incident clearance times increase 

by 46.4%, 33.8%, and 53.3% for the random parameters model, Latent Class 1, and Latent Class 

2, respectively. For crashes that result in fatality, those in Latent Class 1 have the highest 

increase in incident clearance times. Crashes in which the vehicle had to be towed have 57.6% 

increased incident clearance times in Latent Class 2 compared to only 2% increase in Latent 

Class 1. Crashes that occurred on the road were found to record 5.2% and 20.8% lower clearance 

times in Latent Class 1 and Latent Class 2, respectively. Freeway crashes resulting in vehicle 

overturn had 16.1% lower clearance times in Latent Class 1 but 44.8% increase in clearance time 
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for those crashes that make up Latent Class 2. The random parameters model however show that 

the overturn indicator variable increased incident clearance times by 19.5%. 

3.5.2 Temporal characteristics 

Nighttime crashes were generally found to have higher clearance times. The random 

parameters model found nighttime crashes to have 8.5% higher clearance times, while crashes 

assigned to Latent Class 1 have significantly higher clearance times (27% higher) compared to 

those in Latent Class 2 (2.7% higher). Studies have found that crashes that occur at night are 

more likely to be severe (Nam and Mannering, 2000; Ding et al., 2015) and the model results 

indicate that fatal crashes are associated with higher incident clearance times. The significantly 

higher increase in incident clearance times for crashes in Latent Class 2 may be due to higher 

severity of those crashes compared to those in Latent Class 1. Crashes that occurred during 

winter months were found to have 6.7% higher incident clearance times based on the random 

parameters model. The latent class model shows that incident clearance times for winter crashes 

in Latent Class 1 were lower by 7.8% but increased by 14.6% for crashes in Latent Class 2. The 

results further reveal that crashes that occurred during AM peak hours have much lower incident 

clearance times compared to those that occurred during PM peak hours, except for Latent Class 2 

where PM peak crashes had nearly 1.5 times lower (20.5% compared to 12.9%) times.  

3.5.3 Environmental characteristics 

Adverse weather conditions have previously been found to affect incident duration (Nam and 

Mannering, 2000; Alkaabi et al., 2011). In this study, the two model results show that crashes 

that occurred under rainy weather condition had increased clearance times. The random 
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parameter model revealed that incident clearance times increase by 5% under rainy conditions, 

while crashes in Latent Class 1 had the highest increase in incident clearance time (18.5% 

compared to only 0.7% for Latent Class 2). Rainy weather conditions affect visibility and 

operation of emergency response crews. This may perhaps be the reason for the increased times 

of incident clearance under rainy weather conditions. This finding supports previous research 

works (Nam and Mannering, 2000; Alkaabi et al., 2011; Ding et al., 2015).  

3.5.4 Traffic characteristics 

The effect of changes in AADT on incident clearance times appears to be consistent 

across both models. The results indicate that for each 1% increase in AADT, incident clearance 

times decrease marginally by about 0.5%. Higher AADT indicates higher traffic demand and 

hence represents the importance of the freeway. Therefore, the estimation result indicates that 

freeways with higher AADT are likely to give disposal priority in order to reduce the severity of 

the traffic congestion (Jones et al., 1991; Hou et al., 2013; Ding et al., 2015). Also, the higher the 

number of traffic lanes, the higher the crash incident clearance time. Higher number of lanes 

indicates additional width and time to clear the incident, whereas, single lane road requires rapid 

clearance of the incident in order to maintain normal traffic flow. 

3.5.5 Operational characteristics 

The results further show that each 1% increase in detection time increase the incident clearance 

by about 1% based on the random parameters model and for crashes assigned to Latent Class 2. 

The percentage increase in incident clearance times for Latent Class 1 is only marginally lower 
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Table 3.5 Percent Changes in Incident Clearance Time 

Variables 

Random 

Parameter 

Latent  

Class 1 

Latent  

Class 2 

Changes (%) Changes (%) Changes (%) 

     

Incident characteristics    

Commercial motor vehicle (CMV) involved (1 if yes, 0 

otherwise) 
46.4 33.8 53.3 

Fatality involved (1 if yes, 0 otherwise) 92.1 117.3 84.2 

Number of vehicle(s) involved  17.8 10.3 19.8 

Vehicle towed (1 if yes, 0 otherwise) 42.6 2.0 57.6 

Seatbelt indicated as involved (1 if yes, 0 otherwise) -13.2 - - 

On-road (1 if yes, 0 otherwise) -19.1 -5.6 -20.8 

Overturn (1 if yes, 0 otherwise) 19.5 -16.1 44.8 

    

Temporal characteristics    

Nighttime (Lighting condition at time of incident: 1 if yes, 

0 otherwise) 
8.5 27.0 2.7 

Winter (Incident occurred in month of December, January, 

or February: 1 if yes, 0 otherwise) 
6.7 -7.8 14.6 

AM Peak (1 if incident occurred between 7 AM - 9 AM, 0 

otherwise) 
-10.8 -12.9 -9.5 

PM Peak (1 if incident occurred between 4 PM - 6 PM, 0 

otherwise) 
-8.1 -20.5 -2.9 

    

Environmental characteristics    

Rain (1 if yes, 0 otherwise) 5.0 18.5 0.7 

    

Traffic characteristics    

Average annual daily traffic (AADT) -0.5 -0.5 -0.4 

Number of lanes in the trafficway (1 - 6) 4.4 1.7 4.7 

    

Operational characteristics    

Detection Time (in minutes) 1.0 0.7 1.0 

Police response present (1 if yes, 0 otherwise) 15.3 -29.7 62.7 

Fire response present (1 if yes, 0 otherwise) 21.3 -10.0 33.5 

Hazardous materials response present (1 if yes, 0 otherwise) 167.2 271.0 66.2 

ASAP (Incident occurred in existing ASAP coverage area: 

1 if yes, 0 otherwise) 
-21.9 11.3 -29.3 
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(0.7%). For crashes that warrant police and fire truck presence, except for crashes in Latent Class 

1, these crashes had higher incident clearance times. The incident clearance times increase by 

62.7% and 33.5% for crashes in Latent Class 2 for crashes that require police and fire truck 

presence, respectively. Results also show that crashes that involved hazardous material, the 

incident clearance times increase by 167.2% based on the random parameters model estimation 

and 271% for crashes that make up Latent Class 1 and 66.2% for crashes in Latent Class 2. For 

crashes that occurred within the ASAP coverage area, the random parameters model indicates 

that these crashes were associated with 21.9% lower incident clearance times. Considering that 

the ASAP coverage area variable was found to be random, the latent class model provides an in-

depth information to show that for 23% (Latent Class 1) of the crash observations in the ASAP 

coverage area, incident clearance times were in fact 11.3% higher. 

