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Executive Summary
Real-time traffic data collected from Intelligent Transportation System (ITS) sensors has been
archived by traffic agencies for a wide range of traffic management applications, including
incident and congestion monitoring, performance measurement, and advanced traveler
information system. For traffic safety applications, real-time traffic data has been utilized for
developing crash risk prediction models. Real-time crash prediction is a key to safe, efficient and
reliable traffic operations. Potential crashes usually result from unstable traffic flow and speed
drop due to traffic congestion. These models could be potentially applied to Advanced Traffic
Management Systems (ATMS) through proactive crash prevention strategies to help alleviate
crash risk or possibly avoid a crash.
To develop safety countermeasures and proactive crash prevention strategies, a thorough
assessment of roadways is required through performance measurement. Therefore, this project
aims to incorporate freeway performance measures into real-time crash prediction to better predict
crash risk. The specific objectives of this project are listed below:
•

Develop a database with calculated performance measures

•

Identify a crash risk prediction model to efficiently predict crash risk for all freeway
segments in the Phoenix area

•

Implement the identified crash prediction methods into an online system

•

Incorporate the identified crash prediction method into a standalone computer program to
fully automate the process of real-time crash risk prediction. The tool should be able to:
o Handle the data collected from future loop detector stations
o Report the predicted risk values in real-time in two formats: 1- XML file and 2Microsoft SQL table.

•

Demonstrate the functionality of the developed environment

After conducting a comprehensive literature review, the methods for crash prediction were
summarized to help identify an efficient method for implementation of the real-time tool.
To develop an automated performance measurement system, a database server was
established and the following datasets for 2015 and 2016 were stored in Microsoft SQL tables.
•

Real-time 20-second traffic data
v
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•

Accident Location Identification Surveillance System (ALISS)

•

Highway Condition Reporting System (HCRS)

Using the data collected in the project, ten safety-related performance measures covering mobility,
freight, and incident management, were calculated and stored in the database server. The
developed performance measurement system reports the measures for any roadway, milepost
range, and date range across the state of Arizona.
The traffic and crash data for a 30-mile segment of the Interstate 10 (I-10) freeway were
extracted from the database server to estimate the crash prediction model. Considering the
importance of efficiency and performance of the crash prediction models in real-time systems, the
linear regression classification model was selected for predicting crash risk in this project. Two
crash risk models were estimated with two datasets of congested and non-congested traffic states
and the models were implemented in the real-time crash prediction tool. The crash prediction tool
predicts the risk of crashes for all freeway segments in the Phoenix area every 20-seconds,
calculates the average risk every minute. The tool reports the results in real-time in the two formats:
1- XML file; 2- Microsoft SQL table.
To further improve the process of real-time crash prediction and assist ADOT’s traffic
management system, the project team made the following recommendations:
•

The develop tool predicts crash risk along the freeway segments in the Phoenix area. By
integrating the statewide data into the current database and calibrate the crash prediction
method for different types of roadways, the tool could predict the risk statewide;

•

The results of the developed tool have not been validated. It is recommended to validate
the results by analyzing a whole year of crash and traffic data;

•

The tool utilizes the traffic data collected from loop detectors across the freeways. It is
recommended that data from other types of detectors ADOT has deployed or planned to
deploy are also integrated in the tool. These data sources could include HERE.com travel
time data and wireless data;

•

To ensure timely emergency response to incidents, an incident detection system could be
developed and integrated into the current tool;
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•

Additional performance measures can be calculated using the data collected in the
project;

•

To maximize the usability of the tool, the results could be visualized on the freeway
network map and be integrated in the tool or a user-friendly website;

•

The tool needs to be routinely updated as other computer software packages. A
maintenance plan should be developed and the related costs should be budgeted
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Introduction

1.1 Project Background
With a growing number of Intelligent Transportation System (ITS) sensors or detectors deployed
across the nation’s roadway facilities, it is common for traffic agencies to collect and archive realtime traffic data for a wide range of traffic management applications, including incident and
congestion monitoring, performance measurement, and advanced traveler information systems.
For traffic safety applications, real-time traffic data has been utilized for developing crash risk
prediction models. Real-time crash prediction models are expected to identify the hazardous traffic
conditions that may cause a crash. These models could be potentially applied to Advanced Traffic
Management Systems (ATMS) through proactive crash prevention strategies to help alleviate
crash risk or possibly avoid a crash. The proactive strategies include Variable Speed Limits (VSL)
(Abdel-Aty et al., 2006; Lee and Abdel-Aty, 2008) and ramp metering (Lee et al., 2006b) and their
effects have been recognized in terms of traffic safety improvement.
In the Phoenix metropolitan area, real time freeway traffic data are collected by Arizona
Department of Transportation (ADOT) Traffic Operations Center (TOC) from over 400 ILD
stations. The data is used by ADOT for many applications in traffic management and daily traffic
operations. To leverage the data and assess the performance of the freeway network in the Phoenix
area, ADOT has developed a list of performance measures (PM). A complete list of PM categories
covers: 1) freeway management, including mobility, safety and work zone management, 2)
incident management, 3) ITS management, 4) freight, and 5) traffic signal. Since PM categories
1-4 are highly related to crash prediction, it is clearly desirable to calculate PMs as well as develop
an automated system that predicts crash risks.

