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ABSTRACT

Crowdsourcing has been a prevailing fashion of data acquisition thanks to the
proliferation of smart devices and wireless communication techniques. In the
transportation field, emerging crowdsourcing data could potentially facilitate traffic
operation and management. A motiving example is Waze, which is a navigation app that
allows Waze users (Wazers) to report different types of traffic incidents e.g., accidents,
jams, potholes, disabled vehicles, and so on. Crowdsourced data has many advantages
over existing fixed location sensors: cost-effective, extensive geographic coverage, high
resolution, and real-time. Moreover, it assembles the human’s perception and judgment
of traffic incidents, which is more straightforward compared to raw data output from
detectors.

This dissertation centers on exploring the application of crowdsourced Waze data
in pavement maintenance, incident management, and truck traffic monitoring.
Specifically, the first chapter exploited pothole reports to evaluate the pothole
spatiotemporal occurrence and hotspot. The pothole reports were compared to the pothole
work request and work record from the pavement management system. The second
chapter investigated both the association and causation between potholes and flat tire
frequency on highways and discussed the spatiotemporal heterogeneous effect of
potholes on flat tire frequency. The third chapter made use of accident and jam reports to
estimate traffic recovery time after the crash is cleared. This chapter developed a
spatiotemporal statistics model to reveal how factors influence the total crash-induced
impact duration. Lastly, the dissertation presented a method to estimate the long truck
volume by harnessing crowdsourced speed data as well as traffic detector data. In
summary, this dissertation contributes to expanding the potential uses of crowdsourcing
for managing pavement and incidents, as well as monitoring traffic.

Keywords: Crowdsourcing, pothole, traffic incident, spatiotemporal heterogeneity, truck
traffic
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INTRODUCTION



Motivation

Crowdsourcing has been a prevailing fashion of data acquisition thanks to the
proliferation of smart devices and wireless communication techniques. Crowdsourcing
refers to gathering data of interest via many people or vehicles active in different places.
There are two motivating examples in the transportation field. One is the navigation app
Waze, which has over 30 million monthly active users in the US according to the latest
(till 2023) fact sheet (1). Waze users are encouraged to share the real-time traffic status,
accidents, and other roadway incident information through the app report portal. In
addition to Waze, some social media such as Twitter and Facebook, and smart mobile
apps such as Google Maps also play important roles in sharing traffic information with
the public. The other is crowdsourced probe vehicles. As a small part of road traffic, they
are usually equipped with advanced wireless communications to collect and share real-
time traffic data (e.g., speed and location). There is no doubt that crowdsourced data
paves the way toward a new era of proposing innovative ideas and solutions for traffic
management and operation systems.

Crowdsourcing breaks through many limitations of conventional data acquisition
in the transportation field. Firstly, it reduces the cost of data collection. For instance,
traffic data such as flow, density, and speed are usually collected by infrastructure-
mounted sensors such as loop detectors, and radar detectors. Therefore, massive detectors
are required to ensure large wide traffic monitoring. However, under crowdsourcing
circumstances, everyone can serve as a volunteer to report traffic events through the
mobile app. Secondly, it breaks through the geofence of data collection. Traffic detectors
are usually prioritized at locations (e.g., urban highways) of great importance to traffic
monitoring, whereas other road sections such as rural areas or locations between
detectors might be largely unnoticed. Crowdsourcing can complement this gap wherever
there is the presence of road users. Thirdly, it characterizes traffic events by the user’s
perception and judgment. Data collected from traffic detectors usually are quantitative
indicators (e.g., electronic format) of traffic status whereas the crowdsourced data could
provide qualitative descriptions of traffic events. By contrast, the road user’s perception
can explicitly reflect the road conditions.

Aside from the existing studies, this study aims to propose innovative solutions to
employ crowdsourced data for pavement maintenance, traffic incident analysis, and
vehicle classification. To this end, four different studies are designed. First, pothole
reports from Waze were employed to identify the locations and lifetime of pavement
potholes. This will help pavement crews to locate the pavement pothole distress more
efficiently and promptly. Second, the study is trying to untangle the association and
causation between pothole distress and flat tire events. The pothole distress is represented
by the pothole complaints from users per road length. Third, the jam reports are utilized
for estimating the incident recovery time thereby completing the graph of the entire
incident impact duration. Fourth, an innovative method was proposed to estimate large
truck volume from a loop detector system and crowdsourced speed. This will help traffic
management and the operation center monitor network-wide truck traffic using existing
data sources.



Data

The data sourced employed in this dissertation are briefly described as follows.

Waze Reports

Waze provides many reports such as crash, congestion, weather, road hazard, and so on.
Correspondingly, they can be used for different scenarios such as primary (secondary)
crash detection and queueing analysis. Different from conventional traffic detector data,
Waze collects traffic events wherever and whenever riders use the app.

Besides, the traffic events including the severity were reflected based on the user’s
perception and judgment, which can be used to characterize the travel circumstance
semantically. The data is obtained through the Waze for Cities (W4C) program. Two
types of Waze reports, including pothole (road hazard) and traffic jam reports (heavy,
moderate, standstill, or light) are utilized in this dissertation. Especially, the author is
among the first to extract useful information from pothole reports in the existing studies.
This pothole reports data will be used in Chapters I and I1. Besides, the Jam reports will
be used for incident recovery time estimation in Chapter IlI.

Waze Speed

When Waze users keep the app open for navigation, they can implicitly tell the Waze app
the vehicle's operating speed on a specific stretch of the road. The road speed, along with
historical information, is measured by real-time updates from multiple Waze users (2).
Similar to Waze reports, Waze speed is available where there are Waze users. This merit
expands the geographic coverage of vehicle speed. Under the traffic view of the Waze
partners platform, contract partners can monitor travel speed for any designated routes. In
this dissertation, the speed will be utilized for estimating large truck volume in Chapter
V.

Pavement Management System Data

The pavement management system provides the work request and work records of
pavement repair and construction activities. They are important ground truths for
assessing the performance of pothole detection from Waze reports. The data includes
when and where (e.g., Interstate 40 mile-maker 201 to mile-marker 204) the pavement
was repaired by which work (e.g., in-house resurfacing). The data was originally obtained
through the project collaborated with TDOT and it will be applied in Chapter I.

Incidents Data

The incident data used in this dissertation comprises operation logs for disabled vehicles
and characteristics of single/multiple vehicle crashes. The occurrence of a flat tire is
considered an atypical incident and is classified as a disabled vehicle in the TDOT
database. Therefore, the operation log data is scrutinized to identify instances of flat tire
incidents by searching for relevant keywords such as "flat tire™ or "change tire" in the
incident operation log. The operation log data is applied in Chapter II. In addition, each
incident record includes the information of time, location (e.g., latitude longitude, or mile
markers), incident type, incident duration, number of lanes closed, and others. All the
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incident data was obtained through the project collaboration with TDOT. This data will
be employed for estimating incident duration in Chapter IV.

Miscellaneous data sources

In addition to the abovementioned three main data sources, the other miscellaneous data
sources are used to constitute built-environment variables for regression analysis. They

comprise roadway characteristics from E-Trims, traffic exposure from Radar Detectors,
weather conditions from underground weather, and NPMRDS data from INRIX.

Dissertation Structure

This dissertation includes four chapters. In the following, each chapter will be briefly
discussed. Figure 1 shows the framework of the dissertation.

Chapter I: Towards a crowdsourcing-based pothole detection and evaluation.

This study proposed two using scenarios of crowdsourced pothole reports in facilitating
pavement management and maintenance. The spatiotemporal density model is preferred
because of two reasons. Firstly, the presence of potholes demonstrates inherent
spatiotemporal tendencies. Secondly, the frequency of reports regarding potholes within a
particular location and timeframe indicates a higher probability of pothole occurrence.
The model should also be robust against false reports. Hence, a spatiotemporal kernel
density estimation was implemented to highlight the pothole hotspots. Followed by that, a
spatiotemporal density-based clustering approach was conducted to identify potholes
from the crowdsourced reports. The performance of detection was evaluated by pavement
work requests and work records from Pavement Management System (PMS).

Chapter I1: Association and causation between potholes and flat tire incidents.

This chapter intends to uncover the association and causation between potholes and flat
tire incidents. In other words, the study tried to answer two questions: 1) Does pothole
occurrence correlate with flat tire frequencies? 2) Do more potholes cause more flat tire
incidents? To this end, the study developed a spatiotemporal regression model and a fixed
effects model to tackle the correlation and causation between potholes and flat tire
incidents, respectively. The pothole information was extracted from Waze pothole reports
and flat tire incidents were obtained from Tennessee Department of Transportation
(TDQOT) incidents operation notes.

Chapter I11: Estimate incident time to normal traffic duration from crowdsourced data.

This study primarily aims to propose an innovative way to estimate the recovery time of
traffic incidents thereby completing the graph of incident impact measured by the time to
return to normal flow. Furthermore, the spatiotemporal heterogeneity of observed factors
was uncovered by a spatiotemporal local model. To estimate incident recovery time,
Waze Jam reports were employed to capture the end of the queue. Besides, this study
makes methodological contributions by introducing an advanced modeling approach that
integrates geographical regression with survival analysis.



Chapter 1V: Estimate truck volume from traffic flow fundamentals.

This chapter proposed an innovative way to estimate large truck volume solely based on
traffic fundamental elements: flow, speed, and occupancy. The truck presence was
inferred by intrinsic relationships between those three elements. The study put forth two
new methods and evaluated their performance against two established methods in the
existing studies. The first proposed method breaks through the traditional proportion
concept and innovatively formulates vehicle classification as an optimization model. The
second proposed method employed the external speed which gets rid of assumptions for
speed estimation. To this end, traffic detector data (occupancy and volume) and
crowdsourced speed were utilized.



Objective:

Mining crowdsourced data for pavement maintenance, incident management, and traffic monitoring
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CHAPTER I. SPATIOTEMPORAL KERNEL DENSITY
CLUSTERING FOR NOISY CROWDSOURCING DATA FOR WIDE
AREA NEAR REAL-TIME POTHOLE DETECTION



A version of this chapter was presented by Yangsong Gu at the 2023 TRB Annual
Meeting, and it is under review in Expert Systems with Applications.

Abstract

Identifying and fixing roadway potholes promptly can improve roadway safety and
decrease vehicular damage, which is essential in transportation infrastructure
management. Transportation agencies are constantly looking for efficient solutions for
pavement intelligent management and maintenance. Traditionally, laser scanning,
accelerometers, and videos are the major detecting sources employed to diagnose
pavement distress. However, the responsiveness of these methods is constrained by the
limited amount of equipment and labor. By contrast, crowdsourced tools like the
navigation app Waze provide citizens with a cost-effective way to feed real-time roadway
information, which could facilitate the evaluation, detection, and repair of potholes. To
examine these possibilities, the study collected the 2021 pothole reports for five critical
corridors in Nashville, Tennessee. Firstly, a Spatiotemporal Kernel Density Estimation
(STKDE) was proposed to estimate the likelihood of potholes over space and time. The
results highlight the spatiotemporal variation of pothole propensity. Furthermore, the
hotspots recognized at a 95% confidence level revealed the significantly vulnerable areas
and times, such as 1-40 Westbound near log mile marker 13 from January to June 2021.
Secondly, based on the optimal bandwidths generated by STKDE, spatiotemporal
DBSCAN clustering was performed to identify potholes. Two pothole patterns are
identified and interpreted as isolated spots and pothole zones, respectively. It was also
found that crowdsource reports come up much sooner than work requests in Pavement
Management System (PMS). Moreover, these reports also identified several blind spots
ignored by the maintenance team. This study contributes to facilitating pavement
management and maintenance with emerging crowdsourced data.

Introduction

A pothole, as a type of pavement distress, typically appears during the winter and
spring months after heavy rain and snow erode and freeze the pavement surface.
According to a survey about pothole-related complaints in the past 17 years, Tennessee is
ranked 8" in the states with the worst pothole problems (3; 4). Also, as estimated by
American Automobile Association (5) data, drivers nationwide spend nearly $3 billion
per year fixing damage such as punctured tires, bent wheels, and broken-down
suspension systems (5). Therefore, there is an immediate need to find potholes and repair
them as soon as possible.

In early 2022, the Tennessee Department of Transportation (6) launched a plan
for pothole repairs after several winter storms hit Tennessee and many potholes emerged
on highways and state routes (6). The statewide expenditures for pothole patching in the
first 19 days of 2022 were $3.32M, which accounts for over one-third of the total budget
(i.e., $9.16M) for 2022. TDOT has spent around $8M every year repairing potholes in the
past three years (6). However, the majority of potholes are currently inspected by annual
laser scanning (7) while the minority of them are reported by motorists through TDOT’s
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maintenance request®. The former way can generate a reliable diagnosis of pavement
conditions, but it involves massive labor and cost. The latter way is at the mercy of the
user’s perception of potholes. Compared to laser scanning, motorists cannot have a good
sense of the location of potholes, especially when they pass the potholes rapidly.
However, the crowdsourced reports from motorists might have a wider range and more
frequent scanning of the road than TDOT's annual pavement patrol.

Different from filling in electronic forms to report potholes, the navigation app
Waze makes it easy to report and share the location and time of potholes via built-in
functionalities. Through Waze for Cities program, state and federal government and
nonprofit agencies can access free reports (8). Many studies have investigated the
valuable contribution of other Waze reports to real-time traffic operations (9; 10),
accident detection (11; 12), disabled vehicle detection (12; 13), flooding alerts (4; 14),
and others. However, there is currently no study looking into Waze pothole reports to the
author’s best knowledge. Therefore, the objective of this study is to investigate the
potential of using crowdsourced pothole reports for better pavement management and
maintenance.

The remainder of this paper is organized as follows: the literature review section
reviewed the prior studies related to the Waze report characteristics and relevant
processing methods. In the methodology section, we elaborated on two spatiotemporal
methods for exploring pothole reports. Then, the results of the two models are
highlighted and discussed, followed by the limitations and conclusions of this study.

Literature Review

Before employing the Waze reports, we must understand the characteristics of
Waze reports, which will affect how to effectively use pothole reports to contribute to
pavement condition evaluation and pothole detection. This part first reviews the studies
about the Waze characteristics. Then, studies identifying pavement distress hotspots are
summarized and the conventional pothole detection methods are reviewed. Finally, we
discuss the research gaps in existing studies.

Waze Characteristics

Although crowdsourced data has inviting characteristics such as cost-
effectiveness and wide coverage, unreliability and redundancy have been two major
concerns when they are employed. Specifically, unreliability refers to false alarms. This
is likely to happen when users intentionally report nonexistent incidents or misclassify
the incident types (15). Note that the pothole report is the only option concerning
pavement condition in the Waze app so users might report other types of pavement
distress (e.g., cracks) as potholes. Therefore, some studies have been conducted to
evaluate the validity of Waze reports. For instance, Goodall and Lee evaluated the
accuracy of Waze crash and disabled vehicle reports along a 2.7-mile section of the urban
freeway by comparing Waze reports with ground truth from video footage. Among 40
crashes associated with the Waze reports, 2 (5%) were confirmed false alarms. By

1 TDOT Maintenance Request Form. https://www.tn.gov/tdot/maintenance/maintenance-request.html
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contrast, disabled vehicle reports have more false alarms than crash reports. Of 560
disabled vehicle reports, 131 (23%) were identified as false alarms (12). The redundancy
pertains to multiple users reporting the same incident. To mitigate the data redundancy,
most of them applied a threshold-based approach. This is because those redundant reports
tend to be located in the vicinity of the incident locale and close to the time of incident
occurrence. For instance, Liu (13) enumerated all possible combinations of
spatiotemporal thresholds to match disabled vehicle reports with official incident reports
(i.e., Locate IM). It was found that matching rates would stabilize when the time
threshold exceeds 50 minutes, and the space threshold exceeds one mile for disabled
vehicles. Likewise, when dealing with pothole reports, unreliability, redundancy, and
spatiotemporal accuracy should be considered as well.

Pavement Distress Hotspot Mapping

Hotspot mapping is important in prioritizing intervention. It highlights the
location and severity of the event of interest. Roberts et al. quantified the area of distress
and the percentage of road sections distressed to identify the vulnerable sections. The
method is promising in assessing the severity of road sections. However, it is simply not
possible to use on every road in the network because distress detection based on deep
learning techniques is computationally demanding and time-consuming (16). Karimzadeh
et al. applied the kernel density estimation to estimate the risk score of roadways thereby
identifying the susceptible road sections (17). In their model, the parameter Risk Score
(18) defined by the density of defects per square mile was interpolated for unobserved
areas via kernel density estimation. Using the data from Long Term Pavement
Performance (LTPP) program, Zhang and Wang employed the Getis-Ord G;to identify
the pavement distress hot and cold spots. They found that identified hotspots are closely
correlated to environmental and traffic factors (19). However, these studies account only
for the spatial variation of pavement distress while the temporal variation is not
considered. The results might be misleading as climatic factors vary across the year and
the amount of impact on pavement structural properties changes across the year
accordingly (20).