3.6  Conclusion 

In this paper, two advanced econometric modeling methods, random paper duration 

modeling and latent class duration modeling were employed to analyze the contributing factors 

of freeway crash incident clearance time in the State of Alabama. Beyond finding the 

explanatory variables of freeway incident clearance time, this paper also investigated which of 

the models provides the better fit of the data. Freeway incident duration data from January 1 to 

December 31, 2018 were collected, which included Traffic Incident Management response data 

from the ALDOT TMCs, freeway crash data from the CAPS at the University of Alabama, 

ASAP data from ALDOT and traffic volume from ALDOT’s HPMS. A total of 2,206 freeway 

crash incidents were examined in developing the models. The explanatory variables affecting 

incident clearance time were grouped into five categories including incident-specific 
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characteristics, temporal characteristics, environmental characteristics, traffic characteristics and 

operational characteristics. A total of 19 variables were found statistically significant with five 

random variables (on-road, nighttime, rain, AADT, and ASAP existing coverage area) and 

fourteen fixed effects variables for the random parameters model. Two distinct classes were 

identified significant for the latent class model with a total of 18 statistically significant 

variables. All the variables were found to be significant at the 95% confidence level. Similar 

variables were used in both models to investigate their performances and the comparison of the 

two models reveals that the latent class model provides the better fit for the incident duration 

data. 

With respect to incident-specific factors, involvement of CMVs, fatality, vehicle towing, 

and number of vehicle(s) were found to be significantly associated with longer clearance time in 

both the random parameter and the latent class (latent class 1 and latent class 2) models. Crash 

incidents that occurred on the roadway were found to have decreased incident clearance times in 

both models. Whereas, crashes that involved overturn was found to be associated with longer 

incident clearance time in the random parameters model and the latent class 2 model but was 

found to have shorter clearance times in latent class 1 model. Nighttime crashes were more likely 

to be associated with increased clearance time, and AM peak hours and PM peak hours were 

more likely to have decreased incident clearance time in both models. One interesting fact was 

that winter variable was found to be associated with longer clearance duration in the random 

parameter and the latent class 2 models but was found to have shorter clearance times in the 

latent class 1 model. Rain indicator variable, AADT and number of lane(s) were found to have 

similar effects on incident clearance times in both models. Additionally, crash incidents 
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involving police and fire response presence were more likely to have longer clearance time in the 

random parameter and the latent class 2 models but were more likely to be associated with 

shorter clearance duration in the latent class 1 model. Detection time and the hazardous material 

response present were found to have similar effect on incident clearance times. Incidents that 

occurred in the existing ASAP coverage area were observed to have shorter clearance times in 

the random parameter and latent class 2 models. Whereas the results showed that incidents that 

occurred inside the ASAP coverage area were associated with longer clearance times in the latent 

class 1 model.  

Overall, the estimation results and the model fits suggest that the latent class hazard-

based duration model can be a promising tool to model freeway incident duration data with the 

added advantage of accounting for unobserved heterogeneity. Compared to the random 

parameter hazard-based duration model where the analyst has to make assumptions on the 

distribution of the selected random parameters, the latent class hazard-based modelling approach 

provides further detailed information about all the significant contributing factors without such 

assumptions because unobserved heterogeneity is captured by discrete class membership. This 

considerably reduces the time and effort put into modelling incident duration data. Also, the 

study has revealed that the limited implementation of ASAP in the state has been beneficial in 

reducing incident clearance times. This finding confirms evidence from other studies regarding 

the advantages of the program. It is therefore recommended that the program should be expanded 

to cover the entire stretch of freeways in the state considering the significant cost savings 

associated with reduced incident clearance times. Early detection, notification, and arrival of 

emergency response teams are critical to reducing incident clearance times. It is further 
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recommended that investments should be made into advanced real-time route optimization 

products to enable quick deployment and arrival of emergency response teams for freeway 

incidents. However, further studies are recommended to apply this method to datasets spanning 

across multiple years and for other states with additional attributes. It is also recommended to use 

this method to analyze the influential factors affecting the other phases of incident duration, such 

as detection time, response time, and recovery time. 
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EVALUATING THE IMPACT OF FREEWAY SERVICE PATROL 

ON INCIDENT CLEARANCE TIME: A LOG-LIKELIHOOD 

RATIO TESTING OF RANDOM PARAMETER DURATION 

MODELS 

4.1   Introduction 

Nonrecurrent traffic incidents cause acute traffic congestion which can lead to secondary 

crashes, travelers’ delay, excessive fuel consumption, vehicle emissions, air pollution, social and 

economic insufficiency (Ma et al., 2009; Salum et al., 2020). To minimize the negative effects of 

nonrecurrent incident-related congestion, many major cities in the United States have adopted 

intelligent transportation systems (ITSs) in their incident management plans (Wei et al., 1995; 

Baird et al., 2003; Ma et al., 2012). Traffic incident management (TIM) requires the coordination 

and cooperation among different agencies, including fire and rescue, hazardous material 

response, towing and recovery, law enforcement, emergency medical services and freeway 

service patrols (FSPs) for quick and efficient detection, verification, response and clearance of 

the incidents  (Dougald and Demetsky, 2008; Hou et al., 2014; Ma et al., 2016). As one of the 

most popular and efficient TIM programs, FSP can improve traffic conditions, hence traffic 

safety by decreasing the incident duration through quicker response (Hadi et al., 2010; Sun et al., 

2018) as well as reducing the possibilities of consequences of traffic incidents, such as secondary 

crashes (Karlaftis et al., 1999).
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FSP program uses roving vehicles, which are specially equipped tow trucks and aims to 

provide several types of assistance to motorists (Ma et al., 2009). Typically, these vehicles are 

assigned to patrol higher traffic volume areas, such as freeways and provide services such as 

removing obstructions (e.g., abandoned vehicles, debris, etc.), extinguishing fires, providing 

emergency gas and mechanical services to disabled vehicles and providing emergence medical 

service, etc. (Feno and Ogden, 1998). FSP program is also intended to reduce incident durations 

by detecting, responding and clearing the traffic incidents quickly and timely in cooperation with 

other emergency agencies (Dougald and Demetsky, 2008; Hadi et al., 2010). Additionally, this 

program helps to restore normal traffic flow by managing and clearing traffic incidents as 

quickly as possible and to provide real-time traffic status to motorists through variable massage 

signs (VMSs) and traffic apps (Yin, 2006; Salum et al., 2020). 