1.2 Project Objectives
The major goal of this project is to integrate freeway PMs into real-time crash prediction tool to
better predict crash risks and proactively prevent potential crashes. The specific objectives of this
project are as follows:
•

Develop a database with calculated performance measures

•

Identify a crash risk prediction model to efficiently predict crash risk for all freeway
segments in the Phoenix area
1
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•

Implement the identified crash prediction methods into an online system

•

Incorporate the identified crash prediction method into a standalone computer program to
fully automate the process of real-time crash risk prediction. The tool should be able to:
o Handle the data collected from additional ILD stations deployed in the future
o Report the predicted risk values in real-time in two formats: 1- XML file and 2Microsoft SQL table.

•

Demonstrate the functionality of the developed environment

2
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Literature Review

In recent years, multiple studies have developed real-time crash prediction models to identify the
precursor conditions to crashes (Abdel-Aty et al., 2008, 2004; Ahmed and Abdel-Aty, 2012;
Hossain and Muromachi, 2012a; Lee et al., 2006a; Pande et al., 2011; Pande and Abdel-Aty,
2006a; Xu et al., 2013a, 2013c; You et al., 2017a; Yu and Abdel-Aty, 2013). A crash precursor is
the traffic condition of a roadway prior to a crash, which is identified by comparing the traffic flow
characteristics of crash and non-crash situations. These studies have utilized real-time traffic data
for modeling crash risk using different techniques such as traditional statistical models, artificial
intelligence models, and Bayesian Inference techniques. Matched case control logistic regression
is a traditional statistical model used to compare crash and non-crash cases (Abdel-Aty et al., 2004;
Lee et al., 2006a) while Bayesian logistic regression (Ahmed et al., 2012a) and the Bayesian
Updating Approach (Ahmed et al., 2012b) were the Bayesian inference techniques utilized for
crash risk evaluation. Also, Neural Network based classification (Abdel-Aty et al., 2008; Pande et
al., 2011; Pande and Abdel-Aty, 2006a), Support Vector Machines (SVM) (Yu and Abdel-Aty,
2013), and Genetic Programming (Xu et al., 2013c) were the popular artificial intelligent
techniques that were applied in the previous crash prediction studies.
The majority of these studies used all types of crashes to develop crash prediction models
(Abdel-Aty et al., 2008; Ahmed et al., 2012a; Hossain and Muromachi, 2012b; Lin et al., 2015a;
Yu and Abdel-Aty, 2013). However, in some of the studies, researchers analyzed only rear-end
crashes (Ahmed et al., 2012b; Pande et al., 2011), all crashes as well as injury crashes and fatal
and incapacitating injury crashes separately (Xu et al., 2013b), and only rear-end and sideswipe
crashes (You et al., 2017b). In order to develop crash prediction models, most of the studies only
used predictor variables related to the real-time traffic data to develop crash risk models, (AbdelAty et al., 2008; Hossain and Muromachi, 2012b; Pande et al., 2011; Yu and Abdel-Aty, 2013)
while some of them also incorporated weather condition data (You et al., 2017b), weather
condition and visibility data (Lin et al., 2015b), and weather condition and geometric data (Xu et
al., 2013b) into the predictor variables.
The dataset used for crash prediction modeling includes crashes and several non-crash
cases corresponding to each specific crash. Crashes are random rare events. Because of this, the
number of non-crash cases is significantly greater than the number of crash cases. Previous studies
3
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have used datasets with different numbers and ratios of crash and non-crash cases. The
approximate ratio of crash to non-crash cases includes 1:4 (Ahmed et al., 2012b; Yu and AbdelAty, 2013), 1:5 (Abdel-Aty et al., 2004; Pande et al., 2011), 1:6 (Abdel-Aty et al., 2012), 1:7
(Abdel-Aty and Pande, 2005), 1:20 (Xu et al., 2013b), 1:22 (Pande and Abdel-Aty, 2006b), and
1:92 (Hossain and Muromachi, 2012b; Oh et al., 2005a).
To show the process of crash prediction modeling, below are detailed descriptions of two
studies in the literature:
1- Pande and Abdel-Aty (Pande and Abdel-Aty, 2006a) used only rear-end collisions as
they are the most frequent type of crash on freeways. They analyzed the average traffic
speed 5-10 minutes before the crash at the upstream and downstream loop detectors
and categorized rear-end crashes into two mutually exclusive groups: 1- crashes occur
during congestion; 2- crashes occur under free flow speed. Therefore, two separate
models were estimated in their study to predict real-time crashes in each of these
conditions. Pande and Abdel-Aty selected I-4 corridor at Orlando area with 69 loop
detector stations, spaced out at almost 0.5 mile. 2,179 rear-end crashes were selected
during 5 years period. The loop detector stations at crash location as well as four
upstream and downstream stations were selected for each crash. Based on the findings
from previous studies (Abdel-Aty et al., 2005, 2004), 30-second data 20 minutes before
each cash was extracted for these loop detector stations. The 30-second data were
aggregated into 5 minutes intervals to obtain average and standard deviation for speed,
volume and occupancy. Similar to crashes, data for 7,030 randomly selected non-crash
cases were also extracted and combined with the crash data for further modeling. Pande
and Abdel-Aty implemented classification tree model to select the most important
variables in crash prediction. Their results indicated that the group of crashes occur
during congestion can be attributed to variables such as the coefficient of variation in
speed and average occupancy for the loop stations in the close vicinity of the crash
location. Also, for the group of crashes that occurred during free flow condition,
average speed and occupancy at downstream stations of the crash location were
significant in crash occurrence prediction. The authors implemented a Neural Network
classification model to predict the crash occurrence in both groups.
4
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2- In another study (Pande et al., 2011), a similar technique was utilized to examine the
relationship between crash risk and real-time traffic variables from a freeway corridor
on I-4 Orlando, Florida. The estimated model was then applied to three other freeway
corridors. Real-time traffic data was collected from two sources: 1- loop detectors 2radar detectors. This data was collected for three loop stations upstream and three
downstream of the crash locations, 5 to 15 minutes before the crash. Average, standard
deviation, and logarithm of coefficient of variation for 30-second speed, volume, and
occupancy data were obtained for 207 crash and 1,035 non-crash cases. Therefore, a
total of 108 variables (9 parameters × 6 stations × 2 time slices) were used for modeling
crash risk prediction. Similar to the study by (Pande and Abdel-Aty, 2006a), Pande et
al. utilized the Random Forest model as a variable selection method to identify the most
significant variables. Average speed and coefficient of variation of volume for
downstream stations and average occupancy of upstream station were found to have a
significant effect on crash risk. The selected variables were used for a Neural Network
based crash risk prediction model. The modeling results indicated that while the
estimated model for eastbound I-4 corridor works well for the westbound I-4, the
performance was not as good for the two sections on I-95. The authors concluded that
the estimated crash risk identification model would only work for corridors with very
similar traffic patterns.