Pavement Pothole Detection

To detect pavement potholes, transportation agencies, and researchers have made
substantial efforts in researching advanced detectors and algorithms. Table 1 summarized
prior studies of pothole detection. Vibration analysis, 3D construction, and image
processing are the three main detection techniques. For each detection technique, we
listed several representative studies and pointed out their merits and shortcomings. First,
the accelerometer data are usually acquired from smartphones or vehicles embedded with
accelerometer sensors, and the pothole event is identified by the characteristics of vehicle
horizontal, lateral, and vertical acceleration (21-24). The advantage of a vibration-based
approach is that little computation and data storage is required. Thus, it can be used in
real-time detection. However, the major drawback of this method is that the sensor can
only work well when the vehicle hits potholes. If potholes exist in the middle of the lane
or the drivers intentionally avoid the potholes, the potholes are likely to be ignored by the
accelerometers. Second, 3D construction relies on the advanced techniques of 3D laser
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scanners (25-27), Stereo vision (26), and Kinect sensors (28). Compared to the
accelerometer sensors, 3D construction can typically observe more pavement conditions
details and generate more accurate evaluation reports. However, the cost of detectors is
still significant, and high computational effort is needed to perform a wide range of
detections. Third, image-based methods benefit from emerging image-processing
techniques. The image source is usually captured or clipped from the camera mounted on
the vehicles. To distinguish the characteristics of potholes from other pavement
distresses, earlier research focused on image segmentation and visual properties
extraction (i.e., visual texture, shape, and dimension) (29-31). With the development of
deep learning in recent years, growing studies employ Convolutional Neural Networks
(CNN) and their extension models to classify pavement images with potholes (32-37). As
for the characteristics of machine learning, a set of images with identified potholes is
needed to train the model. Although it requires less labor and generates higher accuracy
than earlier approaches, intensive computation is a bottleneck when it is applied for real-
time detection. What’s more, the storage requirement for the image or video collection is
still non-negligible (38). These pavement pothole detection approaches tend to be cost-
prohibitive or labor-intensive and are typical with limited geographical coverage or
implementation frequency. An approach with more extensive spatiotemporal coverage of
the roadway network and more affordable to public agencies is desired. To that end, the
study presented in this paper examines a crowdsource data-based pothole detection
approach.

Research Gaps

Several limitations have been identified in previous studies. Pothole appears as
spatiotemporal characteristics due to seasonal weather conditions and uneven traffic load
on the network, while the existing studies lack the consideration of the temporal variation
of the pavement distress when identifying the hotspots. The Waze pothole report has not
been extensively explored, despite the widespread use of other Waze reports (e.g., crash,
jam) in transportation safety and operation research. This study aims to investigate the
promise of using the Waze pothole reports for supporting pavement management and
maintenance. Specifically, the study attempted to address the following research tasks:

1. Uncover the spatial and temporal hotspots of potholes.

2. Identify the potholes through crowdsourced pothole reports.
To this end, the researchers collected one year (i.e., 2021) of Waze pothole reports for the
five important corridors in Nashville, Tennessee: Interstate 24, 40, 65, 440, and State
Route 155 (hereinafter referred to as SR-155) as a case study. Motivated from the
literature review. A spatiotemporal kernel density estimation approach was proposed for
detecting the pothole likelihood concerning place and time, followed by a statistic test for
hotspot recognition. Then, a spatiotemporal DBSCAN (density-based spatial clustering of
applications with noise) clustering was implemented to identify potholes. The identified
potholes are compared with the pothole work request and records from the Pavement
Management System. Finally, a series of performance metrics are proposed to evaluate
the contribution of Waze pothole reports.
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Table 1. Summary of studies about pothole detection in the literature

No. | Type Reference Data Source Method Pros Cons
Kulkarni etal. | Accelerometers Neural network Real-time application | Subject to both technical
1 (39) data and official limitations and human error
pothole data
5 Yuand Yu (21) | Acceleration Statistical analysis based | Small storage, cost- Not available to distinguish
records on level of vibration. effective distress type
Lekshmipathy, | Smartphone Statistical analysis based | Accurate, real-time Need to fix the smartphone
3 Velayudhan accelerometer data | on vehicle vertical jerk. at a certain location; Cannot
Vibration- and Mathew and video ground de_tect the potholes in the
based (22) truth middle of the lane
Bhatt et al. (23) | Smartphone Classification model Real-time and high Require sufficient data to
4 gyroscope and based on a Support vector | accuracy (92%) build a reliable classifier
accelerometer machine
Sensors
Egaji etal. (24) | Accelerometer data | Multiple machine Real-time application | Require a large number of
5 learning models such as training data
support vector machine,
random forest, and so on.
6 Chang, Chang | 3D laser scanner Clustering the 3D laser Estimate the area and | Expensive.
and Liu (25) points volume of potholes.
Jog et al. (27) 3D laser scanner 2D appearance-based Estimate the area and | Off-time detection,
7 and 2D video recognition combined volume of potholes. computation demanding
with 3D sparse points
3D reconstruction and
construction | Zhang et al. Stereo vision Compare the difference Estimate the size, A threshold is needed to
8 (26) between disparity points | volume, and position | outline the potholes.
and fitted surfaces. of potholes
Moazzam et al. | Kinect sensor Characterize the pothole | Estimate the size and | Low accuracy
9 (28) from pavement depth volume of potholes
images
Image chh gnd Pavement images Image segnjentati_on,- High accuracy Image lightning and yiewing
10 processing Brilakis (31) morphological thinning, can impact the detection.

and elliptic regression
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Table 1. Continued

Ukhwah, Pavement images Deep learning under the | Fast detection Need labeling the data for
11 Yuniarno and YOLO framework. training parameters.
Suprapto (33)
12 Ye etal. (34) Pavement images Convolutional Neural High accuracy Need many images to train
Network the model.
Zhang et al. Pavement images ShuttleNet Neural High accuracy It has limitations in detecting
13 (36) network giant patches and cannot
detect all types of pavement
distress.
Maeda et al. Pavement images Generative adversarial Available for the The accuracy partially relies
14 (37) network small size of real on the amount of original

training images

training data.
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Methodology

Given the specific shortcomings of Waze data mentioned in the above Literature
Review, two density methods were proposed to eliminate the impact of redundant reports
and possible false reports. The density-based methods, namely, detecting the area of
interest according to the density of points, can effectively deal with these two challenges
(40). The density-based models attach higher importance to the area with dense points of
interest while lower importance to the area with few points of interest. Thus, the area
with dense pothole reports would explicitly reflect the severity of potholes, and the area
with few reports that potentially are false reports would be disregarded as they cannot
form a dense area. The workflow to implement density-based models is shown in Figure
2, wherein the steps including from data collection (i.e., Waze and PMS ground truth) to
model deployment. To examine the potential of Waze for hotspot discovery, only Waze
data was used. Besides, the ground truth from PMS was employed to evaluate the
performance of pothole detection. The first density model that estimates the pothole
likelihood can reveal the vulnerable areas and periods, which further helps the pothole
detection model in parameter selection. In the end, applications and lessons in using
crowdsourcing data for monitoring potholes are discussed.

Spatiotemporal Kernel Density Estimation (STKDE)

Spatiotemporal kernel density estimation has been applied for estimating the risk or the
likelihood of the events that have spatiotemporal patterns. Therefore, it is frequently used
in crime (41; 42) and crash (43; 44) hotspot mapping analysis. The STKDE is also a
predictive approach as it can estimate the likelihood of where the event of interest is not
observed. This merit compensates for the Waze pothole report because Waze users might
not be everywhere on the network; on the other hand, users may not observe every
pothole. STKDE models the probability of an event as a function of space and time.
Since the pavement work request and record were noted by project mile markers, we
projected Waze reports from the 2-D space (i.e., latitude and longitude) to 1-D (i.e., log
mile maker), thus the fundamental formula is written as (42):

foat) = nhlght Z; ks (x ;sxi) ke (t ;tti> (1)

where k¢(+) and k.(+) are the spatial and temporal kernels, respectively. h, and valuableh,
are corresponding spatial and temporal bandwidth. The x; and ¢; represent the log mile and
timestamp of a Waze pothole report.

Bandwidth selection is the crucial element of STKDE. The scale of bandwidth
affects the smoothness of a fitted surface. A large bandwidth tends to produce over-
smoothing, which will hide multi-modal distribution in space and time dimensions. On
the contrary, a small bandwidth leads to increased variability, which is insufficient to
interpolate the unobserved areas and periods. Inspired by the crime research of Hu et al.
(41), this study implements the likelihood cross-validation method, which is a data-driven
optimization approach. It can reflect the spatiotemporal pattern more accurately. This
approach was proposed by Duin (45) in 1976. The optimal bandwidth is obtained by
minimizing the Kullback-Leibler divergence which is the distance between the expected
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probability distribution and the estimated probability distribution. The Kullback-Leibler
divergence (Remarked as the Integrated Mean Squared Error, IMSE) can be written as:

IMSE = di(f.f) = f In l’;g gl £x, t)dxdt

2)
= J.ln[f(x, )] f(x, t)dxdt — f ln[f(x, t)] f(x, t)dxdt

Since the first part is not related to the bandwidth, choosing h to minimize Equation (2)
is, therefore, equivalent to maximizing the second term, which is the expectation of

ln[f(x, t)]:

EnlfGe 0] =n oy k(Y x k() @
n|f(x, =In[—
) hohe Lui=y” © hg he
Further, f(x, t) can be approximately estimated by its sample mean, which is:
A 1 n X — Xj t—t;
=Sk xS :
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Therefore, the optimal bandwidth h and h; can be estimated by maximizing the sum of

the log-likelihood of Equation (4), which is:
S mlfeol=n— >k xk D) @
n|f_;(x, =In|[——
i=1 ' (n — Dhghy £aj=1 jzi h hy
In addition, the Gaussian kernel is specified to estimate the point probability. It is

suggested by the finding that the spatiotemporal accuracy of Waze reports tends to have a
2D bell shape (13). The Gaussian kernel is written as:

2
k() =—=exp (- w2, ©)
Further, we defined pothole hotspots in this study as STKDE density estimation p given
a location and time that exceeds the average density score p,, , plus 1.96 times the
standard deviation of density scores g, (46). That is to say, the hotspots are the areas
where pothole complaints at a specific time are significantly higher than the normal
(p<0.05) density of pothole complaints.

p =, + 1960, (7)

Spatiotemporal DBSCAN Clustering (ST-DBSCAN)

Clustering is a common method for discovering useful knowledge in large event
databases. It is the process of segmenting data into distinct groups, with intra-groups
having similar characteristics and inter-groups having distinct characteristics. In this
study, the ST-DBSCAN introduced by Derya et.al (47) was used to identify the pothole
clusters. The main reasons for using this algorithm to cluster Waze reports are: 1) it
accounts for the spatial and temporal patterns of potholes, 2) it can discover the clusters
with any shape; 3) it can distinguish the noise points (in our case, it could be fake reports;
and 4), it does not require prior knowledge of the number of clusters. In Waze-related
studies, the ST-DBSCAN has been applied to identify the secondary crash (48), end of
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the queue (10), and congestion (49). In the following sections, the application of ST-
DBSCAN to Waze pothole reports is elaborated.

Figure 3 illustrates the spatiotemporal clustering for Waze pothole reports. Each
pothole report has a geotag (i.e., latitude and longitude) and timestamp. The 2D location
is projected to the 1D location, which is represented by the log mile marker. This
dimensionality reduction could accelerate the clustering efficiency and preferably align
the report data with ground truth in traffic direction, yet it assumes that reports are
independent between routes. Further, the spatial proximity of the two reports can be
defined as the difference between log miles. Regarding the temporal difference, the
number of days between reports is used to measure the temporal similarity. That is
because the potholes would not disappear in the short term if no repair occurred.
Different users may report the same pothole on different days unless the pothole is
patched. Turning to the algorithm, ST-DBSCAN requires three essential parameters:
spatial threshold &, temporal threshold &;, and minimum number of points (minPts).
These three parameters altogether filter the neighbors to form a cluster. A point p is
marked as the neighbor of point g if and only if both time and space are within the
corresponding neighborhood radius. For instance, points B and C are the qualified
neighbors of point A. Besides, minPts is specified to form a dense neighborhood. If a
point has more than minPts of neighbors in &; and &, then it is viewed as a core point
(see blue point A in Figure 3) that is used to develop a cluster. If a point is not grouped
by any clusters, then it is labeled as a noise point (see grey point N in Figure 3). The
noise point is likely to be a false report as suggested by previous studies (11; 13).

To implement the ST-DBSCAN, the study referenced the algorithm proposed by
Zhang (48), Liu (10), and Zhang (50). Table 2 depicts the pseudocode of ST-DBSCAN.
The algorithm begins by enumerating all unvisited reports. Then, for each report P, the
qualified neighbors are retrieved (i.e., function ST_neighbors). If the number of
neighbors of the report P is less than the minPts, then the report is labeled as a noise
point. Otherwise, the algorithm steps into searching for neighbors of the identified
neighbors of P following the same minPts (see expandCluster in Table 2). The program
runs until all points are labeled with cluster id or noise point. A critical procedure of ST-
DBSCAN is the selection of the parameters: spatial threshold &, temporal threshold &,
and the minimum number of points (minPts). The spatial and temporal thresholds
control the scope of the searching area. A large spatial or temporal threshold is likely to
encompass heterogenous neighbors and smooth out important spatiotemporal variations.
Meanwhile, a large proximity threshold downgrades the effect of minPts as the number
of neighbors increases. On the other hand, a small spatial or temporal threshold leads to
the isolation of points, and it is difficult to form a dense cluster. From prior studies, the
authors concluded three typical methods of determining the thresholds. The first one is
made by domain knowledge or experience, for instance, Zhang et al. chose one mile and
30 minutes for clustering traffic jams and accidents on the freeway. The second one is the
iterative method. This approach usually exhausts the possible combination of parameters
and chooses the one that makes the distinct number of clusters at the critical point (51).
The last one is data driven. It attempts to find the common structure within the dataset.
For example, Liu et al. (10) proposed a statistical method to update the threshold
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Table 2. Pseudo algorithm of modified ST-DBSCAN

Algorithm: ST-DBSCAN

ST-DBSCAN (D, ¢, &4, minPts, minDensity)
cluster_id=0
for each pothole report P in dataset D:

mark P as visited
/I Retrieve spatiotemporal neighbors
N = ST _neighbors (D, &, €4)
If lenof (N) < minPts
mark P as Noise
else
cluster_id = cluster_id + 1
expandCluster(P, N, &, &4, cluster_id, minPts)

expandCluster (P, N, &, &4, cluster_id, minPts, minDensity)
Assign P to cluster cluster_id
for each pothole report P’ in N:

mark P’ as visited

N’ = ST_neighbors (D, &, ;)

If lenof (V") = minPts
N= N joined with N’

If P’ is not yet assigned to any cluster
Assign P’ to cluster_id
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by the observed nearest distance between data points. This study innovatively adopted the
spatiotemporal bandwidths estimated from STKDE because the optimal bandwidth
captures when and where pothole reports are concentrated. A similar logic was also
implied in the DENCLUE clustering algorithm. Under the bandwidth context, the points
that are assigned to the same local maximum are put into the same cluster (52). The last
parameter minPts is set to be 5 as recommended from a previous study that the minPts
should be at least twice of the dimensions (40).

Data Description

To contribute to pavement management and maintenance, this study makes use of Waze
pothole reports and Pavement Management System (PMS) data from TDOT. Waze data
are obtained from TDOT through the “Waze for Cities” program? with the Waze company,
which is free to researchers. Waze data provide information including location (i.e., latitude
and longitude), timestamp, street, and reliability of reporters. The PMS data include the
pavement work request and daily work request by log mile. PMS data are used as the
ground truth to assess pothole detection results. The study primarily focuses on five
backbone corridors in Nashville, Tennessee: 1-24, 1-40, 1-65, 1-440, and SR-155, as Figure
4 shows. 1-440 and SR-155 are inner and outer city bypasses, respectively. 1-40 runs east-
west through Nashville city; 1-24 runs northwest-southeast through the city; 1-65 runs
northeast-southwest through the city. They join in the central part of the city. Figure 4 also
illustrates the spatial distribution of annual potholes reports on the study routes. As
indicated in the figure, almost everywhere suffered pothole distress. Comparatively
speaking, the east of 1-24 (log-mm, 13-15), the west of 1-40 (log-mm, 0-2,7-12), the east
of SR-155 (log-mm, 9-11), and the central urban area had more pothole evidence than other
areas. It is worth noting that the highway (near) junction areas such as the junction of 1-65
and SR-155, and the junction of 1-40 and 1-24 have substantial pothole complaints. It makes
sense that these areas bear heavy traffic loads all year. On the other hand, to better
understand the seasonal characteristics of pothole occurrence, the study spans the entire
year 2021. Figure 5 presents the monthly number of Waze pothole reports per mile of
study routes. As we can see, 1-40 had the largest amount of pothole complaints, followed
by 1-24, 1-65, SR-155, and 1-65. The bypass 1-440 produced the least pothole feedback.
That makes sense because the entire 1-440 was reconstructed in July 20213, In addition,
potholes happened considerably more often in the winter and spring. This makes sense
because numerous potholes occur after winter storms. Furthermore, with the pavement
repair work going on, the number of pothole complaints seemed to decline after March.