In Alabama, the FSP program is known as Alabama Service and Assistance Patrol 

(ASAP) and is managed and coordinated by the Alabama Department of Transportation 

(ALDOT) Traffic Management Centers (TMCs). Currently, the ASAP program monitors and 

covers four regions (Montgomery, Mobile, Birmingham, and Tuscaloosa) along with an 

expansion plan to cover Huntsville by 2021. The goal of the ASAP program is to ensure faster 

response to incidents, to assist motorists through the Algo Traffic system, to restore mobility by 

reducing incident durations and to eliminate the adverse effects of traffic incidents (ALDOT, 

2021). Algo Traffic was developed by the University of Alabama Center for Advanced Public 

Safety (CAPS) under the joint sponsorship of ALDOT and Alabama Law Enforcement Agency 

(ALEA) through funding from the Federal Motor Carrier Safety Administration (FMCSA). Algo 

Traffic system provides updates on Alabama road and exclusive ALDOT information to its 
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users, including live traffic camera feeds, message sign readouts, incident and construction 

information, and current road congestion levels (AlgoTraffic, 2021). 

In order to evaluate the ASAP program, this paper used a random parameter hazard-based 

duration modeling method to understand the impact of the program and to identify any 

differences in the factors that influence incident clearance times inside and outside of the ASAP 

regions. Freeway traffic crash incidents that occurred within and outside the program coverage 

areas were obtained and the factors that influenced the clearance times of these crashes were 

thoroughly examined to identify the significant contribution of the ASAP program. The 

objectives of this paper therefore include reviewing the past work in this area, identifying the 

factors that influence traffic incident clearance times in Alabama, and to explore whether the 

ASAP program has any effects on how these factors affect incident clearance times. The findings 

of the study will be useful for the state Traffic Incident Management (TIM) agencies in 

developing and executing strategies to minimize incident clearance times. Ultimately, the study 

provides a data-driven evidence-based assessment of the ASAP program in the state. 

4.2  Review of Previous Studies 

Over the past several decades, the FSP program has been an interesting area of research 

programs and many previous studies have evaluated the impact of the program through benefit-

cost analyses. For example, Latoski et al. (1999) conducted a benefit-cost analysis of the FSP 

program, known as Hoosier Helper, operated by the Indiana Department of Transportation and 

calculated the benefit-cost ratio based on the savings on delay caused by nonrecurrent congestion 

and vehicle operating cost, as well as reduction in secondary crashes. Hagen et al. (2005) 

estimated the benefit-cost ratio for the Florida Road Ranger FSP program based on savings on 
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vehicle delay and fuel consumption. Also, several other studies evaluated the benefit-cost ratio of 

FSP programs using simulation techniques. For example, Ma et al. (2009) developed a 

microscopic simulation software PARAMICS to estimate the benefits of FSP program by 

focusing on the reduction of roadway blockage and delays caused by crashes. Similarly, Chou et 

al. (2010) used CORSIM, a microscopic simulation tool, to evaluate the benefits of the Highway 

Emergency Local Patrol (H.E.L.P.) operated by New York State and estimated  the benefit-cost 

ratio based on vehicle emission, fuel consumption, secondary incidents and travel delay 

reduction. Li and Walton (2013) used event-driven simulation model in estimating the benefit-

cost ratio of Kentucky FSP program, known as Safety Assistance for Freeway Emergencies 

(SAFE) Patrol in low-traffic areas and shown that event-driven simulation model  is better than 

analytical model in terms of faster simulating speed, larger road network and longer period of 

simulation.  

FSP programs have been considered as an efficient low-cost approach of incident 

management and some past studies have assessed the effectiveness of FSP programs based on 

incident duration (Pal and Sinha, 2002; Li and Walton, 2013; Wu et al., 2014). In an early study, 

Sullivan (1997) developed a model called “IMPACT” in predicting nonrecurrent freeway 

incidents along with the associated vehicle delay based on traffic volume, freeway characteristics 

and incident management with or without FSP in six different urban areas for both weekday peak 

and off-peak periods. Dougald and Demetsky (2008) developed a deterministic queuing 

methodology to determine incident durations with or without FSP for Northern Virginia region 

and applied the results to quantify the benefits of FSP in association with reductions in motorist 

delay, fuel consumption, and emissions. Chou and Nichols (2015) proposed a queuing technique 



  

65 

 

in evaluating the safety impact of FSP program focusing on reduced incident duration. Karlaftis 

et al. (1999) developed logistic regression models to evaluate the efficiency of Indiana’s Hoosier 

Helper FSP program based on savings from reducing the probability of secondary crash 

occurrence and the findings showed that improvements can be made on road safety and cost-

effectiveness of FSP program using the presented methodology. Salum et al. (2020) developed a 

quantile regression model and showed that Florida Road Rangers response resulted in shorter 

incident clearance duration. Fries et al. (2012) used PARAMICS as a traffic simulation tool in 

finding the monetary impact of quick-clearance legislation and compared it with other incident 

management strategies, such as FSP program, traffic cameras and sensors.   

Simulation modelling method is not only used for evaluating the benefit-cost ratio of FSP 

program, but also for assessing the performance and overall impact of FSP programs based on 

operation parameters. For instance, Pal and Sinha (2002) developed a simulation model in 

evaluating FSP, Hoosier Helper program and the results of this study showed that the existing 

FSP program can be improved by changing some specific parameters, including fleet size, area 

coverage, service hours, beat design as well as dispatching policies. Wu et al. (2014) developed a 

discrete event-based simulation model for examining the performance of the existing FPS 

program as well as for planning new FPS program. Hadi at al. (2010) developed a simulation 

tool to evaluate the performance of FSP program by changing incident durations in terms of 

delay, road safety, vehicular emission, fuel consumption and dollar value, and the benefit-cost 

assessment proved that the developed model can help in planning FSP program by adjusting FSP 

operation parameters, such as number of beats and vehicles, area of operation as well as hour of 

operation. 
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Although, many previous studies have evaluated the performance of FSP program, very 

few studies have evaluated the impact of FSP program using incident clearance time as a key 

performance metric. This study therefore makes a distinctive contribution to the body of work, 

by using a random parameter hazard-based duration model to evaluate the effects of the ASAP 

program by assessing the statistical significance in the differences in the factors that influence 

the clearance times  for crash incidents that occurred in and outside of the ASAP coverage areas. 