5
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3

Data Description and Preparation

To collect and prepare the required data for performance measures calculation and estimation of
the crash prediction method, a database server was established at the Smart Transportation
Laboratory (STL) at the University of Arizona. Data from a variety of sources was obtained from
ADOT and stored as Microsoft SQL tables for both 2015 and 2016 as these years were the most
recent period where complete datasets were available. These datasets will be used directly for the
calculation of the performance measures. For the crash prediction process, a part of the databases
will be used to estimate the crash prediction method to be further used in the developed tool. This
chapter will discuss the data sources that were acquired for this project. Data preparation for the
crash prediction process will be described in Section 5.1: Data Source for Crash Prediction
Modeling.
3.1.1

Real-Time Traffic Data

ADOT traffic operation center (TOC) archives the 20-second data from all the dual loop detectors
located along freeways in the Phoenix area, over 400 stations and 8,000 loop detectors, every day.
Each station covers several mainlines, an HOV lane, and ramps. Figure 3-1 shows the location of
all ILD stations in Phoenix area. Each day’s data for all the stations and slots is stored in Regional
Archived Data Server (RADS) in a MySQL table. The data includes traffic information such as
traffic volume, average vehicles speed, occupancy, and the detector’s status. The traffic data from
RADS is used to predict crash risk in this project.

6

Transportation Systems Management and Operations

Figure 3-1 Location of the loop detector stations in the Phoenix area (background image is from Google
Earth)

3.1.2

Accident Location Identification Surveillance System (ALISS)

The ALISS database is a Model-Minimum Uniform Crash Criteria (MMUCC) standard-compliant
crash database. This database includes three tables to report detailed information about crashes,
vehicles, and persons involved in crashes. These tables are utilized to calculate the safety related
performance measures. Among the three tables, the crash table is the main source of information
about crashes and has one entry per reported crash and includes key information about the crash
event including date, time, location, severity, collision type, weather, and etc. The crash data for
the entire roadways in Arizona for 2015 and 2016 was acquired for this project.
3.1.3

Highway Condition Reporting System (HCRS)