Results

STKDE and Hotspot Results
STKDE is carried out for each route using the bandwidths selected by the maximum

2 “Waze for Cities” program: https://www.waze.com/wazeforcities.
3 1-440 Reconstruction Nears Completion, https://www.tn.gov/tdot/news/2020/6/23/i-440-
reconstruction-nears-completion.html.

19



Bird view of Pothole report distribution in Nashville, TN

Nash /il

@ West of 1-40. MM @ 1-24 in Central

) » )
(192-194), Nashville, MM(46- © Central Nashville odJS“l;‘Cl"gl of I-6 © Junction of I-40 and
Log-mm (0-2) 48). Log-mm (13-15) and SR-159 1-24
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log-likelihood cross-validation method. As an example, Figure 6 shows the
spatiotemporal likelihood of pothole occurrence for 1-40 westbound in Nashville. The
optimal temporal bandwidth is 24 days, and the optimal spatial bandwidth is 0.04 miles
(see optimal parameters in Table 3). This implies that Wazers report the potholes
frequently in hotspot areas within 48 days (it is twice the bandwidth as the kernel is a
symmetric Gaussian kernel). On the other hand, the spatial variation of pothole reports in
hotspot areas tends to be narrow, spanning 0.08 miles in two directions. In addition, the
STKDE also illustrates the spatiotemporal pattern of pothole occurrence. For instance, in
the west of 1-40 (from log mile 5 to 10), the pothole probability from February to the end
of June is considerably greater than in other areas and other periods. It is worth noting
that the STKDE also predicts the probability of pothole occurrence for unobserved areas.
This potentially mitigates the bias that users have a different tendency of reporting
potholes in different areas and traffic situations. Besides the findings stated above, we
should also note the limitations of the proposed method. It can be seen that pothole
density is not estimated everywhere (see red points without contours). This is because the
bandwidths we estimated are fixed at all locations and times, which is not compatible
with long-tailed distributed and spurious noise data (53). An adaptive spatiotemporal
kernel approach that changes bandwidths locally (54) could be a worthwhile study in the
future.

Table 3 summarizes the bandwidth and estimation error for the study’s routes. It
is observed that pothole hotspots exhibit spatial and temporal heterogeneity. For example,
a pothole hotspot on 1-440 Westbound could be observed by Wazers within about 114
days (about twice 56.87). This suggests the expected time from the request to repair the
potholes on 1-440 Westbound seems to be much longer than that for other routes. By
contrast, the 1-24 Westbound had the smallest temporal bandwidth, indicating that
pothole reports were concentrated in a short period and the corresponding repair was also
prompt. In terms of spatial bandwidth, the 1-440 has the largest spatial bandwidth,
implying pothole reports are sparsely distributed. In contrast, 1-24, 1-40, 1-65, and SR-155
generated a much smaller spatial bandwidth, suggesting evidence of pothole clusters.

Figure 7 shows the average lifespan of pothole hotspots, aggregated to the mile,
as identified by STKDE. The color of the segment indicates the average lifespan of the
hotspots in that mile, with red being the longest and green being the shortest. Compared
to road segments in the peripheral area, the road segments near the center of the city
appear to have denser pothole clusters, but with shorter lifespans. For instance, the east
side of the city bypass SR-155, the west of 1-40, and the south of 1-24 in the peripheral
area have longer-lasting pothole clusters of over 160 days. By comparison, pothole
hotspots located along 1-24, 1-65, and 1-440 around the downtown area disappear sooner,
typically in less than 100 days. Moreover, pothole hotspots tend to cluster near highway
junctions such as 1-24 and 1-65, 1-65 and 1-440, and 1-24 and 1-440. These areas have
more lanes, more lane changes, and bear heavier traffic than mainline segments
elsewhere.
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Probability Density of Potholes

Log mile of 1-40 Westbound in Nashville, TN

Figure 6. Sample STKDE results (I1-40, Nashville, TN).

Table 3. Optimal bandwidth selection and estimation error

Route Temporal Bandwidth h,  Spatial Bandwidth hy IMSE

I-24 W 18.90 0.08 0.0017
I-24 E 19.85 0.04 0.0022
1-40 W 23.70 0.04 0.0021
I-40 E 24.46 0.04 0.0022
I-65 S 25.71 0.10 0.0014
[-65 N 24.05 0.05 0.0021
1-440 W 56.87 0.75 0.0003
1-440 E 48.05 1.54 0.0003
SR-155 W 35.79 0.05 0.0018
SR-155 E 31.33 0.05 0.0018
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ST-DBSCAN Results

The optimal spatiotemporal bandwidths generated by STKDE were applied for the
thresholds of ST-DBSCAN (see Table 3). First, we demonstrate the pothole detection
results on 1-40 westbound as an example. As shown in Figure 8, the pink polygons are
the identified clusters from the pothole reports (i.e., light blue scatter points). Pothole
work requests and work records from the PMS system were added for reference. Each
vertical dashed orange line represents a request for manual spot patching, and each
vertical solid green line denotes a request for resurfacing. Each dashed purple line
represents a manual spot patching repair conducted in the field, and a solid dark blue line
marks a pavement resurfacing activity.

As Figure 8 shows, the shape of pothole report clusters (i.e., pink polygons)
reveals two types of potholes in the first left half of 2021: single isolated spots and
pothole zones. Figure 9 exemplifies two types of potholes in the real world. The single
isolated spots are short in length, with a certain distance from other potholes. However,
they may last for a long time. These potholes tend to show up in the city’s peripheral
areas. For instance, many slender clusters were detected from the log mm 0 to 8. These
clusters cover a prolonged period from early February to the end of June while they are
quite concentrated on a short stretch of the road. The pothole zones have comparatively
large vertical spans, in the figure, which suggests the potholes are distributed in a
longitudinal, and perhaps continual (but not continuous), fashion, along a length of road.
These strings of potholes form what we call pothole zones. For this study, a pothole zone
is recognized in the case when the longitudinal span of a pothole report cluster is greater
than 0.21 miles. This critical value is suggested by the 80" value of all clusters’ length,
representing the relatively long reporting area. For instance, a pothole zone exists, per
WAZE reports, from log mile 13.1 to 14.1 as the red bar to the left of the scatter plot
indicates. A pothole zone suggests a cluster of significantly deteriorated pavement
conditions that causes uncomfortable, or even unsafe, local driving experience.
Therefore, Wazers are more likely to make the effort to report the potholes in such areas.
The identification of a pothole zone thus supports, if not triggers, the decision to repair
the pavement. According to the state DOT record, pavement resurfacing between log
miles 12.5 and 13.5 was requested on March 23, 2021, as the solid green line shows. This
request however was trailed by the earliest reports (i.e., February 27, 2022) by concerned
Wazers by many days. Two weeks after the request (i.e., April 6, 2021), pavement crews
started to resurface the stretch between log mile 7.4 and 13.2 (see solid blue lines) which
covers the pothole zone area. The subsequent Waze pothole reports, after the resurfacing
effort, indicated persisting potholes near the beginning and the end portions of the newly
resurfaced roadway segment. This might be because the resurfacing project was
conducted intermittently for two months to resurface the entire region, as we can see that
pothole reports drastically reduced starting from June 1, 2021.

Furthermore, when comparing the work request and potholes, it is found that the
work request intersects many clusters during pothole seasons, and they fall behind the
earliest report (i.e., the left-most point of the pink polygon) in the cluster. Most of the
work requests were made in the middle of February, although there have been pothole
complaints starting earlier in January. This suggests the superiority of Waze’s earlier
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detection of potholes. The pothole patching work promptly responded to the pothole-
dense areas (i.e., log mm 6-20), which are close to the central part of Nashville. By
contrast, the boundary areas (e.g., log mm 25-30) seem to get no attention as no work
activities were found while multiple work requests have been repeatedly made.

During the pothole off seasons, Waze pothole reports also identified potholes
where no work requests or repair records were found for the proximity. Such cases
include log mm 0.2 in September and December, log mm 28.1 in August and September,
and so on. It should be noted that ST-DBSCAN may also fail to identify a pothole due to
insufficient data (e.g., pothole reports) like all clustering techniques. As vividly shown in
Figure 8, several spot patching works were requested in August from log mm 6 to 14, yet
no pothole report clusters were found there, but sparse pothole reports were presented
there.

Figure 10 shows the active potholes identified by ST-DBSCAN along the study
routes throughout the year 2021. 1-40 W consistently has the most potholes with over one
pothole per mile active every day in March. 1-440 Westbound and Eastbound generate the
least number of potholes and have the shortest period of pothole distress within the year
(e.g., from March to June). In general, the active potholes have drastically dropped since
the end of June, indicating the repair work was close to the end. Nonetheless, it should be
noted that there are still a few potholes present in the second half of the year, yet they are
not requested for repair.

Figure 11 presents the density plot of the lifespan of identified potholes from
pothole reports. Each violin plot shows the lifespan statistics in two directions of travel,
i.e., Nand S or E and W. The estimated density distribution is truncated at the maximum
and minimum values as the pothole lifespan must take on non-negative values. The three
dashed horizontal lines from top to bottom represent the 75", 501", and 25" percentiles of
pothole lifespan values, respectively. The density distribution curves are all right skewed
and their median (50" percentile) values suggest that half of the potholes exist for more
than two months. Because of the complete reconstruction of the entire 1-440 in July 2021
as mentioned in the data description section, there were too few potholes detected on I-
440 in 2021 to form a density distribution. With the all-new pavement, it is not likely to
come across many potholes in the short term. Except for 1-440, the pothole lifespan lasts
from a few days (e.g., 10 days) to almost one year (360 days). While some potholes are
repaired promptly, a few of them are not for a long time.

Another finding shown in the violin diagram is that pothole lifespans are different
for the two travel directions of the same roadway. For example, the median pothole
lifespan for the 1-24 north direction is about 25 days shorter than that for the south
direction. On the one hand, this indicates a prompter response/repair for 1-24 north
direction than south direction. On the other hand, it suggests potholes distributed
concentratedly in the north direction of 1-24 so that a pothole patch request and field
repair work can cover many potholes at once.

Prior Waze evaluation studies have seen that Waze reports can capture a certain
fraction of incidents recorded by official sectors and potentially contribute to the
incidents outsides the official database (12; 13; 55). Likewise, this study creates five
metrics for evaluating the Waze pothole reports based on the ground truth data from PMS
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system:
1. Detection-to-Request (DR): number of Waze pothole report clusters
dropping into patching requests.
2. Failure Detection (FD): number of patching requests without proximate
Waze pothole report clusters.
3. Complement-to-Request (CR): number of Waze pothole report clusters that
are not intersected with any patching requests, which is also known as
Wazers’ possible contribution (55).
4. Detection-to-Request Rate (DRR): rate of DR to total patching requests in
the PMS system.
5. Complement-to-Request Rate (CRR): rate of CR to total patching requests in
the PMS system.
Notice that pothole patching requests in PMS are made non-directionally. Hence, the total
requests represent the number of patching requests for either a single direction or both
directions. As shown in Table 4, DRR varies across the routes. Over 80% of potholes
could be found by Wazers on 1-40, followed by 1-24 of which DTRR is 66.7%. By
comparison, 1-65 produced lower DTRR, which is 42.5% and 6.7%, respectively. This
might be because Wazers tend to be less likely to report potholes on corridors with sparse
potholes where their driving experience is not significantly affected by poor pavement
conditions. In addition, it should be noticed that the DTRR of 1-440 and SR-155 exceeds
100%. This is because there must be a fraction of requests relating to both directions. In
addition, it is found that Waze pothole reports can potentially contribute to extra potholes
that are not in the PMS system, these potholes need further confirmation though.
Nonetheless, CRR reveals that Waze pothole reports made the highest contribution to
discovering unnoticed potholes on SR-155, followed by 1-65, 1-24, 1-40, and 1-440.

Discussion

This paper presents a framework of pavement pothole likelihood mapping and pothole
detection using crowdsourced pothole data. This work intends to provide pavement crews
and decision-makers with a cost-effective way to continually monitor the pavement
health and locate the potholes accurately. The convention of hotspot identification is
usually applied for confirmed events (41; 43; 46) or pavement distresses (19). Existing
spatiotemporal hotspot identification approaches such as the fuzzy C-means-based
method proposed by Martino et al. are subject to the selection of clusters (56). Relatively
speaking, the STKDE approach applied in this study is more data-driven, without
predefining any parameters based on domain knowledge. Unlike conventional studies,
this study first conducted the hotspot analysis based on crowdsourced reports. False
reports might have effects on the hotspot’s location and duration. However, in a density-
based framework, the frequency of false reports is not sufficient to make a prominent
cluster unless many users make the same mistakes at the same locations, which is not
possible in the real world. Although the redundant reports are related to traffic exposure,
it is always true that a pothole hotspot would have multiple reports within a period. On
the other hand, there is a possibility that pothole hotspots exist in areas with low reporting
of potholes and low traffic volume.
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Table 4. Pothole detection results
Routes DR FD CR Total Request DRR CRR
24 W 44 o1 19 135 66.7% 20.7%
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1-40 W 75 117 12 192 81.8% 14.6%
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SR-155 E 101 10 24 ' '
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Nonetheless, pavement distresses were found to be highly associated with traffic
exposure in prior studies (57-59). With this said, low-traffic areas (e.g., rural areas) suffer
pothole depression less frequently than high-traffic areas (e.g., urban areas). Compared
with the study that used the data from Long-Term Pavement Performance (LTPP)
program (19), the Waze reports might miss the pothole hotspots in these low-traffic areas,
yet the Waze-reports-based approach can potentially increase the frequency of pavement
monitoring. In addition to traffic exposure, Wazers’ reporting behavior is another
uncontrollable factor leading to missed potholes, especially single-isolated potholes.
Compared to consecutive potholes or pothole zones, Wazers may not experience similar
levels of discomfort with isolated potholes, and they are less likely to report them. The
non-clustered points that represent sparse or isolated pothole reports in Figure 8 seem to
support this observation. Hence, understanding Wazers’ reporting behaviors in future
studies may help extract more information from Waze pothole reports.

Likewise, the core of pothole detection is density under the crowdsourcing
context. A pothole is recognized only if a designated number of pothole reports are
observed within an interval and distance. Therefore, false reports that are distributed
sparsely are discarded in the clustering. Like pothole hotspot identification, traffic
exposure might affect the quality of pothole detection. However, the difference is that a
single isolated pothole cannot form a pothole hotspot. We believe that there is an
association between the pothole hotspots and identified potholes whereas this association
is not compared in this study, as the goal of this study is to extract useful information
from the pothole reports for pavement management and maintenance.

Limitations

There are a few limitations in this study. First, the pothole report is the only option for
pavement conditions. Wazers, who are mostly unfamiliar with pavement distress
terminologies, might attribute any and all discomforting pavement distresses, such as
cracks and ruts, as potholes. In other words, the term “pothole” as reported by Wazers
and subsequently employed as the source data in this study, may or may not fit the
traditional definition by pavement distress studies. Second, traffic exposure and Waze’s
market penetration affect the frequency of reports, which implicitly impacts the density
of STKDE and the identification of potholes. For instance, rural roadways typically see
lower traffic volume per hour per lane than urban roadways, resulting in a much lower
number of reports or even non-reports for each pothole.

Conclusion

Compared with the conventional pavement method used for pavement condition and
distress identification, Waze’s crowdsourced pothole reports vastly expands the means of
identifying pothole in a cost-effectively and timely manner. Since potholes occur not only
on aging roads but also during the storm seasons, dynamic algorithms are needed to deal
with different pothole-occurring patterns. In this study, we demonstrated two density-
based approaches in utilizing Waze’s potholes reports. One algorithm named STKDE,
identifies the pothole hotspots. The other one named ST-DBSCAN focuses on detecting
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potholes given optimal bandwidths from STKDE. The proposed density-based methods
effectively eliminate the common concerns in Waze data application which are
redundance and unreliability. In summary, the main implications of this research include:

1. This pothole hotspot study highlights when and where potholes are likely to
occur. Decision-makers and crews can plan and prioritize maintenance for these
vulnerable areas accordingly.