4.3  Data Description 

In this study, a total of 2,206 freeway crash incidents that occurred in Alabama in 2018 

were examined. The final data for the study was obtained by matching and merging four 

different datasets: freeway incident duration data from the Alabama Department of 

Transportation (ALDOT) Traffic Management Centers (TMCs); freeway crash data from the 

Center for Advanced Public Safety (CAPS) at the University of Alabama; traffic volume data 

from the Highway Performance Management System (HPMS), ALDOT; and ASAP data from 

ALDOT. The data was divided into two groups: incident occurring inside (76.16% of the total 

crash incidents) and incidents occurring outside (23.84%of the total crash incidents) of ASAP 

existing coverage in order to investigate whether there are any differences in the explanatory 

variables that influence incident clearance times. Figure 4.1 represents the current coverage of 

the ASAP program in the state of Alabama. In this study, incident clearance time was considered 

as dependent variable, and was defined as the time between the arrival of the first responder on 

the incident scene and the moment when the incident has been cleared from the highway 

(Manual, 1994). The average incident clearance time was 48 minutes and 74 minutes for inside 

and outside the ASAP existing coverage areas, respectively (Table 4.1).  
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The descriptive statistics of the variables included in the random parameters hazard-based 

duration models are represented in Table 4.1. As shown in Table 4.1, average annual daily traffic 

(AADT), detection time (in minutes) and response time (in minutes) variables were considered 

as continuous variables, and the other remaining 18 variables were categorical. Preliminary data 

analysis showed that the proportion of multi-vehicle crash incidents was higher inside the ASAP 

coverage area (75%) than the outside the ASAP area (55%). About 7% of incidents inside the 

ASAP area involved commercial motor vehicles (CMV), whereas 10% of incidents that occurred 

outside the ASAP region involved CMVs. Only 0.5% of incidents that happened inside the 

ASAP area recorded fatality, while fatality was recorded in about 3.2% of incidents that occurred 

outside the ASAP area. Also, about 82% of incidents that recorded in the ASAP region occurred 

on-road, compared to about 65% outside the ASAP area. The proportion of nighttime crash 

incidents was almost same for inside (27.4%) and outside (28%) of the ASAP area. About 49% 

of incidents that occurred inside the ASAP area were recorded during peak hours (AM and PM), 

compared to about 37% for outside the ASAP area. Crash incidents with police and fire response 

presents were about 95.5% and 32.6% respectively for incidents that occurred inside the ASAP 

area, and these values were 97.3% and 28.3% of incidents that happened outside the ASAP area 

respectively. The presence of hazardous material response was found in 0.3% of incidents that 

occurred inside the ASAP area and of 0.2% of incidents outside the ASAP area. 
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Table 4.1 Descriptive statistics of the variables included in the random parameters 

duration models 

Variables  

Inside ASAP Area 

(76.16%) 

Outside ASAP Area 

(23.84%) 

Mean 
Standard 

Deviation 
Mean 

Standard 

Deviation 

Dependent Variable     

 Incident Clearance Time 47.823 38.447 74.131 55.197 

     

Explanatory Variables     

Incident characteristics     

Multiple vehicles involved in crash incident (1 if yes, 0 

otherwise) 
0.748 0.434 0.550 0.498 

Commercial motor vehicle (CMV) involved (1 if yes, 0 

otherwise) 
0.066 0.248 0.097 0.296 

Fatality involved (1 if yes, 0 otherwise) 0.005 0.069 0.032 0.177 

Vehicle towed (1 if yes, 0 otherwise) 0.543 0.498 0.688 0.463 

Seat belt indicated as involved (1 if yes, 0 otherwise) 0.815 0.388 0.848 0.359 

On-road (1 if yes, 0 otherwise) 0.820 0.383 0.646 0.478 

Overturn (1 if yes, 0 otherwise) 0.032 0.176 0.061 0.239 

Collision type: Rear end collision (1 if yes, 0 otherwise) 0.485 0.500 0.344 0.475 

Temporal characteristics     

Nighttime (Lighting condition at time of crash incident: 1 if 

yes, 0 otherwise) 
0.274 0.446 0.280 0.449 

Winter (Incident occurred in month of December, January, 

or February: 1 if yes, 0 otherwise) 
0.261 0.439 0.183 0.386 

Peak Hours (1 if incident occurred between 7 AM – 9 AM 

and 4 PM – 6 PM, 0 otherwise) 
0.488 0.500 0.373 0.484 

Environmental characteristics     

Rain (1 if yes, 0 otherwise) 0.156 0.363 0.173 0.378 

Traffic characteristics     

Average annual daily traffic (AADT/1000) 87.634 27.309 46.658 18.776 

One lane in the trafficway 0.013 0.113 0.008 0.087 

More than two lanes in the trafficway 0.911 0.285 0.920 0.271 

Less than four lanes in the trafficway 0.208 0.406 0.095 0.293 

Operational characteristics     

Detection Time (in minutes) 1.460 4.019 1.328 5.983 

Response Time (in minutes) 0.831 6.070 0.831 6.069 

Police response present (1 if yes, 0 otherwise) 0.955 0.208 0.973 0.161 

Fire response present (1 if yes, 0 otherwise) 0.326        0.469     0.283 0.451 

Hazardous materials response present (1 if yes, 0 

otherwise) 
0.003 0.054 0.002 0.044 
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Figure 4.1 ASAP Coverage Area. 
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4.4  Methodology 

Previous studies have found various statistical modelling methods to be appropriate for 

examining incident clearance times. These models include simple regression models (Garib et 

al., 1997), switching regression models (Ding et al., 2015), quantile regression models (Zou et 

al., 2017; Salum et al., 2020), hazard-based duration models (Nam and Mannering, 2000; Hojati 

et al., 2013; Ji et al., 2014; Li et al., 2015; Haule et al., 2019; Islam et al., 2021), accelerated 

failure time (AFT) models (Chung, 2010; Alkaabi et al., 2011; Hojati et al., 2013), finite mixture 

models (Zou et al., 2016), generalized F distribution models (Ghosh et al., 2014), artificial neural 

network models (Wei and Lee, 2007), Bayesian network models (Ozbay and Noyan, 2006) 

among others. Hazard-based duration models have been found to be more appropriate in 

examining duration data (Hensher and Mannering, 1994; Nam and Mannering, 2000; 

Washington et al., 2011), therefore, in this paper, random parameters hazard-based duration 

models were employed to identify contributing factors of incident clearance time.  

In studying incident duration data, the hazard-based duration models are employed to 

study the conditional probability of a time duration ending at some time t, given that the duration 

has continued until time t (Washington et al., 2011). Since in many instances, the probability of a 

duration ending is related to the length of the time the duration has lasted, the concept of 

probability of a duration ending is important (Nam and Mannering, 2000). In this study, the 

incident clearance time is a continuous random variable T, with a cumulative distribution 

function F(t), which is also known as the failure function. Alternatively, the survival function, 

S(t), which is the probability of the duration being greater than or equal to some specific time t. 