The HCRS database contains data on lane closures, incidents, and construction that occur on
ADOT’s highways and surface streets. The data is entered by TOC operators or state
agencies/contractors, after validating issues using CCTV cameras, or alternatively, imported via
computer-aided dispatch. The most important data fields in this database are start and end time,
location, and type of the events. The three most commonly observed types of entries are
Incidents/Crashes, Lane Restrictions, and Closures in which lane restrictions and closures are due
to work zones.
7
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4

Performance Measurement

To improve safety and mobility of a freeway network, accurate evaluation of the performance of
each part of the system is required. Performance measurement is the process of evaluating the
current effectiveness of a system to make planning and operating decisions based on the available
resources. To evaluate and improve the current performance of the freeway networks in the State
of Arizona, ADOT has developed a list of performance measures to cover: 1) freeway
management, including mobility, safety and work zone; 2) incident management; 3) ITS
management; and 4) freight. Using the described datasets, calculation of the PMs was incorporated
into the real-time crash prediction. This chapter covers the performance measurement framework,
specific safety related measures, and the examples of calculated measures.

4.1 Framework and Platform
Figure 4-1 shows the statewide performance measurement framework developed by the project
team. The developed framework has four categories. Below are the descriptions and goals for each
category:
1- Freeway management: the three specific goals of this category are listed as follows.
a. Mobility: The objective of the mobility PMs is congestion mitigation and travel
time reliability.
b.

Safety: These PMs were developed to achieve a significant reduction in traffic
fatalities and serious injuries on the current transportation system.

c. Work zone: These measures were developed to manage the crash rate and motorist
delays at work zones.
2- Freight management: three specific goals for the development of this PM category as listed
as follows:
a. Safety: The PMs are intended to maximize the safety and security of the freight
transportation system.
b. Mobility, reliability and congestion: The PMs are developed for the purpose of
congestion mitigation.

8
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3- Incident management: The specific goal of the PMs in this category is to ensure timely
emergency response to incidents to further reduce incident management time and improve
safety.
4- ITS management: The specific goal for the development of this category is to ensure
operability, efficiency, and coverage of ITS elements to further improve the quality of data
collected by traffic sensors.

Performance Measurement Framework
Freeway Management
Mobility

(Congestion,
Travel Time Reliability)

Safety

Work
Zone

Incident Management
Timely Response
( Management Time,
Congestion
Safety)

Category

Freight
Mobility, Reliability
and Congestion

Safety

ITS Management
Operationality,
efficiency, and
coverage of ITS
elements

Goals

Figure 4-1 ADOT Performance Measurement Framework

4.2 Detailed Description of Performance Measures
The specific list of measures is shown in Figure 4-2. This framework contains a total of 27
measures in four categories.

9
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Figure 4-2 List of Performance Measures in Different Categories

Of all the performance measures, safety-related performance measures are highly related to crash
prediction because they are critical for developing countermeasures to prevent potential crashes.
Therefore, 10 measures, listed below, were incorporated into the crash prediction process.
•

Freeway management
1. Number of crashes by severity
2. Total number of injuries
3. Total number of fatalities
10
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4. Number of secondary crashes
•

Freight management
5. Number of truck crashes by severity

•

Work zone
6. Number of crashes in work zone
7. Number of fatalities in work zone
8. Number of injuries in work zone

•

Incident management
9. Incident on-scene time by full/ partial closure
10. Incident clearance time by full/ partial closure

These measures were calculated through MS SQL queries and saved in the database. The queries
use the statewide data sources described in Chapter 3: Data Description and Preparation. These
queries automate the process of performance measures calculation and report the results for any
roadway, milepost range, and date range. Calculation of the performance measures for the specific
roadway segments and time range will help ADOT to evaluate detailed data and develop
countermeasures to improve safety at specific locations. The 8 measures in the categories of
freeway management, work zone, and freight management can also report the aggregated number
of crashes for all the state roads in different months. Traffic engineers and planners will be able to
compare the safety of the state roads in different months and years to evaluate the effectiveness of
their planning and operating decisions.
4.3

Examples of Performance Measure Calculation

To evaluate the functionality of the calculated performance measures, all the PMs were calculated
for 2016. The definition of each measure, the specific data sources for the calculation of each
measure, and the table of results were prepared in presentation slides. Also, to compare the results
of the PMs, all the results were visualized by histograms. The results for the number of crashes by
severity are presented in this section as a sample of the calculated measures.
This measure reports the frequency of property damage only, possible injury, non-incapacitating
injury, severe, fatal, and total crashes over a period of time for the entire state roads as well as a
specific freeway segment. Figure 4-3 shows the calculation results for the number of crashes by

11
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severity for the entire state roads in 2016. This table is resulted directly by executing the related
query in the database.