2. The estimated likelihood of pothole occurrence can be applied to pavement
condition evaluation and monitoring. Compared to the annual pavement distress
detection approach from TDOT, this crowdsourced Waze data provides a cost-
effective way for agencies to monitor pavement conditions more rapidly,
frequently, and widely.

3. The early and precise detection of potholes could facilitate pothole repair
efficiency, thereby reducing crash risk and property damage to drivers.

4. The clustering results also generate two types of clusters: the single spot and the
pothole zone. This information could be used to help pavement crews decide on
spot patching or resurfacing.

5. Identified potholes complement the PMS work request and save the labor and cost
of inspecting the pavement at regular intervals.

Using Nashville city as an example, this study attempts to mine crowdsourced
Waze reports for better pavement management and maintenance. Inevitably, regional
differences such as demographics, economics, the density of networks as well as
pavement conditions would affect Wazers’ reporting willingness and frequency. Hence,
future studies could implement the proposed models to compare the effectiveness of
pothole detection for different cities. Furthermore, like existing studies that evaluate the
impact of environmental factors on incident detection rates (55; 60), future studies could
also investigate the relationships between the pothole detection rates and environmental
factors as aforementioned. Moreover, future studies could compare the effectiveness of
the proposed solution of this study with the existing approaches that are based on
accelerometers and images, extensive data collection and preparation for existing
approaches are needed though.
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CHAPTER I1. DISCOVER SPATIOTEMPORAL HETEROGENEOUS
EFFECT OF POTHOLES ON FLAT TIRE INCIDENTS
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A modified version of this chapter was presented by Yangsong Gu at the 2023 TRB
annual meeting.

Abstract

Potholes are a nuisance, and they can threaten personal safety and damage property. This
study attempts to untangle the association and causality between potholes and flat tire
events. To this end, the study collected pothole data from crowdsourced Waze reports
and extracted flat tire events from incident operation notes. Considering the spatial and
temporal variations of potholes and flat tire incidents, a Geographically and Temporally
Weighted Poisson Regression (GTWPR) was developed to investigate the spatiotemporal
association between potholes and flat tire frequency. Also, we established a Poisson
Fixed Effects Regression model (PFER) to make causal inferences for flat tire frequency.
The PFER model fixed the space and time effects to account for unobserved
heterogeneity across segments and study periods. The GTWPR model reveals that
pothole frequency is positively correlated with flat tire frequency. The potholes in the
central city and interchanges of highways are found to have a higher association with flat
tire frequency than in other areas. Besides, the flat tire frequency is most strongly
correlated with potholes that outbreak during the winter months. Further, the PFER
model substantiates that an increment in potholes can significantly cause more flat tire
incidents. Despite accounting for spatiotemporal heterogeneity, the PFER and GTWPR
models differ in their strengths: the PFER model is better suited for making causal
inferences, while the GTWPR model can provide a more comprehensive understanding
of covariates and achieve higher predictive performance. The findings of this study
recognize tangible connections between how pavement conditions trigger flat tire
incidents, and they can pave the way towards prioritizing infrastructural investment
decisions related to roadway maintenance.

Introduction

Pavement potholes have always been a nuisance to road users. According to a survey
about pothole-related complaints in the past 17 years (before 2022), Tennessee is ranked
8" in states with the worst pothole problems (3; 4). Besides, as American Automobile
Association data estimated, drivers nationwide spend nearly $3 billion a year fixing
damage to punctured tires, bent wheels, and broken-down suspension systems (5).
Therefore, it is necessary to assess how pavement potholes trigger flat tires so
maintenance crews can respond better and reduce the property loss of car owners.

A pothole is a bow-shaped depression in the pavement surface that has a certain
depth and width. When a vehicle hits a pothole, the sudden air shift inside the tire can
cause the sidewall to blow out (61). To make matters worse, potholes may not be visible
to drivers when driving fast, exacerbating tire puncturing likelihood (62). Hence, a
hypothesis can be made that the more potholes on a roadway, the higher chance of tire
punctures. While potholes are not a single reason for flat tires, others including sharp
objects on the road, heat, wear and tear, and improper inflation can also damage tires (see
summary blog (61)). Therefore, we cannot exclusively claim that potholes directly cause
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flat tires, as unobserved environments and unmeasured individual characteristics can
implicitly or explicitly cause flat tires.

Currently, the data collection of pavement potholes is largely dependent on
advanced laser trucks, accelerometers, or image processing. However, employing these
techniques to gather information on pavement potholes frequently and across a wide area
can be costly and requires significant labor efforts. In the past decade, the Waze
navigation app has come into vogue as it provides crowdsource-based data via collecting
and sharing real-time traffic information. When using the Waze app while driving, users
can report various traffic incidents such as crashes, traffic jams, and weather conditions,
as well as the pothole reports used in this study (63). Waze reports are not limited to the
location and time since users can report incidents wherever and whenever they are, which
enables researchers to monitor pavement conditions widely and frequently. However,
previous studies on Waze have identified two limitations of Waze reports, which are
redundancy and uncertainty. These limitations arise because multiple users may report
the same incident, and some users may submit false reports based on their perception of
the incident (64). Therefore, Waze reports need to be exploited with caution. As of now,
Waze reports such as accident and jam reports have been used to estimate queue length
(10), identify secondary crashes (48), evaluate the level of service (65), estimate safety
performance (66), and so on, yet the application of pothole reports has been not explored.

The distribution of potholes varies both spatially and temporally. For one thing,
pavement distress differs across space as traffic volumes vary from place to place (67).
For another thing, pavement conditions are associated with a seasonal pattern affected by
weather, temperature, precipitation and freeze-thaw, and water table depth that varies
from different seasons (68). The flat tire events caused by potholes have not been well-
studied yet. If potholes are linked to flat tire incidents to some extent, then flat tire
occurrences are expected to exhibit comparable spatial and temporal features. Hence, to
untangle the potential relationship between potholes and flat tire events, both spatial and
temporal characteristics should be considered.

This paper aims to examine the association and causality between potholes and
flat tire incidents using Waze crowdsourced reports and incident operation notes from the
Tennessee Department of Transportation. Specifically, the goals of this study are to:

1. Propose a Geographically and Temporally Weighted Poisson Regression model
(hereafter GTWPR) to uncover the correlation between potholes and flat tire
frequency.

2. Identify the causal relationship between potholes and flat tire frequency through a
Poisson Fixed Effects model.

3. Evaluate the spatial and temporal variation of potholes' correlation with flat tire
frequency.

4. Compare the above two-panel data processing techniques in capturing the spatial
and temporal effects.

The remainder of this paper is organized as follows. The next section reviews
previous related work. Then, the methodology section elaborates on the proposed models
for achieving the research goals. The model is evaluated and discussed in the Results
section, followed by the limitations and conclusion of this study.
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Literature Review

To the best of the researcher’s knowledge, this study is among the first to investigate the
causal effects of potholes on flat tire events. Previous studies about flat tires emphasized
the design of resistant tires (69; 70), yet the cause of flat tires from the built environment
remains unknown. Therefore, this review section is centered around three topics:
summarizing previous studies in examining the impact of potholes in traffic, modeling
frequency data (e.g., flat tire frequency) by count model, and causal inference model.

Pothole impact studies

Pavement potholes and other pavement failures are a nuisance to drivers. They can
puncture tires or bend wheels and cause accidents. Several researchers have investigated
the relationship between pavement surface conditions and vehicle crashes.
Anastasopoulos and Mannering found that various factors relating to pavement
conditions and quality, such as effects of friction, the international roughness index,
pavement rutting, and pavement condition rating, can significantly influence the
occurrence of vehicle accidents (71). Al-Masaeid studied the impact of pavement
conditions on single and multiple-vehicle crash frequencies in rural areas. The results
suggest that an increase in the international roughness index (IR1) level or a decrease in
the present serviceability rating (PSR) would reduce the single-vehicle accident rate.
However, the higher IRI level would increase the multiple-vehicle accident rates (72).
Some other studies also pointed out the impact of pavement conditions on crash severity.
A study conducted by Zeng et al. found that good pavements could reduce fatal and
injury crashes by 26% compared with deficient pavements. Deficient pavements are
evaluated by pavement cracking, patching, potholes and cutting, and bleeding (73). A
study by Lee et al. in 2015 showed that poor pavement condition decreases the severity of
single-vehicle collisions on low-speed roads while it increases the seriousness on high-
speed roads. In their study context, poor pavement condition was categorized as large
potholes and deep cracks and discomfort at slow speeds. In summary, previous studies on
the relationship between pavement conditions and traffic incidents still look at crash
occurrence or severity. However, poor pavement conditions could cause other traffic
incidents, such as disabled vehicles and road debris hazards. In these areas, there is no
relevant research in the literature.

Modeling Count Data

Normal regression models can be used to discover the association between potholes and
flat tires. Considering the outcome (i.e., number of flat tires) is count data, the Poisson
Regression (PR) (74) is preferred as the baseline model. PR models the logarithm of a
count variable (e.g., flat tire frequency) as a linear combination of explanatory variables.
Therefore, the model would only generate non-negative prediction values. In
transportation studies, PR has been widely used for crash frequency estimation (75; 76)
and fatalities estimation (77; 78). However, recent studies in transportation found that
spatial dependence is a crucial element in their factors to explain traffic incidents. Thus,
PR has been improved by geographically weighted models, that is, geographically
weighted Poisson Regression (GWPR). Studies found that the GWPR model outperforms
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the standard PR model in terms of model predictive performance and interpretation in
spatial heterogeneity (79-81). Nonetheless, some built environment factors, like weather
and traffic volume, have seasonal patterns. Such temporal change can potentially
influence traffic incidents as well. Therefore, some researchers attempted to incorporate
the temporal effect into their count model. For instance, Liu et. al. proposed the
geographically and temporally weighted ordinal logit regression (GTWOLR) to estimate
pedestrian injury severity. Mohammadnazar et. al. applied the Geographically and
Temporally Weighted Negative Binomial Regressions (GTWNBR) to estimate the crash
frequency on roadway segments and found that the coefficients of explanatory variables
vary substantially in space and over time (82). They found the model's predictive
performance was improved after incorporating the temporal effects as the geographically
and temporally weighted model captures both spatial and temporal variation. Hence, it
can be employed for panel data* analysis to highlight how group level (i.e., spatial unit or
location) and temporal (e.g., days, months, years) distinction make a difference in
outcomes.

Making Causal Inference

Modeling causal effects is a challenging task. The causal effect, causality for shorthand,
means outcome events y happened as a consequence of x. The causality is beyond the
correlation in which the causal inference requires x must happen before y and the relation
between x and y must not be interpreted by other causes (84). Notably, other latent causes
could be unidentified or unobserved, while they might be the true cause for change x and
y (85). In the literature, there are several approaches widely applied in the transportation
field. Glass developed a time series quasi-experiment to investigate the reduction of
traffic crash fatalities concerning the police speeding crackdown (86). Li et al. applied a
Difference in Difference (DID) model to study whether introducing a road congestion
charge has an impact on the incidence of road causalities (87). Choudhary et al. employed
a structural equation model (88) to analyze the direct and indirect impact of distracted
driving on crash risk. Wagenaar et al. reported on the effects the campaign “Communities
Mobilizing for Change on Alcohol” had on arrests and car crash through a randomized
control trial method. The essence of the model is that experiments randomly assigned the
communities to intervention and control groups so that the environmental characteristics
(except for the factor of interest) of groups would be approximately alike between the
two groups (89). Nevertheless, most approaches require treat-control or before-after
comparison groups, which is unsuitable for panel data with more groups and periods.
However, Panel data is quite common in the transportation field. For instance, the traffic
incidents collected in different states across the years are reported as a form of panel data.
To infer the causality of panel data, fixed effects models could be useful as they can
remove the effects of confounding variables and unobserved factors by controlling for
individual-specific characteristics that are time-invariant. This can isolate the causal
effect of the independent variable on the dependent variable(90). In an earlier study,
Kaplan used a Poisson Fixed Effects Model to investigate the causality between reduction

4 Panel data refers to the data that are collected across sections and across time. Hence it is possible to
use prior and current data to make causal inference (83).
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of the number of alcohol-related accidents and fatalities and the legal blood alcohol
concentration limit policy (74).

Identifying Research Gaps

Many researchers have looked for causes that explain or prevent traffic incidents. The
traffic incidents data aggregated by geographical unit (e.g., county) and period (e.g., a
month) essentially are panel data. The panel data requires the researchers to consider both
spatial and temporal variation, which entails a complex modeling process. Of the studies
summarized above, most of them focused on the association between pavement distress
and crash. Flat tires, as a type of disabled vehicle, have not been given much research
attention yet. Besides, the cause of flat tires in previous studies remains unnamed. When
confounding factors are present, it can be challenging to explain the causal relationship of
flat tire frequency with other factors that may exhibit similar trends. Moreover, the prior
studies were conducted in a single direction, taking either correlation or causal inference
analysis, whereas the comparison between these two types of panel data analysis is
relatively few.

Methodology

This section explains the method used to reveal the correlation and causality between
potholes and flat tires. Since flat tire frequency is a count data type, Poisson Regression
(PR) is used as a start-up model. After that, two extensions of Poisson Regression,
namely, GTWPR and Poisson Fixed Effects Regression (PFER) are developed with panel
data.

Poisson Regression

In the Poisson regression model, the probability of occurrence of flat tires n; at a
location, i can be formulated as:
ni

Ajtexp (=A) ®
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where A;is the average flat tire related to a series of exogenous factors at the location i.

The merit of Poisson Regression is that it transforms the count data regression in a

logarithm manner so that the regression can always describe the non-negative response

variables. The Poisson Regression is written as:

In(2;) = Bo + BrXi + & ©
where X; denotes the explanatory variables, 3, is the intercept and S, is a vector of the
estimated coefficients for explanatory variables. The error term &; follows the distribution
N(0,0?) and it is independent of explanatory variables.

The parameters S, and g, are estimated through the maximum log-likelihood method:

LYis Bos Bi) = — Lig ePoPXi+ Ty yi - (Bo + BiXi) — Zitqlog (i) (10)

Geographically and Temporally Weighted Poisson Regression
Model fundamentals

P(n;) =
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The spatiotemporal dependency should be modeled appropriately because both flat tires
and potholes could have spatial and temporal variation. To this end, this study employed
Geographically and Temporally Weighted Regression to test if the influence of covariates
substantially varies across space and time. Essentially, GTWPR is extended from GWPR
by incorporating temporal non-stationary. The fundamental GTWPR can be expressed as:

k
In (2) = oo, Vet + ) Bty i, )Xo + & (11
k=1

The parameters S, (u;, v;, t;), Br (u;, v, t;) can be estimated through weighted maximum
log-likelihood as written in Equation (12). It is worth noting that GTWPR estimates
parameters locally so that they are dependent on the location (u;, v;) and time t;.
Therefore, the spatial and temporal effects can be jointly captured.

1BCus, vi, t); yi) = — T {ePvitXi 4y (B(uy, vy, tDX) — log (viDIw(dy)  (12)

w(d;;) is a function that transforms spatiotemporal distance between individuals into
weights. GTWPR gives more importance to the neighboring observations of location i
than those far away from location i. Each observation has a 2D location (i.e., latitude and
longitude) tag and a time tag (i.e., month), thus the distance of individual (u;, v;, t;) and
(uj, v;, tj) can be quantified by Equation (13). A graphical illustration of spatiotemporal
distance in the sphere is depicted in Figure 12.

diy = d Qi vo ), (w3, 5)) = V/a57 + B2 13)

The shortest path distance between observations As is calculated as it measures the
reachable distance between observations, which is more practical than the commonly
used Euclidean distance in existing studies (91; 92). Besides, the temporal difference is
elaborated as the month is cyclical regardless of the year. For example, the temporal
difference between two flat tire events that happened in January and December should be
1 instead of numeric (i.e., 11). Mathematically, the temporal difference between month

t; and ¢t; is calculated by:

12—t -t iflty—6]>6
Previous studies have shown two weighting schemes: fixed bandwidth and adaptive
bandwidth. The fixed bandwidth applies a certain distance to query the nearest neighbors
while the adaptive bandwidth queries a certain number of nearest neighbors instead of the
fixed distance. Considering the radial network shape of study routes, the adaptive
bandwidth is employed to ensure the minimum required observation for model inference.
As for kernel function, this study employed the Gaussian kernel (see Equation (15)),
which is the most popular kernel, to compute the decaying weight for neighbors from
near end to far end. The weight matrix is a diagonal matrix, with diagonal elements being
the weight.

(14)

4
. — o 2h3
Wij(dl'j' hST) =e ST

(15)
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where Wi}"TT with superscript ST denotes the spatiotemporal weights, and hg; corresponds

to the spatiotemporal bandwidth that covers hg; observations. Notably, the hgy is the
conflated bandwidth for space and time. Previous studies have suggested incorporating a
scale parameter to balance spatial and temporal distances (91; 93), but this approach
necessitates additional effort in parameter tuning. In contrast, the current study proposes a
simpler method in which both spatial and temporal differences are normalized to a range
of 0 to 1, ensuring comparability between the two. Additionally, the spatiotemporal
distance corresponds to hg; observations will be scaled down.