Mathematically, 
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𝐹(𝑡) = 𝑃(𝑇 < 𝑡) = 1 − 𝑃(𝑇 > 𝑡) = 1 − 𝑆(𝑡) Equation 4.1 

The hazard function h(t), is the conditional probability that an incident will occur 

between time t and t=dt, given that the incident has not occurred up to time t (Washington et al., 

2011) and is given by: 

ℎ(𝑡) =  
𝑓(𝑡)

1 − 𝐹(𝑡)
 

Equation 4.2 

The slope of hazard function defines the dependence of the probability of a duration 

ending on the length of the duration. The hazard function can be decreasing with the incident 

clearance duration increasing (𝑑ℎ(𝑑𝑡) ⁄ 𝑑𝑡 < 0), which indicates the probability that an incident 

clearance duration will end soon decreases as the incident lasts longer. Conversely, the hazard 

function can be increasing as the incident clearance duration decreases (𝑑ℎ(𝑑𝑡) ⁄ 𝑑𝑡 > 0), 

indicating the probability that an incident clearance duration will end soon increases as the 

incident lasts longer. If the hazard function has a slope of zero (𝑑ℎ(𝑑𝑡) ⁄ 𝑑𝑡 = 0), it means the 

probability that an incident clearance duration will end soon is independent of the length of time 

the incident has lasted. 

Proportional-hazards approach has been proven appropriate while examining the effects 

of the explanatory variables (i.e. covariates) on the incident clearance times, which act 

multiplicatively on some baseline hazard functions ℎ0(𝑡) (Washington et al., 2011; Greene, 

2012) and is expressed as: 

ℎ(𝑡|𝑋) = ℎ0(𝑡)𝑒𝛽𝑋 Equation 4.3 
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 where 𝑒𝛽𝑋 represents the effect of explanatory factors on the hazard, 𝑋 is the vector of 

external contributing factors and 𝛽 is the vector of estimable parameters. 

Proportional-hazard functions can be applied using a variety of fully parametric models, 

including gamma, exponential, Weibull, log-logistic, etc. (Washington et al., 2011). Among all 

these distributions, the Weibull distribution is the most used parametric model in examining 

duration data, as this model form allows the hazard function to be monotonically increasing (the 

probability of an incident clearance duration ending decreases over time) or decreasing (the 

probability of an incident clearance duration ending increases over time) (Nam and Mannering, 

2000). The Weibull distribution has the hazard function with parameters 𝜆 > 0 and 𝑃 > 0 and is 

given by: 

ℎ(𝑡) = (𝜆𝑃)(𝜆𝑡)𝑃−1 Equation 4.4 

 In hazard-based duration models, the typical proportional-hazard method is based on the 

assumption that the effect of any explanatory variable is homogeneous across observations. 

However, there is a possibility that the incident duration is not homogeneous across 

observations, and this can lead to inaccurate model results. In order to examine the homogeneity 

assumption, a randomly distributed term is introduced in the duration models in a way that 

allows some (or all) of the model parameters to vary across observations (Greene, 2007; 

Washington et al., 2011) and is expressed as: 

𝛽𝑛 =  𝛽 +  𝜔𝑛 Equation 4.5 

where 𝛽𝑛 is a vector of parameters that varies across n observations and 𝜔𝑛 is a randomly 

distributed term (e.g. normally distributed term with mean zero and variance 𝜎2). The random 
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parameters incident clearance duration models are estimated by simulating the maximum 

likelihood using Halton draws, an efficient substitute to random draws (Washington et al., 2011).  

In this study, a likelihood ratio test was performed to determine if there is a difference in 

the model estimation based on whether incidents happened inside or outside of the ASAP 

existing coverage area as: 

ꭓ2 = −2 [𝐿𝐿(𝛽𝑇𝑜𝑡𝑎𝑙) −  𝐿𝐿(𝛽𝑖𝑛) −  𝐿𝐿(𝛽𝑜𝑢𝑡)] Equation 4.6 

 where ꭓ2  is a chi-squared distributed parameter with degrees of freedom equal to the 

total number of estimated parameters in both the inside and outside ASAP coverage area models 

minus the number of estimated parameters in the combined model. 𝐿𝐿(𝛽𝑇𝑜𝑡𝑎𝑙) is the log-

likelihood at convergence of the model estimated with all the data, 𝐿𝐿(𝛽𝑖𝑛) is the log-likelihood 

at convergence of the model estimated with the incidents that occurred inside ASAP coverage 

area, and 𝐿𝐿(𝛽𝑜𝑢𝑡) is the log-likelihood at convergence of the model estimated with the incidents 

that occurred outside the ASAP coverage area. 

 

4.5  Estimation Results 

A likelihood ratio test was conducted to justify the estimation of separate random 

parameters hazard-based duration models between inside and outside of ASAP regions. Using 

Equation (6), the likelihood ratio was found to be 59.6 with 17 degrees of freedom and P-value < 

0.001. Therefore, the null hypothesis indicating that the models are statistically indistinguishable 

is rejected with 95% level of confidence. In other words, it is determined that two separate 
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random parameters hazard-based duration models should be developed for incidents that 

occurred inside and outside of ASAP regions. 

Before developing these two separate models, a combined model analysis was employed 

to identify statistically significant influential variables of incident clearance times on incident 

duration data in general. Table 4.2 represents the model estimation results of the three models 

along with the parameter estimate, t-statistics for significant variables as well as the model 

parameters and the log-likelihood at convergence. The random parameters models were 

evaluated based on simulated maximum likelihood using 200 Halton draws for all three models 

(Anastasopoulos et al., 2012; Hojati et al., 2013). In order to capture unobserved heterogeneity, 

the random parameters duration models used continuous mixing distribution where the random 

parameters were normally distributed. All the explanatory variables were found to significantly 

affect the incident clearance time at 95% level of confidence. In interpreting the signs of the 

parameter estimate, a positive sign indicates decrease in the hazard function (since NLOGIT 

estimates the parameter vector as -β instead of just β) and hence indicates increase in the incident 

clearance time, and a negative sign indicates increase in the hazard function which means 

decrease in the incident clearance times. Similar variables were used in all three models to 

identify their effects on incident clearance times. A total of sixteen variables were found to be 

statistically significant with four random effects variables (on-road, nighttime, AADT and peak 

hours) and twelve fixed effects variables for the combined model. For the incidents in the ASAP 

area model, fifteen variables were found significant with five random effect variables (on-road, 

nighttime, rain, peak and fire response present) and ten fixed effects variables, whereas, a total of 

twelve variables were observed to have significant effects on incident clearance time with three 
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random effects variables (on-road, nighttime, and fire response present) and seven fixed effects 

variables in the model for incidents that occurred outside the ASAP area. 