Figure 4-3 Results for the Number of Crashes by Severity for the Entire State Roads in 2016

To compare the number of crashes, Figure 4-4 illustrates the number of crashes by severity.

Crash Frequency

3500
3000
2500
2000
1500
1000
500
0

1

2

3

4

5

Fatal

6
7
Month

8

9

10

11

12

Severe

Non-Incapacitating

Possible Injury

Property Damage Only

Total

Figure 4-4 Visualization of the Number of Crashes by Severity for the Entire State Roads in 2016

This measure could also report the number of crashes by severity for any specific route and mile
range. To show the functionality of this PM, the number of crashes occurred on Interstate 10,
between mileposts 100 and 200, was calculated by the developed MS SQL query. The results are
shown in the Figure 4-5.

12
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Figure 4-5 The results for the Number of Crashes by Severity Occurred on Interstate 10, between
mileposts 100 and 200, in 2016

13
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5

Design and Development of the Crash Risk Prediction Tool

Performance measures are used to evaluate the current condition of roadways and help develop
countermeasures for improving safety. In addition to performance measurement, developing a realtime crash risk prediction tool could help to better develop crash prevention strategies to mitigate
crash risks and potentially prevent crashes. To incorporate performance measurement into crash
prediction, using the data sources collected for the performance measurement, a tool was
developed to predict crash risk in real-time. The crash prediction method should be estimated and
tested before the use in the real-time tool. Therefore, the required data was extracted from the
database and prepared for estimating the crash prediction method. This chapter describes the data
sources and the preparation process. The crash prediction method, and the tool development
process will also be discussed in this chapter.

5.1 Data Sources for Crash Prediction Modeling
To estimate a real-time crash prediction model, a 30-mile long segment of the Interstate 10 (I-10)
freeway in the Phoenix metropolitan area was selected as the study corridor. This corridor is one
of the major corridors carrying the inbound and outbound traffic for the Phoenix Central Business
District (CBD). The traffic and crash datasets related to the study corridor were separated from the
original databases for estimating the models. This data includes:
1- Loop detectors traffic data: The 20-second data for 2015.
2- Traffic crash data: Crashes that occurred during weekdays on the study corridor in 2015.

5.2 Data Preparation for Crash Prediction Modeling
The loop detector traffic data corresponding to each crash was extracted from the traffic dataset.
Eight non-crash traffic conditions were identified and matched for each specific crash. Non-crash
cases were selected at the exact location of crashes which occurred at the same time of day, but in
a different week. For example if a crash happened on Thursday (March 16, 2016), then the eight
non-crash cases were selected for the same weekday and time, but during four weeks before and
four weeks after it (Feb 16, Feb 23, March 2, March 9, March 23, March 30, April 6, April 13).
To ensure the presence of regular traffic conditions during non-crash cases, those cases in which
a crash occurred in an hour before non-crash time or within the five miles before and after it were
removed from the dataset.
14
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Previous studies have used different numbers of loop detector stations to collect relevant
traffic data for each crash. This includes three detectors downstream and three upstream (Pande
et al., 2011), two downstream, two upstream, and one at the crash location (Hossain and
Muromachi, 2012b) one downstream, one upstream, and one at the crash location (Yu and AbdelAty, 2013), one downstream and one upstream (Xu et al., 2013b), and only one detector covering
the crash location (Lin et al., 2015b; You et al., 2017b). In this study, due to the relatively long
distance between each loop detector, one detector downstream of each crash location and one
upstream were used.
In order to use crash and non-crash data for classification purposes, pre-crash and normal
conditions were defined first. Previous studies have considered different definitions for the precrash condition. Some of them defined it as a time period starting from 5 or 10 minutes before the
crash to the crash time (Oh et al., 2005b) while multiple studies used a time period that is between
5 and 10-20 minutes before the crash (Lin et al., 2015b; Pande et al., 2011; Yu and Abdel-Aty,
2013). In this study, 5–15 minutes traffic data prior to the reported crash time were extracted to
avoid confusing pre and post-crash conditions (Yu and Abdel-Aty, 2013).
Loop detector data for each crash was aggregated into five-minute intervals to reduce noise
in the data. The average and standard deviation of speed, occupancy, and volume were calculated.
The resulting aggregated loop detector included two time slices of 10 to 15 min and 5 to 10 minutes
before the crash. The average and standard deviation of 20-sec speed, volume, and occupancy were
calculated for the two time slices and aggregated over all of the lanes. The final dataset was
prepared in the following format. For a crash that occurred on Thursday (March 16, 2016) at 9:35
am, loop detector related variables were finalized in two time periods of 9:20 am to 9:25 am and
9:25 am to 9:30 am.
A total of 24 variables for each crash and non-crash were prepared for the classification
models. These variables include the average and standard deviation of speed, volume, and
occupancy for two time slices at 2 loop stations. The final data included 1,482 crashes and 10,570
non-crashes. For the purpose of this study, the final dataset was divided into two separate datasets
with crashes which occurred during congestion and non-congestion. The study corridor was
analyzed during peak and off-peak hours, and it was found that even during the peak hours, the
whole length of the corridor was only partially congested, and the traffic along multiple sections
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of the corridor was at free flow speed. Therefore, only the crashes which occurred under congested
conditions were included in the congested dataset. The remaining crashes were included in the
non-congested condition dataset. ADOT considers a speed of 50 miles per hour as the threshold
for the two traffic states. This threshold was also used in this study to divide the crashes into the
two traffic states. The final congested and non-congested datasets included 805 and 677 crashes
with corresponding 5,820 and 4,750 non-crashes, respectively.