Tunning bandwidth and scale parameters

The spatiotemporal bandwidth influences the weights and further affects the model
inference and predictive performance. In previous studies, the bandwidth is specified by
domain knowledge (82; 92), which would not always be justified in different scenarios.
To optimize the predictive performance of GTWPR, the spatiotemporal bandwidth
should be calibrated from the data itself. This could be accomplished through cross-
validation with target performance measurement. In this study, AICc is selected. AICc is
modified from the Akaike Information Criterion (AIC) by adding the sample size as a
penalty to correct the issue of overfitting of AIC when the sample size is small and
unobserved heterogeneity is present (94). The objective of cross-validation with AICc can
be expressed as:

héT = argmin AlCc =f(l, n,k, hST) (16)
hSTE[hl'hu]
AlCc = =2l(hgr) + 2k + —2:_(’,(:) (17

where h; and h,, denote the lower and upper bound of spatiotemporal bandwidth hgy. L is
the abbreviation of the log-likelihood of the fitted model. n is the number of observations,
and k is the number of parameters estimated in the local PR model.

Spatial non-stationary diagnosis

The GTWPR method can uncover local factors that are associated with the frequency of
flat tires, but these factors may not exhibit significant spatiotemporal heterogeneity due to
the influence of unobserved factors related to space and time. If no spatiotemporal
heterogeneous effects are present, the local model is generally on par with the global PR
model. In earlier studies, the test was made through the Monte Carlo framework which
performs a local model on the data in which the location coordinates are randomly
permuted. Thus, the variance of parameter estimates concerning location variation can be
estimated. However, this approach is computationally demanding and time-consuming
because the model must optimize the parameters every time the locations are shuffled. In
recent studies, researchers proposed a simpler approach to compare the statistics of
estimated parameters to suggest a significant variance. Referring to their studies (82; 92),
the non-stationarity test is conducted for each variable by comparing the lower quartile
(25" percentile) and upper quartile (75™ percentile). For each explanatory variable, the
interquartile range (IQR) is computed and compared with 1.96 times of standard error
(i.e., S. E.) of parameters (see Equation (18)).
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IQR
— ﬁupper

‘ (18)

lower {> 1.96 S.E.and max|z| > 1.96, Non — stationary test is passed
otherwise, Non — stationary test is failed

Poisson Fixed Effects Regression

Although GTWPR can uncover the spatiotemporal correlation between flat tires
and potholes, it is not capable of determining the causality between the two. Causality,
more specifically, means whether potholes cause flat tire incidents. In the regular PR and
GTWPR regression, this causality cannot be justified firmly as other unmeasured
covariates such as heat, and road hazards could also contribute to flat tires. In the absence
of controlling for or eliminating the influence of these unobserved confounding factors, it
is likely to generate misleading conclusions. In the literature, regression discontinuity,
quasi-experiment, randomized controlled trial with factorial, and fixed effects models are
four major econometric techniques applied in causal inference. The first three approaches
typically include two periods or two groups in the experiment such as the before and after
the period, or pre-intervention and post-intervention, control group, and treatment group.
The fixed-effects model can deal with the panel data when we have multiple observations
of the same location over consecutive periods. This study implements the fixed effects
model with PR (i.e., Poisson Fixed Effects Regression, PFER), which is derived from the
linear fixed-effect model. While PR uses a nonlinear function (i.e., log), it is linear in the
exponent. It should be noticed that PFER is used because the number of flat tires is count
data, not because of the non-linearity of the causal patterns (90). The general two-way
Poisson Fixed Effects Model (PFER) ° for panel data (95) assumes that:

Eielxiq o) Xip, ;) = ePotXuPrtactiuitén — c.c ePotXih (19)

where the ¢; denotes the unobserved effect of individuals which is constant over time,
and c; denotes the time effects. S, denotes the parameter estimates of time-varying
covariates X;;. a; denotes time-fixed effects. y; is entity fixed effect that is constant
within each entity over time while it varies across the individuals, like pavement feat type
and age. &;; is the idiosyncratic, time-varying error term.

The parameters 8, and 8, can be estimated using the maximum conditional maximum
likelihood method (95), as shown by Equation (20):

N
L(Bo,Bi) = ) ) yielog [peCxi o, i) (20
i=1t=1
The y; = Yy,, follows the multinomial distribution conditional on n; = ¥.y;;, Bo, X;, ¢;, ¢¢, With
each probability term being:
c;cpePotXiPr eBotXitBi

Pe(Xi, Be) = CiCp Doy ePotXisPk B Yoo ePotXisPi

(21)

5> A two-way fixed effects model means both entity effects and time effects are fixed in the model
(88).
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Since the fixed effects of each group are constant over time, they can be canceled
out in Equation (21). Thus, akin to the differencing out effect in the Linear Fixed Effects
model, this approach can alleviate the effects of confounding variables without measuring
them directly, and it can even make causal inferences in the absence of random
assignment (90; 96; 97). The distribution of y;, given x;, and fixed effects ¢;, ¢, is
unrestricted and allows the overdispersion or under dispersion (74; 98). However, the
PFER model treats the groups individually so heterogeneity across individuals is allowed
(99).

Model Assessment Criteria

To evaluate and compare different models, four statistics metrics are employed to
measure the goodness of fit.
AICc is a corrected version of AIC beyond which the penalty is added to reduce the issue
of the effects of overfitting (100) for small-size data. The penalty comprises the sample
size and the number of parameters to be estimated. The AICc formula is introduced in
above Equation (17).
R-squared for Poisson model (R;Z;oisson) evaluates how well the model fits the data
using standardized residuals. A higher R} ;ss0n (With @ maximum of 1) indicates a better
fit. It is defined as (101):

R2 —1_ Yie (i — Y/ 22)

Poisson Z?=1(yi _ }—,)2/}7

Where y; and y, are the observed and predicted number of flat tire events at location i,
respectively. y is the average number of flat tire events.
Mean Absolute Error (37) quantifies the average absolute error between the predicted
value and the actual observation. It gives the same weight to the individual difference. A
smaller MAE indicates a better model estimation. It is defined by Equation (23).

MAE = =27 (23)
Root Mean Squared Error (RMSE) represents the square root of the average squared
difference between the prediction and actual value. Different from MAE, RMSE is

compatible with large errors and large variance of errors. Likewise, a smaller RMSE
suggests a better model fit. It takes the form:

n o2
RMSE = /M (24)

Data Description

Data Source

This study makes use of the operation notes from the Tennessee Department of
Transportation Highway Help Truck. The flat tire events are extracted based on keywords
such as “flat tires”, “tire change” and ‘ft tire’ on the operation notes. The pothole data is
obtained through pothole reports from Waze (63). Each report contains a unique user ID,

location (latitude and longitude), publication date, street description (e.g., 1-40 W), and so
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on. The duplicate reports, that is, with the same user ID and publication date, are dropped
before data aggregation.

Besides, the built environment factors are prepared to align with the previous
findings, reporting that there are six common causes of flat tires (102): sharp objects like
construction debris, bad road conditions such as potholes, and heat, which are collectible.
In contrast, factors such as wear and tear, tire age, valve stem leakage, and driving habits
are linked to individual drivers and are not easily obtainable. Therefore, this study
collected road conditions data (e.g., represented potholes), and weather condition data
from grid MET (103) (e.g., represented by temperature). Besides, serval factors that
affect the pavement conditions are also considered, as they would cause flat tire events
implicitly. Such factors are known as confounding variables, including pavement
maintenance, and pavement feat type (104) (see Error! Reference source not found.). T
hey are collected from the pavement maintenance system database. Please also note that
traffic volume may also be confounded with flat tire events and pothole reports, and
therefore, it is considered when normalizing the pothole reports. Traffic volume data is
collected from the radar detector system.

The study area includes interstate highways 24, 40, 65, 440, and state routes 6,
and 155 which constitute the backbone highway network of Nashville in Tennessee. The
study period covers from August 2021 to May 2022.

Data Aggregation

The goal of data aggregation is to segment the spatiotemporal data to create panel
observations for regression. The spatial resolution of segments plays a vital role in
correlation and causality analysis between flat tires and potholes. If the segment length is
too small, many segments will have zero or small flat tire counts, making statistical
inference invalid. In addition, Waze pothole reports tend to pop up downstream or
upstream of actual potholes due to Waze users’ (Wazers) perceptions and the potential
delay of reactions (64). This kind of spatial lag of pothole reports might cause a cross-
dependency on flat tires longitudinally. On the contrary, large segments tend to obscure
the correlation and causality as more uncertainties would be included. In view of these
perspectives, spatial data resolution is mainly suggested by the spatial accuracy of Waze
reports. One mile could encompass over 80% of Waze reports for the same event (13),
yet a necessary assumption is that other build environment factors are homogeneous
within each one-mile segment. The temporal data resolution is determined by the
research of interest, as we intended to look at the monthly patterns. Pothole report
frequency is associated with active Wazers on the road and is implicitly influenced by the
traffic volume. Waze pothole reports at each segment are normalized by the traffic
volume calculated by the average daily vehicles per section, which we call Density of
Waze Pothole Reports (DWPR) for simplicity®. Figure 13 demonstrates an example of
spatiotemporal aggregation of point data (i.e., flat tires, potholes) for 1-40. First, the
original data with latitude and longitude are projected to a linear referencing system.

6 Nonetheless, two assumptions still need to be made. One is that Wazers’ penetration is homogenous
on the network so using traffic volume to normalize reports is appropriate, and the other is that report
density is proportional to the frequency of actual potholes, considering the redundancy of reports.
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Figure 13. Illustration of spatiotemporal aggregation of point data (example of 1-40).
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Then the total number of flat tires and pothole reports are aggregated for each
spatiotemporal unit (one mile and one month), making up the panel data. After the route
segmentation is determined, other explanatory variables (e.g., pavement type) are
assigned to the segment based on the spatial conflation using Geographic Information
System tools.

Table 5 summarizes the descriptive statistics of dependent and explanatory
variables. The total number of segmentations is 1410. As shown in the table, on average,
there are 1.8 flat tire events at a one-mile length segment. The severest location is the
segment on which 13 flat tire events happened in a month. The average normalized
DWPR is 0.55 per vehicle per month. Noticeably, DWPR varies by segment substantially
as the standard deviation (i.e., 1.35) is twice as large as the average value. A such large
variance may reflect the uneven spatiotemporal distribution of potholes. The average
percentage of cars in AADT is 92.8%. The pavement maintenance data document the
resurfacing activities before the study period, and they are used as proximate indicators to
reflect the pavement repairment history. According to the data, 94.3% of the segments
had undergone resurfacing before the study period. Most roadway segments (88.1%) are
covered with asphalt pavement, while a smaller percentage is covered with concrete
(6.3%) or a combination of concrete and asphalt (5.6%).

Data Explanatory Analysis

As shown in Figure 14, the frequency of pothole reports and flat tire events on the study
routes varies by month. As expected, there are more pothole complaints during the winter
because of the increased frequency of snow and rainstorms. A similar seasonal pattern
was observed for flat tire events (i.e., orange bars). The occurrence of flat tire incidents
was higher during winter and spring compared to other seasons, suggesting a correlation
between potholes and flat tire events. Figure 15 shows the spatial distribution of flat tire
events and pothole reports of study routes. The frequency increases as the point gets
redder. The left figure reveals that potholes are frequently reported in the center of
Nashville, as well as in the areas south of 1-24 and 1-64. The north and south parts of SR-
6, which are in the city's peripheral area, do not receive any pothole reports during the
study period. The figure on the right indicates that a significant number of flat tire events
occurred in the central area of the city, as well as to the west of 1-40, south of 1-24, and
east of SR-155. There are certain locations where both high frequencies of pothole
reports and flat tires are observed, such as the central city area, as well as the areas to the
south of 1-24 and west of 1-40. This coincidence implies the spatial dependence of flat tire
events on the pothole.

Results

The model was prescribed to select the explanatory variables that lead to the minimum
AICc in the regular PR model. Then, the VIF (Variance Inflation Factor) was examined
for selected explanatory variables, and the results show the maximum VIF value <5,
which indicates that the selected variables do not have strong evidence of correlation
(105). Thereafter, the GTWPR model was built and solved in a Python environment, and
the PR and PFER models were solved through xtpoisson function in Stata software
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Table 5. Descriptive statistics of data (total observations:1,410)

Category Variables Mean Std. Min Max Tlmg-
varying
Dependent  Number of flat tires 1.8 21 0 13 Yes
Continuous Independent Variables
Time Month 65 38 1 12 Yes
indicator
Pavement Density of Waze Pothole
Failure Reports (reports/month/volume) 055 135 0 14.79 - Yes
Minimum daily temperature (°F) 7.6 76 -57 209  Yes
Weather Maximum daily temperature (°F) 199 7.0 6.8 31.3  Yes
Condition y temp ' ' ' '
Precipitation (mm) 456 203 125 947  Yes
Traffic Percent of Car in AADT (%) 928 06 91 93 No
Exposure Percent of Truck in AADT (%) 7.2 06 7 9 No
Categorical Independent Variables
Frequency Frequency
(=1) (=0)
Resurfacing (1 if the pavement is No
resurfaced at least one time, 0 1329 81
Pavement .
Maintenanc otherwise) . .
e Reconstruction (1 if the No
pavement is reconstructed at 419 991
least one time, 0 otherwise)
Pavement Asphalt (1 f yes, 0 otherwise) 1242 168 No
Feat Tvoe Concrete (1 f yes, 0 otherwise) 89 1321 No
yp Composite (1 f yes, 0 otherwise) 79 1331 No
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(https://www.stata.com/). The spatiotemporal bandwidth is 60 after parameter tuning.
Table 6 presents the estimation results for global PR, PFER, and GTWPR of which the
global PR is viewed as a baseline model. In the following sections, the modeling results
are described and discussed.

Global PR

The PR estimate results in Table 6 indicate that all involved explanatory variables -
except the “composite pavement type” - are statistically significant in explaining the
relationship to flat tire frequency. Several factors have a positive effect on the occurrence
of flat tires. For instance, one-unit additional DWPR contributes to a 9.5% increase in flat
tire frequency. High temperatures also appear to have a non-negligible impact on flat tire
occurrence. With the maximum temperature increasing by 10° F, the flat tire frequency
could increase by 9%. It should be highlighted that flat tires are more likely to happen to
passenger cars than trucks, as the coefficient is significantly greater than O (i.e., 2.364).
Moreover, it has been observed that flat tires are more frequent on concrete pavement,
resulting in a 32.4% higher incidence rate compared to asphalt pavement. By comparison,
composite pavement does not have an evident association with flat tire events (i.e., p-
value >0.1). The correlation between concrete and composite-type pavement supports the
existing opinion that asphalt pavement could create soft contact with tires and grip tires
better than concrete or composite pavement and a part of the cracked concrete pavement
of the road are more rigid and sharper than asphalt pavement (18). Roadway resurfacing
also correlates with flat tire incidents: a flat tire incident is 31.5% less likely to happen in
resurfaced areas than in un-resurfaced areas. It makes sense that resurfaced pavement is
more resistant to pavement distress.

PFER

The PFER model contains only two time-varying factors as other time-invariant factors
are constant and controlled within the individual segments to allow heterogeneity of flat
tire occurrences. The results suggest a significant causal relationship between potholes
and flat tire frequency, and a higher number of potholes significantly results in a larger
number of flat tire incidents. We also should note that the estimates of potholes in the
PFER are larger than the global PR model, which not only corroborates the association
between potholes and flat tire frequency but also indicates a more intensive causal effect.
The result shows that flat tire events will increase by 19.2% for one unit increase of
DWPR reports. Besides, higher maximum daily temperature could also cause an increase
in flat tire frequency, with a 10 °F increase in temperature associated with a 9% increase
in flat tire frequency. The temperature effect is consistent with the estimate generated by
the PR model.

GTWPR

For each factor, the mean, 25th percentile, and 75th percentile values are summarized,
and a spatial non-stationary test is performed. The results show that all factors except for
the composite pavement passed the test, indicating that the influence of covariates
exhibits significant spatial and temporal variability. The GTWPR model produces a lower
mean correlation of DWPR compared to both the PR and FEPR models, with one unit
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increase in DWPR associating with 7.2% more flat tire incidents. The DWPR estimate at
the 75" percentile is slightly higher than the estimate obtained from the PR model, but
still significantly smaller than that of the FEPR model. By contrast, the average effect of
maximum daily temperature is slightly overestimated in GTWPR compared to PR and
FEPR models. Although the average effects of other factors such as car proportion,
concrete pavement, and pavement resurface are close to the estimate from the PR model,
the 25" and 75" in GTWPR can reveal a smaller or larger correlation.