The random parameters hazard-based duration models revealed that incidents that involve 

CMVs, fatality and those in which the vehicle(s) had to be towed were found to be associated 

with longer incident clearance times in all three models. This finding is consistent with 

observations of previous studies (Nam and Mannering, 2000; Chung, 2010; Alkaabi et al., 2011; 

Hojati et al., 2013; Islam et al., 2021). The variable for incident location being on-road was 

found to be random and normally distributed for inside the ASAP area model (with mean of -

0.247 and standard deviation of 0.363) and for outside the ASAP area model (with mean of -

0.090 and standard deviation of 0.144). This indicates decreased incident clearance times 

associated with 24.8% and 26.6% of incidents that respectively occurred in and outside the 

ASAP coverage area. Incidents occurred on-road are more likely to block one or more lanes. 

Lane blocking of traffic can be detected more rapidly, which increases the probability of quicker 

incident notification and clearance. This finding is supported by a recent study conducted by 

Islam et al. (2021). In terms of the environmental characteristics, incidents that occurred during 

rain events were found to be associated with longer incident clearance times in the combined 

model and was observed to be random in the ASAP area model (with mean of 0.077 and 

standard deviation of 0.270). This means that for 61.2% of crash incidents that occurred during 

rain events in the ASAP coverage area, incident clearance times were higher. In terms of 

temporal characteristics, nighttime variable was found random and normally distributed (with 

means of 0.092, 0.124 and 0.096, and standard deviation of 0.197, 0.163 and 0.169) for inside 

ASAP area model, for outside ASAP area model and for the combined model, respectively, and 
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was observed to be associated with increased incident clearance times in all three models. This 

finding is consistent with many previous studies (Nam & Mannering, 2000; Ding et al., 2015; 

Islam et al., 2021). On the other hand, peak hour was found significant and random (with means 

of -0.099 and -0.111, and standard deviations of 0.124 and 0.127) for the ASAP coverage area 

and combined models, respectively. The peak hour incident variable was found to be associated 

with decreased clearance time for only a proportion of the observations.  

With respect to the traffic characteristics, the variable for AADT (with mean of -0.006 

and standard deviation of 0.002) was found random and normally distributed only in combined 

model with shorter clearance times for a fraction of the crash observations. Also, AADT was 

found to be associated with shorter incident clearance times for crashes that occurred both inside 

and outside the ASAP areas. This indicates that incident clearance times decrease on freeways as 

AADT increases. This may be due to the early detection and notification of crash incidents on 

freeways. Also, higher AADT means that delay in clearing crash incidents may lead to traffic 

build-up and this can lead to significant economic loss and even the occurrence of secondary 

crashes. This finding is also consistent with observations in many previous studies (Jones et al., 

1991; Alkaabi et al., 2011; Hou et al., 2013; Ding et al., 2015; Islam et al., 2021). The effects of 

some of the operational variables were found be consistent across the all three models. For 

example, crash incidents that require fire response are more likely to be associated with longer 

clearance times in all the three models and was found random and normally distributed (with 

means of 0.224 and 0.178, and standard deviations of 0.085 and 0.185) for the ASAP coverage 

area and outside ASAP area models, respectively.
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Table 4.2 Random parameters hazard-based duration model results 

Variables  

Combined Inside ASAP Area Outside ASAP Area 

Estimated 

Parameter 
t-statistic 

Estimated 

Parameter 
t-statistic 

Estimated 

Parameter 
t-statistic 

Constant 4.167 64.07 3.843 51.42 4.302 29.11 

        
Incident characteristics       

Multiple-Vehicle involved in crash incident (1 if yes, 0 otherwise) 0.154 4.28 0.211 4.90 - - 

Commercial motor vehicle (CMV) involved (1 if yes, 0 otherwise) 0.397 8.70 0.437 8.20 0.413 4.43 
Fatality involved (1 if yes, 0 otherwise) 0.818 7.52 1.106 5.06 0.617 4.41 

Vehicle towed (1 if yes, 0 otherwise) 0.364 13.59 0.408 13.39 0.219 3.74 

Seat belt indicated as involved (1 if yes, 0 otherwise) -0.155 -5.00 -0.070 -1.96 -0.319 -4.54 
On-road (1 if yes, 0 otherwise) -0.190 -5.01 -0.247 -5.26 -0.090 -1.35 

Standard Deviation of Normal Distribution Parameter 0.320 26.45 0.363 27.93 0.144 4.94 

Overturn (1 if yes, 0 otherwise) - - 0.225 2.63 - - 
Collision type: Rear end collision (1 if yes, 0 otherwise) - - - - 0.161 2.59 

Temporal characteristics       

Nighttime (Lighting condition at time of crash incident: 1 if yes, 0 otherwise) 0.096 3.67 0.092 3.03 0.124 2.22 
Standard Deviation of Normal Distribution Parameter 0.169 7.86 0.197 8.06 0.163 3.44 

Winter (Incident occurred in month of December, January, or February: 1 if yes, 0 otherwise) - - - - 0.194 3.05 

Peak Hours (1 if incident occurred between 7 AM – 9 AM and 4 PM – 6 PM, 0 otherwise) -0.111 -4.65 -0.099 -3.68 - - 
Standard Deviation of Normal Distribution Parameter 0.127 7.72 0.124 6.78 - - 

Environmental characteristics       

Rain (1 if yes, 0 otherwise) 0.070 2.23 0.077 2.09 - - 
Standard Deviation of Normal Distribution Parameter - - 0.270 8.27 - - 

Traffic characteristics       

Average annual daily traffic (AADT) -0.006 -14.33 -0.004 -8.44 -0.004 -2.27 
Standard Deviation of Normal Distribution Parameter 0.002 14.26 - - - - 

One lane in the trafficway - - -0.265 -2.07 - - 

More than two lanes in the trafficway - - - - 0.185 1.98 
Less than four lanes in the trafficway -0.110 -3.79 - - - - 

Operational characteristics       

Detection Time (in minutes) 0.007 2.60 - - 0.016 4.34 
Response Time (in minutes) 0.009 3.80 0.011 3.99 - - 

Police response present (1 if yes, 0 otherwise) 0.139 3.16 0.153 3.27 - - 
Fire response present (1 if yes, 0 otherwise) 0.197 7.46 0.224 7.53 0.178 3.23 

Standard Deviation of Normal Distribution Parameter - - 0.085 3.80 0.185 4.33 

Hazardous materials response present (1 if yes, 0 otherwise) 1.043 4.58 - - - - 
       

Sigma (Scale Parameter) 0.531 63.71 0.529 55.60 0.532 31.37 

Log-likelihood at convergence -2426.087 - -1866.010 - -530.256 - 
Number of observations 2206 - 1680 - 526 - 
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4.6  Discussion 