5.3 Crash Risk Prediction Model
The estimated crash prediction model was incorporated into a real-time tool to predict crash risk
for all the freeway segments in the Phoenix area. The frequency of prediction is 20-seconds.
Therefore, efficiency and performance of the model are the most important factors to select the
method. After conducting a comprehensive literature review and evaluating different methods, the
linear regression classification model was selected for predicting crash risk in this project. In
machine learning, linear classification methods take less time to train and their prediction accuracy
is comparable to non-linear complicated models. Therefore, these methods work well for practical
applications specially when there are many characteristics in the model (Yuan et al., 2012).
Description of the model and the analysis results are presented in this section.
5.3.1

Linear Classification Model

To estimate a crash risk prediction model, a classification method is used to identify crashes and
non-crashes based on their characteristics. Linear classification methods achieve this by
identifying crashes and non-crashes based on a linear combination of their characteristics. The
linear regression model is one of the linear models that can be used for the classification purposes.
Given a dataset {𝑦𝑦𝑖𝑖 , 𝑥𝑥𝑖𝑖1 , 𝑥𝑥𝑖𝑖2 , … , 𝑥𝑥𝑖𝑖𝑖𝑖 }, i = 1, 2, …, P, the linear regression model considers a linear

relationship between the response variable, 𝑦𝑦𝑖𝑖 , and P independent variables, 𝑥𝑥𝑖𝑖 . The linear
regression model is presented as below (Washington et al., 2010):
𝑦𝑦𝑖𝑖 = 𝛽𝛽0 + 𝛽𝛽1 𝑥𝑥𝑖𝑖1 + ⋯ + 𝛽𝛽𝑝𝑝 𝑥𝑥𝑖𝑖𝑖𝑖 + 𝜀𝜀𝑖𝑖

𝑖𝑖 = 1, … , 𝑛𝑛

Where 𝜀𝜀𝑖𝑖 is error variable or disturbance term which is an unobserved random variable to add noise
to the linear model. 𝛽𝛽𝑝𝑝 is the estimated coefficient of the independent variable, 𝑦𝑦𝑖𝑖 is the dependent

variable for the observation i, and 𝑥𝑥𝑖𝑖𝑖𝑖 are the independent variables for the observation i. In the
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case of crash risk prediction, 𝑥𝑥𝑖𝑖𝑖𝑖 are standard deviation and average of speed, volume, and
occupancy, 5-15 minutes before the crash. The dependent variable 𝑦𝑦𝑖𝑖 is binary with 0 representing
non-crash and 1 representing crash cases.

The linear regression model predicts continues values between 0-1 for the dependent variable, 𝑦𝑦𝑖𝑖 ,

therefore, the predicted values can represent the risk of crashes. The higher predicted values show
a higher risk of crashes.
5.3.2

Modeling Results

Due to differences in traffic characteristics of congested and non-congested conditions, a crash
risk model was estimated with two datasets of congested and non-congested traffic states,
separately. To train the models, 70% of the final datasets was randomly selected and used as the
training data. The remaining 30% of the data in each dataset was then used to test the predictability
of the models. Different combinations of variables were entered into the models and the most
significant ones were carried over to the final models. All the final variables were significant with
95% confidence. The models were estimated in R statistical software (R Development Core Team,
2007).
The estimation results of the two models showed that the significant variables as well as
the model’s prediction accuracy are different in the two models which suggests that crash
prediction models should be estimated separately for congested and non-congested traffic
conditions.
5.3.2.1 Congested Model
The results of linear regression classification model for the congested dataset are presented in the
Table 5-1. The following five variables were found to be statistically significant in this model:
1- Average volume of upstream station 5-10 minutes before the crash.
2- Average speed of upstream station 5-10 minutes before the crash.
3- Average speed of downstream station 5-10 minutes before the crash.
4- Average volume of upstream station 10-15 minutes before the crash.
5- Standard deviation of speed of upstream station 10-15 minutes before the crash.
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Table 5-1 Estimation Results of the Crash Prediction Model for the Congested Dataset