Figure 16 illustrates the spatial distribution of the coefficients that are statistically
significant at a 90% confidence interval. Each point represents the centroid of the
segment, and the color highlights the average effects: the redder dots, the higher
correlation, which is as opposed to greener points. Focusing on DWPR reports (Figure
16. a), it is observed that the coefficients are positive everywhere, which naturally
reflects that driving over pothole areas is exposed to a higher chance of puncturing
vehicle tires. Intuitively, the correlation of Nashville's central areas, as well as highway
interchange areas (e.g., I-40 and 1-65, 1-40 and 1-24, SR-155 and 1-40) are much higher
than other areas. One possible reason for this is that these areas experience a high volume
of daily traffic, which in turn increases the number of vehicles that are susceptible to
damage from potholes. As a result, it is crucial to carry out prompt repairs of potholes
that occur in these areas to reduce the harm caused to vehicles. Likewise, the temperature
is observed to have a significantly positive correlation with flat tires almost everywhere
except for the west of 1-40. It is worth noting that temperature has the highest correlation
with flat tire incidents on the northeast interchange area of bypass SR-155 and SR6, SR-
155, and 1-65, followed by the Nashville central area (Figure 16. b). Although the
temperature may not vary considerably across a city, the contemporaneous effect of
traffic load may amplify the association of temperature with flat tire events. A similar
spatial correlation pattern was observed for passenger car proportion, as Figure 16. c
shows. The coefficient takes the greatest around central Nashville, decaying towards the
city's peripheral area, which conforms to the fact that there are mainly commercial areas
in the central city. On the other hand, trucks are less likely to encounter flat tires than
passenger cars. Trucks are designed with heavy bodies and long travel suspensions that
can provide a smoother ride and more stability, which is likely why they are better
equipped to handle rough pavement than passenger cars. Figure 16.d shows the
distribution of the coefficients for pavement resurfacing. It is expected that resurfaced
pavement is associated with lower flat tire events for all significant estimates. The
coefficients reach the minimum in the interchange area of SR-155 and SR-6 and SR-155
and 1-65, indicating resurfacing pavement in these areas can comparatively gain a larger
benefit than other areas. It turns out that these interchange areas tend to be a sensitive
location for flat tires as we also notice that the design of concrete pavement in this area
has the largest positive association with flat tire incidents as compared to asphalt
pavement (Figure 16. e). Lastly, the composite pavement has a significantly negative
effect on flat tire incidents only at the interchanges of 1-440 and 1-65, and 1-440 and 1-24
which conforms to the fact that composite pavement is relatively employed in Nashville
highways as Table 5 shows. Hence, applying composite pavement in interchange areas
that carry heavy traffic may provide a more tire-friendly surface for passenger cars.
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Figure 17 shows the monthly variation of coefficients that are statistically
significant at a 90% confidence interval. The height of a rectangle box represents the
interquartile range of coefficients at a month. It is observed that many factors, such as
potholes, maximum daily temperature, and so forth, have a longish box, which further
corroborates their varying spatial effects on flat tire frequency. The median value of
coefficients, highlighted by the notch of each box, fluctuates across the month, reflecting
varying temporal dependency of factors. Potholes, car proportion, and pavement
resurfacing are associated with flat tire incidents every month, while temperatures and
pavement types are only found to be correlated with flat tire frequencies in specific
months. During winter seasons, freeze-thaw cycles coming aftermath of heavy snow or
rain can create many potholes, increasing the chance of hitting potholes. Therefore,
Figure 17. a reveals that pothole has a comparatively large association with flat tire
incidents during winter months (e.g., December, January, and February). It should be
noted that there is a significant correlation between pothole incidents and flat tire
occurrences during August. One possible explanation is that potholes that are not repaired
by pavement crews during winter may continue to grow and deteriorate over time, which
can cause greater damage to vehicle tires during the summer period. High temperature,
on the one hand, particularly during summer, can impact the air pressure inside a tire,
resulting in a potential blowout or leakage. On the other hand, high temperatures during
winter and spring can accelerate the melting of ice on the roads, which can cause the road
surface to heave and crack, thereby expediting the formation of potholes and increasing
the risk of flat tires. However, the study found that maximum daily temperatures had a
significant correlation only during the winter and spring seasons (see Figure 17. b),
supporting the latter point. Figure 17. ¢ gives the monthly variation of the coefficient for
car proportions. The correlation stays large before December and gradually decreases
since January. The reason is likely to be related to the fact that TDOT started resurfacing
and patching potholes at the beginning of January (106), which undoubtedly reduced the
pothole exposure to passenger cars. Following Figure 17.d, the coefficient for
resurfacing displays a monthly pattern that suggests that resurfaced pavement can offer
advantages in preventing flat tires, particularly during the winter season. This makes
sense as the resurfaced pavement is less likely to cause potholes again in the short term
and can provide an even and smooth surface for vehicle tires. Figure 17. e indicates that
the coefficient for concrete pavement suggests a higher risk of flat tires on concrete
pavement compared to asphalt pavement, except for the winter months in which fewer
significant coefficients are observed. On the contrary, composite pavement is related to
fewer flat tire incidents during February and March compared to asphalt pavement, as
Figure 17. f shows.

Limitations

This study examined the association and causality between potholes and flat tire
frequencies. Nonetheless, there are several limitations. First, the segmentation of potholes
and flat tires eliminated the direction. This might affect the model’s interpretation if the
flat tires and potholes have directional distribution. Second, Wazers who are not familiar
with pavement distress terminology may mistakenly identify any kind of discomforting
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pavement damage, such as cracks and ruts, as potholes. Thereby, other types of pavement
damage may also be implicated in the occurrence of flat tire incidents. Although previous
studies claim that spatiotemporal accuracy could be acceptable for statistical modeling
for transportation analysis (12; 55; 64), the false pothole reports (13) might distract the
parameter estimation. Due to the difficulty of collecting unique potholes over time, we
use aggregated and normalized Waze pothole reports to serve as a surrogate measure of
pothole severity. Hence, all the findings are concluded based on such pothole severity
instead of individual potholes. Third, the basic model we used is Poisson Regression,
which cannot accommodate excessive zeros counts. Alternatively, a zero-inflated Poisson
model could be considered to improve the model estimation (107).

Conclusion

Potholes can puncture tires and even lead to crash hazards. This study attempts to
examine the association and causality between them by using incident operation notes
and crowdsourced Waze data. Because both flat tire events and pothole occurrences
entail spatial and temporal variation. GTWPR and PFER models were employed together
to deal with the panel data effectively in addition to the baseline PR model.

The first model geographically and temporally weighted Poisson regression
model, fits the panel data locally and outperforms the baseline PR model by accounting
for effects of unobserved factors related to space and time. The GTWPR model reveals
that pothole is positively correlated with flat tire incidents and one unit increase of
DWPR is associated with 7.2% more flat tire incidents on average. The average effect of
potholes in the GTWPR model is close to the global PR model’s estimate, yet the
GTWPR gives a more comprehensive understanding of the impact of potholes across
space and over time. From the spatial perspective, the correlation of Nashville's central
areas, as well as highway interchange areas (e.g., 1-40 and 1-65, 1-40 and 1-24, SR-155
and 1-40) are much higher than other areas. From the temporal perspective, GTWPR
reveals that pothole has a larger positive association with flat tire incidents during winter
months, which naturally reflects the pothole outbreak period. In addition to potholes, the
increment in the daily maximum temperature is revealed to be positively correlated with
the flat tire frequencies. Besides, it is found flat tire incidents are less likely to occur on
resurfaced pavement and asphalt pavement. These findings are valuable for practitioners
to intentionally fix potholes to reduce the property loss caused by flat tires. In addition,
other vital factors show a strong spatial correlation with flat tire events, such as pavement
type, resurfacing, reconstruction, and so on. The findings of this study recognize tangible
connections of how pavement conditions influence flat tire events, and they can pave the
way towards prioritizing infrastructural investment decisions related to roadway
maintenance.

Potholes are not the sole reason for flat tires. Both the PR and GTWPR models
cannot rule out the impact of other unobserved confounding factors, such as the pavement
type in the GTWPR model. Thus, Poisson Fixed Effects Regression is employed to infer
the causal relationship between potholes and flat tire incidents. PFER eliminated the
segments with zero counts throughout the study area and controlled the group effects and
time effects. FEPR produced a higher correlation between potholes and flat tire frequency
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compared to PR and GTWPR models. The small p-value suggests that more potholes can
cause more flat tire incidents.

It is worth noting that GTWPR and PFER treat the spatial and temporal effects
differently. In GTWPR, the spatial and temporal effects are reflected by the local
regression. The smaller the proximity in the time-space 3D sphere, the higher weight of
the observations. Thus, both spatial and temporal dependency heterogeneity is allowed.
In comparison, the PFER model controlled the time and group effects by relying on the
variation of observations within the group. The time and group effects cannot be
estimated, yet they are allowed to vary across space. More importantly, the fixed time
and group effects represent the unobserved factors. Thus, PFER can account for the
spatial and temporal unobserved heterogeneity.

In addition to empirical contributions, this study also makes methodological
contributions. This study is among the first to compare the geographically and temporally
weighted and fixed effects models. Both models take spatial and temporal variation into
account. By contrast, the former model is only able to capture the correlation, and the
latter model can claim the causality. The findings from the two models could provide
rigorous reasoning for making countermeasures for practice. Future research could
consider more performant machine learning methods such as the geographical random
forest model (108) to tackle the potential non-linear relationship as the method utilized in
this paper only produce a linear relationship for explaining flat tire frequency.
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Table 6. Model regression results

. GTWPR Non-
Predictors PR PFER Mean o5th 75th Max|z| stationarity
Pothole Severity 0.090***  0.176*** 0.070 0.068 0.094 5.675 Yes
Marginal Effects 9.5% 19.2% 7.2% 7.0% 9.9%

Maximum Daily Temperature (°F) 0.009***  0.009**  0.011 0.004 0.018 3.598 Yes
Marginal Effects 0.9% 0.9% 1.1% 0.4% 1.8%

Percent of Car in AADT (%) 2.364*** 2.755 2.35 3.119 5.242 Yes
Marginal Effects 963.3% 1472.1% 954.6% 2163.1%

Pavement Type (base: asphalt)

Concrete 0.281*** 0.230 0.079 0.341 3.594 Yes
Marginal Effects 32.4% 25.9% 8.2% 40.6%

Composite 0.058 -0.041 -0.158 0.087 1.591 No
Marginal Effects 6.0% -4.0% -14.6% 9.1%

Pavement Resurface (Yes) -0.378 *** -0.371 -0.508 -0.237 0.075 No
Marginal Effects -31.5% -31.0% -39.9% -21.2%

Summary Statistics

R-squared 0.18 NA 0.36

AlCc 5150 3320.0 4834

MAE 1.41 1.55 1.31

RMSE 1.92 2.16 1.79

Loglikelihood of model -2567 -1657.3 -2404

Loglikelihood at constant -2896 NA -2798

*Note, the superscript of coefficients denotes the significance at *** 1%, ** 5%, and * 10%
*The number under the coefficient denotes the z Statistics.

* The effective number of observations in Poisson Fixed Effects model is 1220 after dropping the 190 all zero outcomes from 19

groups.

* The fixed effects model treats each spatial unit individually; therefore, the time-invariant factors are dropped in regression.
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Figure 16. Spatial varying relationships between flat tires and explanatory variables.
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CHAPTER I11. MODELING SPATIOTEMPORAL NON-STATIONARY
AND UNOBSERVED HETEROGENEITY IN INTERVAL-CENSORED
TRAFFIC INCIDENT TIME TO NORMAL FLOW: A
GEOGRAPHICALLY AND TEMPORALLY WEIGHTED
PROPORTIONAL HAZARD ANALYSIS
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Abstract

Non-recurrent traffic congestion arising from traffic incidents is unpredictable but should be
dealt with efficiently to mitigate its impact on safety and travel time reliability. While numerous
studies and practices have been done about incident clearance time, the recovery time (i.e., the
time between mainline reopening and traffic returning to normal) is barely considered in the
analysis of overall incident impact duration (i.e., time to return to the normal flow of traffic,
NFT). Overlooking the recovery time would undoubtedly underestimate the total incident-
induced impact. Furthermore, the spatiotemporal heterogeneity of observed factors is not
adequately emphasized when modeling incident duration. This study addresses these gaps by
proposing a novel approach to estimate recovery time using crowdsourced user reports and
developing a geographically and temporally weighted proportional hazard (GWTPH) model to
investigate factors associated with the crash NFT duration. The results show that the GWTPH
model outperforms the global proportional hazard model in goodness of fit. The non-stationary
test indicates that crash NFT duration is spatiotemporally correlated with factors such as the
presence of HELP trucks, disseminating information about the traffic incident, e.g., through
dynamic message signs, in-transit time of first responders, and traffic demand. The GWTPH
model further highlights that information dissemination on certain interstates (e.g., 1-24 smart
corridor) is particularly effective in reducing the return to normal times during morning peaks.
The study's findings and application of new spatiotemporal techniques can be valuable for
researchers and practitioners to localize improvement solutions for incident management.

Introduction

Traffic incidents refer to events or situations that reduce roadway capacity or increase
abnormal travel demands. Common traffic incidents include crashes, stalls, and road debris.
They can cause nonrecurring traffic congestion and decrease travel time reliability (109). As
estimated by FHWA, 60% of delays caused by traffic congestion are results of traffic incidents
(110). Besides, traffic incidents, especially vehicle crashes, can pose a great threat to people’s
property and life. According to a technical report published by the National Highway Safety
Administration, the total economic costs of crashes and resulting congestion reached $340 billion
in 2019 in the US (111). Hence, transportation agencies and emergency responders have been
seeking effective solutions to reduce the incident duration thereby minimizing incident impact on
travel time reliability and safety.

As defined in many previous studies (112-115), a typical progression of a traffic incident
can be broken down into four distinct phases: detection, response, clearance, and recovery time
(see Figure 18). Specifically, detection time refers to the time between incident occurrence and
the incident reported; response time is the time between incident notifications by officials and the
time the first responder arrives at the scene; clearance time is the time from the arrival of the first
responder to the moment when the incident is cleared and service vehicles no longer directly
affect roadway traffic; and recovery time is the time taken for traffic flow to return to normal
after the incident is cleared. The detection time is short yet often unknown because the actual
time of occurrence is usually uncertain (116).
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The response time and clearance time are usually available through operation logs noted by
responders. In contrast, the recovery time is mostly not available as it is difficult to pinpoint the
exact moment when traffic returns to normal. In studies analyzing the impact of traffic incidents,
researchers typically quantify the additional delays and queues resulting from incidents.
However, these delays and queues often remain after the clearance of the incident, especially
when it occurs during periods of heavy traffic congestion. Research also found that secondary
crashes are likely to happen during the traffic recovery period (117; 118). Despite the importance
of estimating recovery time in queueing and safety management, relatively few studies hitherto
have focused on resolving recovery time (119; 120).

Crowdsourcing provides a new solution to estimate the incident recovery time. Under the
crowdsourcing context, road users serve as moving sensors and can report traffic congestion as
and when they encounter it. The crowdsourced data breaks through the limitations of
conventional fixed location data (e.g., traffic detectors) in many ways. One noteworthy example
of transportation is the Waze app. Via the Waze app, Waze users (Wazers) can share perceptions
of traffic conditions in areas where fixed traffic detectors are not installed. Many previous
studies have explored the potential of Waze traffic jam reports in traffic congestion-related
studies, such as travel time reliability evaluation (65), dynamic queueing estimation (10), and
secondary crash identification (48). As traffic congestion may present throughout the incident
timeline, Wazers can collect the congestion information post-incident clearance.

On the other hand, many statistical models have been employed to model the incident
duration as a function of multiple factors. However, most of them assume that the effect of
factors is constant across space and time. This assumption reduces the model's explanatory
power due to overlooking the heterogeneous effect of factors, such as urban area traffic is usually
heavier than the rural area, and peak hour traffic is usually heavier than off-peak hours. To
capture the heterogeneity, some studies employed a random-parameter modeling technique to
allow the estimates to vary following a specific distribution, and the model predictive capabilities
are improved compared to regular models (92; 121; 122). However, the specified parameter
distribution is usually subjective and cannot explain any spatiotemporal heterogeneity. To
localize the countermeasures for improving incident management, it is necessary to improve the
model explanatory power in addition to the goodness of fit.

In this study, we extend the incident duration by adding recovery time to incident
response and clearance time and explore the spatiotemporal variation of determinants that are
associated with incident duration. It should be noticed that the incident investigated in this study,
specifically, refers to crash, as the crash has a significant impact on travel delay, property
damage, and even life loss (123; 124).