Table 4.3 shows the percent change in incident clearance times for each variable found to 

be significant in the combined model, ASAP coverage area model and model for incidents that 

occurred outside the ASAP area. The percent change is an efficient way to interpret the effects of 

explanatory variables on incident clearance times in each model. The exponent of the estimated 

parameter coefficient of a variable, while considering all other variables at their means are 

converted to percentage change in incident clearance times, resulting from a unit increase in 

continuous explanatory variables and a change from zero to one for binary explanatory variables 

(Jenkins, 2005). For example, the exponent of the estimated parameter coefficient of overturn in 

the ASAP coverage area model was 1.25, which indicates that crashes involving overturn will 

require 25% longer clearance time compared to crashes with the average clearance time. For 

incidents involving CMVs, the incident clearance time increased by 48.7%, 54.8% and 51.1% for 

the combined model, ASAP coverage area model and outside the ASAP area model, 

respectively. Also, for crashes that resulted in fatality, the incident clearance time increased by 

126.6%, 202.2% and 85.3% in the combined model, ASAP area model and outside ASAP area 

model, respectively. These findings indicate that crashes involving CMV and those that resulted 

in fatality inside ASAP areas required longer incident clearance times than outside ASAP areas. 

Since the ASAP coverage areas fall within the mostly populated and urban areas in the state 

(Figure 4.1), perhaps, the higher traffic volumes in these areas contribute to the longer incident 

clearance times. 
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Table 4.3 Percent changes in the random parameters hazard-based duration models 

Variables  

Changes (%) 

Combined 

ASAP 

Inside 

ASAP 

Area 

Outside 

ASAP 

Area 

Incident characteristics    

Multiple-Vehicle involved in crash incident (1 if yes, 0 

otherwise) 

16.6 23.5 - 

Commercial motor vehicle (CMV) involved (1 if yes, 0 

otherwise) 

48.7 54.8 51.1 

Fatality involved (1 if yes, 0 otherwise) 126.6 202.2 85.3 

Vehicle towed (1 if yes, 0 otherwise) 43.9 50.4 24.5 

Seat belt indicated as involved (1 if yes, 0 otherwise) -14.4 -6.8 -27.3 

On-road (1 if yes, 0 otherwise) -17.3 -21.9 -8.6 

Overturn (1 if yes, 0 otherwise) - 25.2 - 

Collision type: Rear end collision (1 if yes, 0 otherwise) - - 17.5 

Temporal characteristics    

Nighttime (Lighting condition at time of crash incident: 1 if 

yes, 0 otherwise) 

10.1 9.6 13.2 

Winter (Incident occurred in month of December, January, or 

February: 1 if yes, 0 otherwise) 

- - 21.4 

Peak Hours (1 if incident occurred between 7 AM – 9 AM 

and 4 PM – 6 PM, 0 otherwise) 

-10.5 -9.4 - 

Environmental characteristics    

Rain (1 if yes, 0 otherwise) 7.3 8.0 - 

Traffic characteristics    

Average annual daily traffic (AADT/1000) -0.6 -0.4 -0.4 

One lane in the trafficway - -23.3 - 

More than two lanes in the trafficway - - 20.3 

Less than four lanes in the trafficway -10.4 - - 

Operational characteristics    

Detection Time (in minutes) 0.7 - 1.6 

Response Time (in minutes) 0.9 1.1 - 

Police response present (1 if yes, 0 otherwise) 14.9 16.5 - 

Fire response present (1 if yes, 0 otherwise) 21.8 25.1 19.5 

Hazardous materials response present (1 if yes, 0 otherwise) 183.8 - - 

 

Crash incidents that occurred during rain events were observed to have 8% longer 

clearance times inside the ASAP area. An interesting finding is that for each 1% increase in 

AADT, the incident clearance time decreased by same percentage both inside and outside the 

ASAP areas. The results further show that the incident clearance times in the ASAP coverage 

area increased by 25.1% and 16.5% for crashes that required fire response and police response, 

respectively. Whereas, the percent change for crashes with fire response present was lower 
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(19.5%) outside the ASAP area. Crashes that result in fire or involve hazardous materials are 

often severe (Salum et al., 2020). As such, crashes that require the presence of fire response team 

inside the ASAP areas needed more time to clear.  

4.7  Conclusion 

FSP programs have been considered as an effective tool for traffic incident management 

in minimizing the adverse effects of traffic incidents. Many previous studies have evaluated the 

benefits of FSP program using simulation models as well as various statistical models based on 

different performance measures. This paper used the random parameters hazard-based duration 

modeling method to investigate the impact of the ASAP program on freeway incident clearance 

times. The hazard-based duration model specification with random parameters enables 

correlation across random parameters to capture heterogeneity, revealing underlying information 

in the incident duration data. A total of 2,206 freeway crash incidents that occurred in Alabama 

in 2018 were investigated by combining and matching four different datasets: freeway incident 

response data from TMCs, ALDOT; freeway crash data from CAPS at the University of 

Alabama; ASAP data from ALDOT; and traffic volume data from HPMS, ALDOT. Based on a 

likelihood ratio test, two incident clearance time models were justified for crash incidents that 

occurred within the ASAP coverage area and those that occurred outside the coverage area.  

The estimation results indicate that a total of five variables (on-road, nighttime, peak 

hours, rain, and fire response present) were observed to have random effects on incidents 

occurred inside the ASAP regions, whereas three variables (on-road, nighttime, and fire response 

present) were found to have random effects on incidents occurred outside the ASAP regions. A 

total of five incident related variables, including involvement of CMVs, fatality, vehicle towing, 
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seat belt indicated as involved and incidents that occurred on-road were found to have significant 

influence on incident clearance times. Incidents that occurred during nighttime were found to 

have higher likelihood to be associated with longer incident clearance times in the outside ASAP 

coverage area model. Also, incidents that required fire response presence were identified to have 

longer incident clearance times in the ASAP regions, compared to the incidents that occurred 

outside the ASAP regions. An interesting observation of this study is that AADT had similar 

influence on incident clearance times for incidents that occurred both inside and outside the 

ASAP regions.  