Variable

Coefficient

Standard Error

t- Value

Intercept

0.196

0.022

8.94

Average volume of upstream 5-10 min before

0.015

0.006

2.50

Average speed of upstream 5-10 min before

-0.003

0.001

-9.42

Average speed of downstream 5-10 min before

0.001

0.001

3.42

Average volume of upstream 10-15 min before

-0.028

0.006

-4.46

Standard deviation speed of upstream 10-15 min
before

0.007

0.001

7.31

5.3.2.2 Non-Congested Model
The results of linear regression classification model for the non-congested dataset are presented in
the Table 5-2. The following six variables were found to be statistically significant in this model:
1- Average volume of upstream station 5-10 minutes before the crash.
2- Average speed of upstream station 5-10 minutes before the crash
3- Average speed of downstream station 5-10 minutes before the crash
4- Average volume of upstream station 10-15 minutes before the crash
5- Standard deviation of speed of upstream station 10-15 minutes before the crash
6- Standard deviation of speed of downstream station 10-15 minutes before the crash
Table 5-2 Estimation Results of the Crash Prediction Model for the Non-Congested Dataset

Variable

Coefficient

Standard Error

t- Value

Intercept

-0.221

0.037

-5.82

Average volume of upstream 5-10 min before

0.032

0.008

3.93

Average speed of upstream 5-10 min before

0.005

0.001

11.67

Average speed of downstream 5-10 min before

-0.002

0.001

-5.56

Average volume of upstream 10-15 min before

-0.027

0.008

-3.38

0.009

0.001

7.64

0.003

0.001

2.42

Standard deviation speed of upstream 10-15 min
before
Standard deviation speed of downstream 10-15
min before
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5.4 Tool Design
The selected crash prediction method was incorporated into a standalone computer program. The
tool is able to calculate and report the crash risk in real-time. Figure 5-1 presents the design of the
developed system. Using R statistical software, the historical loop detector data and traffic crash
records were retrieved from the developed database. The historical data was used to train two
models for congested and non-congested conditions for further prediction of crash risk. In order to
calculate the crash risk in real-time, the trained models needs to be incorporated into the developed
computer program. The program connects to the RADS server, retrieves the most recent data, and
predicts the crash risk every 20-seconds. The program then calculates the results, summarizes
them, and reports the predicted risk of crashes in real-time XML and Microsoft SQL feeds.

Historical realtime data

Crash database
(ALLISS)

real-time 20-sec
data

R statistical
software

Crash risk model
for non-congested
condition

Crash risk model for
congested
condition

Real-time XML feed

C# Tool

Real-time MS SQL
feed

Figure 5-1 System Architecture Design

5.5 Tool Implementation
The real-time tool was developed with the C# programming language (C# Language Specification,
2006). The details of the tool’s analysis process are illustrated in Figure 5-2. The program connects
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to the database and sends multiple queries to calculate all the variables that are needed for crash
risk prediction. These variables are calculated for all the loop detector stations with the traffic data
between the system’s current time and the previous 10 minutes. The list of all roadway segments
with their upstream and downstream loop detector stations are obtained from the database to be
further matched with the variables. The crash risk is then predicted for all the segments for the
future 5 minutes. This process is done in real-time with the frequency of 20 seconds. The average
predicted crash risks are calculated every one or several minutes, then the results are reported in
an XML file and an MS SQL table.
Every 20-second
Send a query to
the database

Calculates and get
the variables for all
the stations

Calculate crash risk

Get the list of all
segments with
upstream and
downstream loops

real-time 20-sec
data

C# Tool

Calculate the
average risk
Real-time XML feed

Every 1 minuets or any
interval

Real-time MS SQL
feed

Figure 5-2 Structure of the Developed Tool

Figure 5-3 shows the main user interface of the tool. As it is depicted, there are two options for the
real-time data sources that could be selected by the user. The default is MySQL database as it is
the current data source of the loop detectors real-time data. In future, if ADOT wants to migrate
the data to the Microsoft SQL database, the tool will be adoptable with the new format.
The configuration of the tool could be adjusted by the user. The risk threshold shows the
maximum acceptable crash risk at a road segment. The segments with higher risk are considered
as high risk segments. The risk threshold is set to zero percent by default, meaning that all the road
segments with their predicted risk values will be listed in the results. This threshold could be
changed, so, only the segments with the risk of higher than a specific threshold will be reported.
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Figure 5-3 Main User Interface of the Tool

5.6 Case Study
To verify the functionality of the developed tool, a case study was conducted in this project. The
performance of the tool and the crash prediction method was tested on a sample day, Wednesday,
January 25, 2015. The crashes occurred on the study day were extracted from the crash database
and a sample crash occurred at 8:56 AM on Interstate 10, eastbound, milepost 141.82 was selected
for further analysis. The crash occurred on a segment with upstream loop detector station 68 and
downstream station 133. Figure 5-4 shows the selected freeway segment and the occurred crash.