Literature Review

The subsequent section first outlines the research and methods utilized for estimating recovery
time and modeling incident duration, followed by a review of the state-of-the-art techniques for
addressing unobserved heterogeneity in estimating incident duration.

Definition of incident duration

Transportation agencies and researchers have investigated different incident duration in the past
several decades. For example, the Federal Highway Administration (FHWA) uses the roadway
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clearance time and incident clearance time as metrics for evaluating Traffic Incident
Management (46) performance. The roadway clearance time was defined as the time between the
first record of an incident by a responder and the first confirmation that all traffic lanes returned
to fully operational status (125). By contrast, the incident clearance time is defined as the time
between the first record of the incident by a responder and the first confirmation that all evidence
of the incident was removed or the last responder left the incident scene. Likewise, the Highway
Capacity Manual published in 2010 (126) defines the incident duration as the sum of incident
detection, response, and clearance time for general travel time reliability analysis. However,
researchers define incident duration differently for their study purpose. Several studies have
defined the start of incident duration from the moment the incident occurred (121; 127; 128).
While most of the studies count the incident duration starting from the incident reported (116;
129-131) because detection time is not typically reported because the actual time the incident
occurred is often unknown (116). With the aid of intelligent incident detection tools, the crash
can be quickly detected and reported to the operator or emergency services, leading to a short
detection time. On the other hand, the end of incident duration is not in agreement among the
existing studies. Some studies consider the end of incident duration to be the moment when the
last responder departs the scene, disregarding the recovery time (114; 132; 133) while only a few
studies considered the recovery time as the last component of incident duration (113; 121). The
recovery time, as the consequence of the incident, is a crucial component of incident-induced
delay. Without measuring the recovery time, the incident impact might be largely
underestimated. However, as opposed to the clearance time, the end of recovery time is often
uncertain and can be followed up by responders. Hence, measuring recovery time is quite
challenging, making it difficult to determine the complete duration of the incident's impact.

Estimate Recovery Time

As an essential component of incident duration, recovery time gets little attention.
Estimating recovery time requires determining when the incident has been cleared and when
traffic has returned to normal. The former information can be obtained through notes from
emergency responders. In contrast, the latter is more difficult to determine as the boundary
between abnormal and normal traffic conditions is not clear. Moreover, using travel speed as the
indicator of traffic status is limited by the fixed detector locations. Conventionally, a queuing
model can estimate the gross time needed to dissipate the accumulated vehicles (120). However,
such a deterministic model assumes that the arrival and departure rates are constant, which is not
realistic since the arrival flow may vary due to the traffic diversion upstream. Zeng (119)
developed a method to estimate incident recovery time by differencing a segment of travel time
under incident conditions and travel time without an incident. Likewise, Hojati et al. (121)
applied a similar difference-in-travel-time approach to estimate incident recovery time using
speed data from loop detectors. However, the accuracy of estimates depends on the size and
quality of the sample speed data and the baseline travel time. It is barely possible to obtain a
robust baseline travel time as various factors can affect travel time.

Incident Duration Model

In the past decades, many models have been used to model incident duration.
Methodologically, they can be divided into statistical methods and machine learning methods.
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Table 7 summarizes the representative studies of each approach. The first type is Hazard-based
duration models, including the accelerated failure time model (121; 128; 134) and proportional
hazard model (122; 127; 130; 135; 136); The second type is normal regression such as quantile
regression (116; 137; 138); The last approach is machine learning models like random forest and
support vector machine (139-142). Although machine learning models tend to have a higher
prediction accuracy than rigorous statistical models, they are inferior to statistical models in
terms of interpreting incident duration (142). For this reason, many studies have focused on
statistical models, especially the hazard-based duration model.

Unobserved Heterogeneity

Unobserved heterogeneity refers to the individual difference caused by unobserved
factors. Unobserved heterogeneity such as the distribution of emergency resources affects the
incident duration, whereas they are hardly measured in practice. For instance, the spatial
distribution and number of emergency responders to the crash locale could influence the incident
response time. Their service characteristics data are rarely available in most situations. On the
other hand, ignoring primary heterogeneity would result in erroneous inferences on the
coefficient estimates (143). Existing studies have established two techniques to account for
unobserved heterogeneity when estimating incident duration. The first approach is to include a
term for heterogeneity in the duration density function and specify a particular distribution for it.
Such distribution includes the gamma distribution, inverse Gaussian distribution, and frailty
distribution as shown in Table 7. With a heterogeneity term embedded, the duration density
becomes a function of unobserved heterogeneity and can account for variation across
individuals. The second method allows the parameters to vary across observations according to
pre-specified distribution, namely, the random parameter model. See studies conducted by Islam
etal. (122), Wali et al. (137), Tirtha et al. (135), and Zeng et al. (136) in Table 7. The idea of the
approach is that the effect of unobserved factors can be accounted for by allowing parameters to
vary within a specific distribution or group. Thus, the modeling process for the above-described
techniques needs random sampling and simulation of parameters. Additionally, either the
distribution of heterogeneity terms or the parameters must be predetermined subjectively. Hence,
a more data-driven method is needed. Recent studies from other fields have seen that
disaggregating models into geographical space in the form of local sub-models could also
explain the unobserved heterogeneity. A local model can mitigate the influence of unobserved
heterogeneity in a relatively homogeneous region. For instance, it was found that geographically
weighted models can account satisfactorily for the unobserved heterogeneity in crash rate
analysis (79; 108; 144), traffic volume estimation (145), traffic states prediction (146), and so
on. Compared to existing techniques for addressing heterogeneity, the geographic model is more
straightforward and potentially can uncover the spatiotemporal heterogeneity of certain observed
factors.

Research Gaps

Through the literature review, two limitations in prior incident duration studies have been
identified. First, despite the importance of recovery time in quantifying incident delay, few
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studies consider it. Although several studies have attempted to estimate the recovery time via the
difference-in-travel-time approach, the calculated results are subject to the location of detectors,
speed sample size, and qualification of background travel time. Second, unobserved
heterogeneity was previously handled by either incorporating a heterogeneity term with a
specified distribution or allowing parameters to vary across observations, which cannot account
for the nature of spatiotemporal heterogeneity of incident covariates. Failing to capture the
spatiotemporal variation of incident covariates will certainly decrease the estimation accuracy
and limit the understanding of incident duration. To address these limitations, this study focused
on crash incidents and exploited Waze Jam reports to estimate crash recovery time. Then, a
rigorous statistical model, namely, a geographically and temporally weighted hazard-based
model, is developed to untangle the spatiotemporal heterogeneity of contributing factors.

Methodology

Estimate Recovery time from Waze Report

Depending on the definition of clearance time in practice, there are two types of recovery
time, respectively, which are referenced to the time when traffic lanes open and the left
responder has left the scene, respectively (7). However, in some cases, shoulder lanes might
remain occupied as incident vehicles are moved to shoulder lanes to wait for towing, emergency,
or police help. Once all travel lanes open, the accumulated vehicles are released at a rate close to
capacity. Congestion continues to persist until all vehicles in the queue have been discharged. By
contrast, the incident clearance time contains roadway clearance time but also the treatment time
elapsed in dealing with stopped vehicles on shoulder lanes. The treatment time varies depending
on the severity of the crash and in transit time of other responders. This leads to the often case
that main lanes traffic had returned to the normal status before all responders left the scene.
Therefore, the recovery time of this study is determined based on the end of roadway clearance
time, as depicted in Figure 18.

As a result, Waze traffic jam reports associated with post-crashes were searched based on
this time when travel lanes are no longer blocked. It should be noted that noisy reports are often
the case. As an example, reports of traffic jams related to an incident downstream may be
mistaken for the crash that occurred upstream. Therefore, the researchers set up a criterion to
separate close yet not associated incidents. Analogous to the concept of vehicle headway, the
researchers define report headway as the time interval between two sequential jam reports to the
same event. Notably, if a large headway is applied to cut off the sequential reports, the noisy jam
reports from other incidents might exaggerate the crash duration of interest. On the other hand, if
a small headway is applied, the crash duration might be shorter than the actual recovery time due
to the early cut. Therefore, appropriately cutting off sequential reports is the critical point in
estimating recovery time. To this end, the researchers conducted a spatiotemporal clustering on
the crash and jam reports. As clustering is not the focus of this paper, readers can refer to the Liu
et al. paper for detailed information (10). Then for each matched crash, the researchers computed
all headway between two sequential reports within a cluster. The headway value corresponding
to the 90" percentile (16 minutes) is used for the general cut-off criterion.
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Table 7. Summary of representative studies for incident duration estimation

Category No. | Authors Methods Duration Heterogeneity
1 Lietal. (128) Accelerated failure | Incident detection + response + Inverse Gaussian distribution with
time (AFT) model clearance time frailty distribution, mixed effects
and its extensions
2 Hojati et al. (134) | AFT model Incident detection + response + Weibull with gamma heterogeneity
clearance time distribution
Hazard- 3 Hojati et al. (121) | AFT model Incident detection + response + Random Parameter and Weibull with
based clearance + recovery time Gamma
models heterogeneity
4 Nam and Proportional Hazard | Incident detection + response + Weibull with gamma heterogeneity
Mannering (127) (PH) model clearance time distribution
5 Islam et al. (122) PH model Incident clearance time Weibull with gamma heterogeneity
distribution and latent class
categorization
6 Khattak, Schofer | Truncated Linear Incident detection + response + Not applicable
and Wang (116) regression clearance time
7 Khattak et al. Quantile Regression | Incident detection + response + Not applicable
Normal . i
. (137) and Ordinary least | clearance time
Regression
square model
9 Wali, Khattak and | Quantile Regression | Incident detection + response + Random Parameter
Liu (138) clearance time
10 | Hamad et al. (139) | Random Forest Incident detection + response + Not applicable
clearance time
11 | Wu, Chen and Support Vector Incident detection + response + Not applicable
Machine Zheng (140) Machine clearance time
Learning 12 | Tangetal. (141) Extreme gradient Incident clearance time Not applicable
boosting model
13 | Tangetal. (142) Back Propagation Incident clearance time Not applicable

Neural Network
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The remaining 10 percent of headway values exceed 16 minutes among all crash events,
possibly representing the extreme situation when a longstanding crash presents itself.
Therefore, as Figure 19 illustrates, the search algorithm starts with looking for jam
reports happening after all lanes are available for traffic flow. Wazers A, B, C, and D
reported congestion sequentially within a headway time. On the other hand, Wazers
might not report congestion anymore when traffic returns to normal, indicated by the
condition when no follow-up jam report occurs in 16 minutes, as shown by Wazers’
reports D and E in Figure 19. Therefore, the traffic status is likely to restore within this
16-minute interval, leading the final recovery time to be interval censored’. Please also
notice that the end of recovery time estimated by Waze reports indicates the approximate
time when traffic congestion disappeared, which is consistent with the definition in
several prior studies (114-116; 120).

General parametric proportional hazard model (GPH)

Hazard-based duration models have been widely applied to investigate the survival time
of a subject in a manner of explaining causality in duration data, especially in clinical
trials and biometrics. The incident duration is typically not censored in previous studies
that have primarily examined deterministic durations such as response and clearance
time. However, turning to this study, the crash duration is interval censored as the end of
recovery time is only known within an interval, which makes the model estimation
different from existing models. In a general hazard-based duration model, the interest is
not only in the duration itself but also in the probability of an incident ending in the
following short period. Hence, the conditional probability of an incident duration ending
at some time t given that the duration has continued until time t can be formulated by:
ho = LO __f® 5)
S(t) 1-F()
Where f(t) and F(t) represent the density distribution and cumulative distribution of
crash duration, respectively. It is not difficult to find that hazard risk is inversely related
to survival probability. That means, for instance, it is more likely to reach the end of
crash duration (i.e., survival probability decreases) if the hazard risk increases, and vice
versa.
The most widely used survival analysis model is probably the proportional hazards
model. It assumes that the hazard function h(t|X;) conditional on X; is proportional to an
arbitrary baseline hazard h,(t), which takes the form:
h(¢1X)) = ho(D)exp (BX,) (26)
Where exp (fX;) is also noted as the relative risk which allows researchers to connect
crash duration with explanatory factors.
When modeling the left- or right-only censored data, the parameters £ can be estimated
through the partial maximum log-likelihood (148) at the point level. However, the log-
likelihood function must distinctly treat interval-censored observations as the actual

" By interval censored, it means that the moment when traffic status return to normal is known only to
lie within an interval instead of being observed exactly (147).
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failure occurs between a short interval, which is the case of this study. Therefore,
cumulative hazard probability is considered to quantify the risk of event failure at that
period. By integrating two sides of the above Equation (26), we can get:
f(@®) fo(®)
H(t) = f T—FO dt = f - Fo® exp (BX;)dt 27)
Calculating the integral, the cumulative hazard function is now converted to a cumulative
density distribution of survival time t.

—In (1= F(t)) = —In (1 — Fy(t))exp (BX;) (28)
Since survival probability S(t) = Pr (T > t) = 1 — F(t), equation (28) can be
alternatively represented by:
S(t) = So(£)exPXv (29)
Let (I;, ;] denotes the time interval that contains the true incident duration t. Assuming

that the censoring mechanism is independent of both crash duration and covariates, the
joint log-likelihood (149) can is proportional to:

LLK = Zillog[H(lila) —H(rla)] =

n . .
2. 108 [So(tla)™ = Sy(rila)*™)
L=

Where a is a vector of parameters of parametric baseline hazard. This study applied the
Weibull distribution, a generalized exponential distribution, to estimate baseline crash
duration. The basic survival probability of the Weibull distribution is given by Equation
(31), with shape parameter 2 > 0 and scale parameter P > 0. S, (t;|) is a baseline
survival function that describes the survival probability without the effect of exogenous
factors. Sy (t;|la) = Pr (T > t;|X; = 0). Intuitively, the model estimates unknown
parameters by maximizing the cumulative survival probability in between an interval.

5(0) = exp(=(A0)P) (31)

Geographically and Temporally Weighted Proportional Hazard model (GTWPH)

A modified local log-likelihood function at a spatial unit s (i.e., latitude, longitude) and
time t (in this study, t is the hour of the day) is given by:

LB, ). 10g [wi(s, 080Ul = wis, 08, rl)™ ) (32)

where w; (s, t) is spatiotemporal integrated weight calculated by the distance in space-
time dimension. Spatiotemporal weighted proportional hazard allows parameters S, (s, t)
to vary across observations and time, which accounts for the spatiotemporal
heterogeneity of certain observed factors.

(30)

Weight scheme

Geographically and temporally weighted regression can be viewed as a disaggregation of
global regression into spatiotemporal space in the form of local sub-models. The local
model takes in neighboring data points by assigning them weights strategically. The
weights are typically characterized by the proximity (i.e., spatiotemporal distance)
between data points. The scale of distance could vary a lot depending on the value of
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attributes. Therefore, a Gaussian kernel function can be applied to transform the
spatiotemporal proximity to weight, with the distance effect being scaled down by
bandwidth. The spatiotemporal compound weights WgT can be expressed as:
d((ui,vi,ti),(uj,vj,tj))

Wil =e 2hgr
where hgr represents the spatiotemporal bandwidth. It can be either fixed bandwidth that
represents the distance or adaptive bandwidth that denotes the number of nearest
neighboring samples. In this study, the crash happens only on routes, which may
distribute sparsely or densely due to the network geometry. Using fixed bandwidth may
not be able to include the minimum required observations for model inference especially
for rural areas where crashes are fewer than in urban areas. To ensure the quality of

model inference, this study adopted adaptive kernel bandwidth. d ((ui, vi, ), (w;, v, tj))

represents the spatiotemporal distance between two observations i and j. (u;, v;, t;) marks
longitude, latitude, and time of sample i separately. As shown in Figure 20, the
spatiotemporal distance can be composed of the geometry distance of spatial difference
As and temporal difference At. To mitigate the impact of route geometry (e.g., the radial
road network of this study) on spatial distance, the shortest path distance between all
paired crash observations is calculated. On the other hand, the temporal difference is
measured at the hour level and the hour is cyclical every 24 hours. For instance, the
temporal difference between two crashes that happened at 23:00 and 1:00 respectively
should be two hours as opposed to the numeric difference (i.e., 22 hours). Hence, the
temporal proximity is formulated as Equation (34). Notably, the temporal difference
would belong to [0,12].

Af = |t; — & if |t —t:] <12
24—t —t|  if|lg—t|>12
Lastly, the spatiotemporal integrated distance takes the following form:

d ((ui, Vi, ti), (uj, 17]', tj)) = 4/ As? +TAt2 (35)

Where T is a scale parameter that balances the temporal distance effect with spatial
distance.