Given the significant cost savings associated with faster incident clearing times, the 

findings of this study validate the expected benefits of the ASAP program in the state. Further 

studies are however recommended to evaluate the impact of the ASAP program using incident 

datasets for other states as well as for multiple years. Additionally, other phases of incident 

duration times may also be used as an alternative to incident clearance times to re-assess the 

ASAP program in the state. 
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CONCLUSIONS 

Freeway service patrol (FSP) programs have been considered as an effective measure of 

traffic incident management (TIM) in minimizing the adverse effects of traffic incidents. FSP 

programs are widely used to respond to incidents and help manage traffic until conditions return 

to normal. In the past, there have been numerous research efforts to assess the impacts of the FSP 

programs. However, limited research has been conducted in assessing the impact of the FSP 

programs, explicitly considering the incident clearance time as a performance measure. On the 

other hand, the effects of freeway incident clearance times on the flow of traffic have recently 

increased interest in understanding what factors influence incident durations. This has 

particularly become topical due to the financial and economic implications of traffic gridlocks 

caused by freeway incidents on industries and personal mobility. A comprehensive 

understanding of the impact of FSP can be useful in developing and implementing strategies for 

the Traffic Incident Management (TIM) agencies in order to minimize the incident clearance 

times, while taking into consideration the program’s benefits. This dissertation is based on a 

unique dataset which was created by combining and pairing four different datasets, including 

freeway incident response data collected from the Traffic Management Center (TMC) of the 

Alabama Department of Transportation (ALDOT), freeway crash data recorded by the Center for 
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Advanced Public Safety (CAPS) at the University of Alabama, ASAP data from ALDOT, and 

traffic volume data from Highway Performance Management System (HPMS), ALDOT. In this 

chapter, the findings of the subsequent chapters of the dissertation are summarized and are 

detailed as follows:    

Chapter 2 examines the impact of FSP programs on incident clearance times. The goal of 

this section is to measure and understand the impact of the ASAP program along with other 

influential factors on incident clearance time. A fully parametric hazard-based duration modeling 

method, the Weibull distribution with gamma heterogeneity, has been used in examining the 

freeway crash incidents that occurred in the state of Alabama in 2018. The estimation results 

revealed that a total of 17 variables were found to have significant effect on the duration of the 

incident clearance time, including incident types and characteristics (fire response present, 

hazardous material response present, commercial motor vehicle involvement, fatality 

involvement, number of vehicle(s), vehicle towed, overturn, seat belt indicated as involved and 

on-road), temporal effects (nighttime and winter), traffic characteristics (AADT, peak hour and 

number of lanes), and operational characteristics (detection time, police involvement and ASAP 

coverage area). The significant contribution of this section is to provide a better understanding of 

the factors that contributed to the incident clearance time along with the inclusion of additional 

ASAP coverage area information in the duration models and to provide a quantitative assessment 

of the impact of ASAP programs. 

Chapter 3 presents two advanced econometric modeling methods, random parameters 

hazard-based duration modeling method and latent class hazard-based duration modeling method 

in understanding the factors that impact freeway incident clearance times in the State of 



  

88 

 

Alabama. These two modeling approaches were further compared to identify which of them 

provides the best fit for the data with respect to accounting for unobserved heterogeneity. A total 

of 2,206 freeway crash incidents that occurred during the period January 1 to December 31, 2018 

were examined in developing the models. The model estimation results indicated that a total of 

nineteen variables were found statistically significant with five random variables (on-road, 

nighttime, rain, AADT, and ASAP existing coverage area) and fourteen fixed effects variables 

for the random parameters model. For the latent class model, a total of eighteen variables were 

observed to be statistically significant within two distinct latent classes (Latent Class 1 with class 

membership probability of 0.23 and Latent Class 2 with class membership probability of 0.77) at 

a 0.05 significance level. A comparison of the two models revealed that the latent class model 

provides the better fit for the incident duration data. The findings of this study are expected to 

contribute to the body of knowledge on incident duration by employing two advanced 

econometric modeling methods and to inform statewide efforts in significantly minimizing the 

freeway incident clearance time.  

Chapter 4 describes a hazard-based duration modeling method with random parameters 

for assessing the impact of Alabama Service and Assistance Patrol (ASAP) using incident 

clearance time as a performance measure. This section also examined whether separate model 

estimations were required for incidents that occurred inside and outside the ASAP regions based 

on a total of 2,206 crash incidents that occurred in 2018 on the state of Alabama freeways. The 

estimation results indicate that a total of five variables (on-road, nighttime, peak hours, rain, and 

fire response present) were observed to have random effects along with ten fixed effects 

variables on incidents occurred inside the ASAP regions. Whereas, for incidents that occurred 



  

89 

 

outside the ASAP regions were found to have three random effects variables (on-road, nighttime, 

and fire response present) and seven fixed effects variables. The estimation results indicate a 

significant association of incident clearance times to incident related variables such as 

involvement of CMVs, fatality, vehicle towing, seat belt indicated as involved, and on-road 

incidents for incidents that occurred both inside and outside the ASAP regions. The results also 

reveal that incident clearance times are influenced strongly by temporal variables (e.g., 

nighttime), traffic factors (e.g., AADT), and operational variables (e.g., fire response present) for 

incidents both inside and outside the ASAP area models. The distinctive contribution of this 

paper is that the incident clearance times provided by the ASAP program in the coverage regions 

are significantly different. The findings of this study are expected to be useful for the state 

Traffic Incident Management (TIM) agencies in developing and executing strategies to minimize 

incident clearance times. Ultimately, the study provides a data-driven evidence-based assessment 

of the ASAP program in the state. 
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FUTURE WORK 

At this point, the findings of this dissertaion encourages to explore the beneficial impacts 

of the ASAP program or other FSP program. The following are a few possible extensions of this 

current research that could be undertaken in the future:   

1. The impact of ASAP program evaluated in this dissertation was based on crash 

incidents that occurred only on Alabama freeways during the year of 2018. It is 

recommended that further research should be extended using crash incident 

datasets for multiple time periods and for other states or nations.  

2. Only the ASAP coverage area information was included in the models developed 

in this dissertation. It is also recommended to include other advanced real-time 

attributes (e.g., location, day to day or time of the day activities, seasonal 

variation, probe vehicles types, fleet size, and beat lengths) of the program in 

future research.  

3. In this dissertation, the incident clearance time was used as a performance 

measure in examining the influence of the ASAP program. Future research is 

required to investigate the influence of ASAP program or other FSP program 

considering incident detection times, response times as well as recovery times as 

performance measures.  
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4. Spatial transferability of the ASAP program was examined in this dissertation. It 

is recommended to perform temporal transferability of the program in further 

research.  

5. This dissertation was based on a unique compiled dataset including freeway 

incident data, crash data, traffic volume data and ASAP coverage area 

information. It is recommended to explore incident duration prediction analysis in 

future research. 

6. Another potential area of study is to develop severity models to look at the factors 

that influence the severity of the crash incidents, since the incident clearance 

times of a crash incident appears to be highly related to the severity of the crash 

incident. If these factors are addressed, lower crash severity may be achieved, and 

thereby this will be associated with reduced incident clearance times.  
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