Figure 5-4 Study Segment for Crash Risk Prediction
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Crash risk was predicted for this segment starting from 5:00 AM to 8:00 PM. Figure 5-5 shows
the predicted risk values for the specified segment during the day. As shown in this figure, the risk
started to increase at about 6 AM, fluctuated during 6- 9:30 AM, and a crash occurred at 8:56 AM.
The results of this case study indicated that the developed tool could successfully predict the high
risk of the segment before the crash. However, as the risk profile shows, the crash risk of a segment
could fluctuate and results in a crash. Therefore, the predicted risks could be used to identify a
high risk location with a potential crash in future rather than predicting the exact time of crashes.

Figure 5-5 Predicted Risks for the Study Segment on January 25, 2015

The tool reports the results of crash risk prediction in two formats: 1- XML files; 2- MS. SQL
table. Figure 5-6 illustrates the results in the XML format. As the figure shows, all the stations
with their predicted risk are listed in the file. The tool reports an XML file with the presented
format, every one or several minutes, depending on the selected configuration by users.
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Figure 5-6 Crash Risk Prediction Results in XML format

Figure 5-7 illustrates the results in MS. SQL table format. As shown, all the stations with their
predicted risks are listed in the table in stored in the database. Users can use these results to run
different queries and find high risk stations during the time. The tool stores the results in the same
table, every one or several minutes, depending on the selected configuration by users.
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Figure 5-7 Crash Risk Prediction Results in MS. SQL Table
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6

Conclusion and Recommendations

6.1 Conclusion
This project successfully incorporated freeway performance measures into real-time crash
prediction to better predict crash risks. Below summarizes the accomplished tasks in this project.
•

A comprehensive literature review was conducted to summarize the methods used for crash
prediction. The literature review assisted in identifying an efficient method for further
implementation of the real-time tool.

•

To develop an automated performance measurement system, a database server was
established at the University of Arizona. The following datasets for 2015 and 2016 were
obtained from ADOT and stored in Microsoft SQL tables.
1. Real-time 20-second traffic data
2. Accident Location Identification Surveillance System (ALISS)
3. Highway Condition Reporting System (HCRS)

•

Using the data collected in the project, 10 safety related performance measures covering
mobility, freight, and incident management, were calculated and stored in the database
server. The developed performance measurement system reports the measures for any
roadway, milepost range, and date range across the state of Arizona.

•

The traffic and crash data for a 30-mile long segment of the Interstate 10 (I-10) freeway
were extracted from the database server to estimate the crash prediction model. A linear
regression classification model was selected for predicting crash risk in congested and noncongested conditions. The estimation results of the two models indicated that the
significant variables as well as the model’s prediction accuracy are different in the two
models which suggests that crash prediction models should be estimated separately for
congested and non-congested traffic conditions.

•

The estimated crash prediction models were implemented in the real-time crash prediction
tool. Based on ADOT’s feedback, the tool was designed in C# programming language
which is able to predict the risk of crashes for all freeway segments in the Phoenix area
every 20-seconds, calculates the average risks every minute, and report the real-time results
in two formats: 1- XML file; 2- Microsoft SQL table.
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•

To verify the functionality of the developed tool, one of the case studies was demonstrated.
The case study verify that the developed tool successfully predicts crash risks in real-time.
The tool is currently running 24/7 at ADOT TOC.

6.2 Recommendations
To further improve the process of real-time crash prediction and assist ADOT’s traffic
management system, the project team made the following recommendations:
•

The developed tool predicts crash risk along the freeway segments in the Phoenix area. By
integrating the statewide data into the current database and calibrating the crash prediction
method for different types of roadways, the tool could predict the risk statewide;

•

The results of the developed tool have not been exhaustively validated with the real-time
data. Validating the results by analyzing a whole year of crash and traffic data could help
to evaluate the performance of the crash prediction model as well as find the hotspots on
the freeway network.

•

The tool utilizes the traffic data collected from loop detectors across the freeways in
Phoenix. It is recommended that data from other types of detectors ADOT has deployed or
planned to deploy are also integrated in the tool. These data sources could include
HERE.com, INRIX, and wireless data;

•

To ensure timely emergency response to incidents, an incident detection system could be
developed and integrated into the current tool.

•

Additional performance measures can be calculated and stored in the current database
using the data collected in this project;

•

To maximize the usability of the tool, the results could be shown on the freeway network
map and visualized in the tool or a user-friendly website;

•

The tool needs to be routinely updated as do all computer software packages. A
maintenance plan should be developed and the related costs should be budgeted
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