(33)

(34)

Tunning bandwidth and scale parameter

Two parameters, the bandwidth and scale parameters, can be determined through cross-
validation using a target performance measurement. The proposed model applied the
Akaike Information Criterion corrected (i.e., AICc) (Equation (37)) to choose the
suitable values for bandwidth and scale parameters. AICc is extended from the Akaike
Information Criterion (AIC) by adding the sample size as a penalty. Thus, AICc is more
suitable than AIC in model selection in case the sample size is small. Besides, the prior
study found that AICc can also perform well due to the penalty afforded when
unobserved heterogeneity is present (94). The objective of cross-validation is to minimize
the AICc by tunning bandwidth and scale parameters, which can be expressed as:
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ht= argmin AlICc =f(L,n,k, h;,1;) (36)
hi€[hy,hy]Ti€lTTy]

Where AICc is defined by:
2k(k + 1)
AICc = =2L(h;, 7)) + 2k +

e @)

Model assessment

To examine whether the spatiotemporal weighted local model can outperform the global
model, McFadden’s Pseudo R-square, which is commonly used in log-transformed
statistical models, is computed in addition to log likelihood defined by Equation (32) and
AICc defined by Equation (37). McFadden’s Pseudo R-square measures the
improvement of a fitted model from a null model (i.e., constant-only model). It takes the
form:

In(L)

ln(Lnull)

Where In(L) is log-likelihood from the fitted model and In(L,,,;;) is log-likelihood from a
null model. A larger Pseudo R-square indicates better goodness of fit.

McFadden's R> =1 — (38)

Spatiotemporal non-stationary test

The geographically and temporally weighted model places higher importance on
neighboring samples than distant samples. The model can outperform the standard model
if there is significant evidence showing spatiotemporal dependence. Therefore, inter
quantile range (IQR) is computed and compared with 1.96 (95% confidence interval)
times of standard error (i.e., S. E.) of the global model for each predictor (92). As
Equation (39) shows, IQR measures the spread of the middle half of one parameter
estimate that lies in the upper bound (i.e., 75"") and the lower bound (i.e., 25"") of
parameters. The higher IQR value indicates the more substantial volatility of parameter
estimates. Besides this, maximum z-value |z;| from each local model is used to test if an
IQR is significantly greater than 1.96 standard error. The test for spatiotemporal non-
stationary passes only if both conditions are satisfied.
IQR
— 'Bupper
lower > 1.96 S.E.and max|z;| > 1.96, Non — stationary test is passed (39)
{ otherwise, Non — stationary test is failed

Data Description

Multiple datasets were used in this study, including traffic volume data from Radar
Detection System, jam reports from Waze, incidents operation notes data from TDOT,
and weather data from underground. The study area focuses on five backbone corridors in
Nashville, Tennessee: Interstate 24, 40, 65, 440, and State Route 155, as shown in Figure
22. The study covers the period from August 2021 to July 2022.
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Figure 20. Illustration of spatiotemporal distance.
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Around 40% of all crashes recorded during the study period were detected by
Waze Jam reports in the recovery phase, amounting to a total of 1268 crashes. Crash
duration comprises the response time, roadway clearance time, and recovery time. The
first two are retrieved from the incident operation log, and the recovery time is estimated
from Waze jam reports. As shown in Table 8, the average crash duration is 57.69
minutes. The fact that the standard deviation is 47.64 minutes close to the mean value
suggests a wide range of crash durations, indicating significant variability.

To model the crash duration, this study preferentially collected explanatory data
that have a significant impact on crash duration in prior studies (122; 127; 134; 150).
They are listed in Table 8. Arrival traffic not only affects the crash clearance but also the
recovery, depending on the number of vehicles accumulated during crash response and
clearance. To characterize the traffic demand, this study extracted the traffic volume from
the nearest traffic detector upstream of the crash location and aggregated them by volume
per lane per hour per direction. The 80th average lane volume (119) by the hour of day
and day of the week in the crash month is further applied to reflect the regular travel
pattern at the crash locale. The average hourly traffic demand during crash clearance is
940 vehicles per lane (see environmental conditions in Table 8).

In addition to traffic demand, many other operational factors were also collected,
such as deploying dynamic message signs, the presence of a HELP truck, emergency
medical services (i.e., EMS), fire, police, tow truck, and the in-transit time of the first
responder. Their presence affects the crash clearance time. Notably, the HELP truck is a
freeway service patrol carried out by TDOT, which initially aims to provide a fast
response to freeway incidents (151; 152). HELP truck patrols the most heavily traveled
freeways in four major cities in Tennessee (i.e., Nashville, Knoxville, Chattanooga, and
Memphis). The HELP truck patrol area covers the study area, whereas the HELP truck
may not respond to every incident. For instance, shows that 1235 out of 1268 crashes
were responded to by Help trucks (i.e., 33 crashes were missed by HELP trucks). The
impact of freeway patrol services on crash duration has also been investigated in prior
studies. For example, it was found that crashes that occurred in Alabama service and
assistance patrol areas were associated with 21.9% lower clearance times (122). In a
native study, the HELP program was established as the most efficient responder
compared with the Traffic Management Center (TMC) operator in decreasing the
clearance time of disabled vehicles in Tennessee (114).

Besides, crash characteristics including lane block rate, ramp closure, and number
of vehicles involved are considered. As Table 8 shows, the average lane blockage is
31%. Among all crashes, 283 crashes caused the ramp closure. 1128 crashes involved
more than 2 vehicles.

Data Explanatory Analysis

Figure 21 demonstrates the hourly pattern of crash duration. From left to right,
the green box illustrates the clearance time, the orange box depicts the recovery time, and
the red box represents the total duration of the crash. There are few observations between
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Table 8. Descriptive statistics of collected variables.

Variable Description of variables observations Mean Standard
Deviation
Dependent
Crash Duration Duration from crash reported 1268 57.69 47.64
to normal traffic status
(minutes)

Duration from crash reported to normal traffic status (minutes)
Operational/Response Factors

HELP Truck Freeway service patrol 1235 0.97 0.16
response present (1 if yes, 0
otherwise)

Police Police response present (1 if 902 0.71 0.45
yes, 0 otherwise)

Fire Fire response present (1 if 373 0.29 0.46
yes, 0 otherwise)

EMS EMS response present (1 if 402 0.32 0.47
yes, 0 otherwise)

Tow Turck Tow truck response present (1 252 0.20 0.40
if yes, 0 otherwise)

In-transit Time Response time of first arrival 1268 7.19 10.03
operator (minutes)

Dynamic Crash information was 1055 0.83 0.37

Message Sign disseminated via upstream

(DMS) Dynamic Message Sign (1 if

yes, 0 otherwise)
Crash Characteristics

Lane block rate The ratio of lane(s) blocked to 1268 0.31 0.15
all lanes

Ramp Ramp Closure (1 if yes, 0 283 0.22 0.42
otherwise)

Vehicles involved More than 2 vehicles involved 1128 0.89 0.31
inacrash (1 ifyes, 0
otherwise)

Environmental conditions

Day of week Weekday (1 if yes, 0 1083 0.85 0.35
otherwise)

Traffic demand Average hourly traffic volume 1268 0.94 0.16

per lane during crash
clearance period
(vehicles/lane/hour/1000)
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1 AM and 3 AM, and crashes occurred in this period and lasted longer than other periods
of the day. Perhaps this is because of a delayed emergency response. During the daytime
(before 6 PM), the clearance time tends to be considerably longer than at night, except for
the early morning hours (between 1-3 AM). Morning hours (4-8 AM) and afternoon
hours (1-4 PM) tend to have longer crash durations than other hours. Besides, the peak
recovery time appears at 5-7 AM and 2-4 PM. Theoretically, a shorter clearance time can
result in fewer vehicles piling up, leading to a shorter recovery time. However, it is
important to acknowledge that even though the clearance time may be short during peak
hours, the recovery time could be considerably longer because of the regular traffic
demand. Figure 22 illustrates the spatial pattern of crash duration at route mile markers.
The bar's height denotes the average crash duration by that mile marker. Spatial non-
stationary crash duration is observed as the city's inner areas generally have longer crash
duration than the city's peripheral area. It is worth highlighting that certain locations have
notably large crash durations such as eastbound and westbound of 1-40.

Results

To optimize the model goodness of fit and enhance the model interpretation, the model
selected the explanatory variables that lead to the minimum AICc in the global
proportional hazard model. Thereafter, the GTWPH model was built based on the same
explanatory variables and additional weights quantified from space and time dimensions.
Both the global PPH model and GTWPH model are solved in R environments. The tuned
spatiotemporal adaptive bandwidth is 237 nearest neighbors, and the scale parameter is
6.3. Table 9 shows the estimation results for the global PPH and GTWPH models. In the
following sections, the modeling results are summarized and discussed.

Global PPH model

Turning to the global model in Table 9, all parameters in the final global model are
statistically significant at a 90% confidence interval. A negative parameter estimate
implies an increasing hazard risk, that is, a shorter crash duration when such a factor is
present or increased. This is because proportional hazard models the conditional
probability of crash duration ending at time t. For instance, HELP trucks and Tow trucks
were found to have a significantly positive association with crash duration. According to
the marginal effects, the duration of a crash is 36.5% longer when a HELP truck is
present and 28.9% longer when a Tow truck is present while holding other factors
constant. However, some prior practices and studies have shown that highway freeway
services patrol can reduce the crash duration and mitigate traffic congestion to a different
extent in New York (153), Florida (154), and Alabama (122). The reason behind the
seemingly "counterintuitive" outcome of this study may be that HELP trucks prioritize
responding to major crashes instead of minor crashes due to limited HELP resources in
peak hours. In addition, the other characteristics of crash observations are not strictly
matched when comparing crash duration with and without HELP presence. Hence, using
this regression method, the parameter estimates can solely demonstrate the correlation
between the HELP truck and the duration of the crash
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Furthermore, the in-transit time of the first responder is found to have a significant
positive impact on crash duration. When controlling for other variables, a one-minute
delay in response time is linked to a 2% increase in crash duration. Therefore, it is
important to deploy patrol resources efficiently. Besides, it is found that usage of DMS
was associated with shorter crash duration based on this global model. The use of DMS
to distribute information about crashes is associated with a 32.8% reduction in crash
duration when compared to situations where DMS is not used. This makes sense since the
usage of DMS could potentially induce a fraction of traffic to divert thereby reducing
crash duration. This finding also corroborates Khattak’s study (116). Turning to traffic
impact, traffic demand upstream of the crash locale shows a positive impact on the crash
duration. The crash duration is 35.2% longer when traffic demand increases by 1,000
vehicles per lane while holding other factors constant. It makes sense that the more
vehicles that arrive from upstream during the response and clearance phases, the longer
time the recovery period is needed. Regarding the impact of crash characteristics, it is
observed that the larger lane block ratio is associated with longer crash duration.
Especially, when the ramp is closed, the crash duration is 28.7% longer.

GTWPH model

The spatiotemporal non-stationary test was first conducted for GTWPH estimates. The
last column of Table 9 indicates that, except for Tow truck, lane block ratio, and ramp
closure, all explanatory factors passed the spatiotemporal non-stationary test. This
suggests that crash duration has a spatiotemporal dependency on HELP truck, DMS,
Traffic Demand, and in-transit time of first responders have spatiotemporal. Please note
that the parameter estimates of GTWPH presented in Table 9 include both statistically
significant and non-significant estimates generated from the local model. By comparison,
the mean values of GTWPH estimates are smaller than the global model’s estimates,
except for the traffic demand. For example, the presence of a HELP truck is associated
with a 32.1% longer crash duration, which is about 4.4% lower than the global model.
Setting dynamic message signs can bring about a 24.3% shorter crash duration, which is
about 8.5% lower than the global model. It is worth noting that traffic demand has a
much larger impact on the crash duration in the GTWPH model. A one-unit increase in
traffic demand is associated with a 50.8% increase in crash duration, which is about
21.8% larger than the global model estimate. It reveals that the spatiotemporal
heterogeneity of traffic demand can significantly affect the crash duration.

Tuning to model performance, the GTWPH model outperforms the global PPH
model as indicated by the McFadden R?, log-likelihood, and AICc. After applying
spatiotemporal weights to the parametric model, the pseudo-R-square increased from
0.0264 to 0.0507, indicating that accounting for spatiotemporal heterogeneity of factors
can improve the model's performance.

In contrast to the global PPH model, the GTWPH model can reveal the
spatiotemporal heterogeneity of factors. Figure 23 showcases the spatial dependency of
crash duration. Each dot represents the average value of estimates that are statistically
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Table 9. Weibull distribution with global and geographically and temporally weighted proportional hazard model

Global PPH GTWPH
Variables Global g t-statistics Meanp 1%q.8 39q.p Std. A 1.96 Se. Max |[Z| Test
HELP Truck -0.454**%  -2.529 -0.388  -0.621 -0.201 0.269 0.419 0.352 2.027 Yes
Marginal Effect® 36.5% 32.1% 20.0%
Tow Truck -0.341***  -4.589 -0.239  -0.287 -0.194 0.062 0.093 0.146 3.293 No
Marginal Effect 28.9% 21.2% 4.9%
DMS 0.284***  3.605 0.218  0.034 0.464 0.228 0.430 0.154 3.788 Yes
Marginal Effect -32.8% -24.3% 31.0%
Lane block rate ~ -0.895***  -4.973 -0.687  -0.814 -0.535 0.187 0.279 0.353 3.649 No
Marginal Effect 59.1% 49.7% 9.5%
Ramp -0.338***  -4.941 -0.282  -0.314 -0.236 0.063 0.078 0.134 3.625 No
Marginal Effect 28.7% 24.6% 4.6%
Traffic Demand  -0.358**  -2.038 -0.730  -1.297 -0.409 0.717 0.888 0.345 4.303 Yes
Marginal Effect 30.1% 51.8% 51.5%
In-transit time -0.020***  -7.135 -0.016  -0.019 -0.013 0.003 0.006 0.005 4.925 Yes
Marginal Effect 2.0% 1.6% 3.3%
McFadden R? 0.0264 0.0507
Log-Likelihood -2784 -2714
AlCc 5588 5448

Note. a. *** p<1%, ** p<5%, * p<10%. b. The marginal Effect is the percent change of crash NFT duration in response to one
unit change of an independent variable while keeping other variables constant.
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significant at a 90% level (i.e., p-value < 0.1) at each mile marker. The color highlights
the magnitude of the estimates, with greener color indicating a larger value and redder
color representing a smaller value. According to the map, it is found that the presence of
HELP trucks (Figure 23. a) in the center part of Nashville city is associated with longer
crash duration than the city's peripheral areas. The same phenomenon is observed on the
Tow truck (Figure 23. b). It might be because the city's inner area experiences heavier
traffic than rural areas and emergency response resources are more concentrated in the
city's inner area. Crash duration reduction was observed in all study routes when DMS
was used, as indicated in Figure 23. c. Especially, compared to other routes, the south
portion of 1-24, also known as the smart corridor, experienced a greater reduction in crash
duration when DMS was deployed. Traffic demand of south 1-24, east 1-40, and south 65
produced a larger impact on crash duration than in other areas, as Figure 23. d indicates.
The impact of lane closure ratio on crash duration is not uniform, neither across a route
nor within a region (see Figure 23. e). Besides, it is found that ramp closure, especially
on the west stretch of 1-40, and central city areas cause a larger impact on crash duration
than other areas (see Figure 23. f). This could be due to a higher traffic demand entering
and exiting the ramps in the downtown area compared to other regions. Lastly, the In-
transit time of the first responder is essential to prevent the deterioration of traffic
conditions, so it is often the focus of the freeway service program. According to Figure
23. h, it turned out that delayed in-transit time could cause longer crash duration in the
peripheral areas than in the central city. The unequal distribution of emergency response
resources across different locations could be a contributing factor to this phenomenon.

Traffic demand varies by the hour of the day, and the available responder
resources are also different during the daytime and nighttime. Therefore, it is essential to
look into the hourly effect of explanatory variables. Figure 24 box plots illustrate the
temporal variation of estimated parameters that are statistically significant in local sub-
models. Red boxes highlight the peak hours and cyan boxes depict the off-peak hours.
Notice that the magnitude of factors differs to a high degree. Compared to off-peak hours,
the presence of HELP trucks in peak hours is associated with longer crash duration
(Figure 24. a). By contrast, the presence of tow trucks during peak hours involved
shorter crash duration compared to off-peak hours (Figure 24. b). The impact of traffic
demand on crash duration is more volatile in the morning peak as indicated by relatively
long boxes. The positive impact keeps decreasing until the afternoon peak (Figure 24. c).
Traffic demand during the evening period (7-10 PM) tends to have the largest impact in
increasing crash duration throughout the day (Figure 24.d). Likewise, the impact of a
lane closure on crash duration worsens from 4 PM onwards (Figure 24. e). This could be
because it may take longer to clear debris from the travel lanes as nighttime approaches.
Ramp closure produced the largest impact on crash duration during the middle of the day
(11 AM-3 PM) (Figure 24. f). Lastly, the in-transit time of the first responder has a
comparatively lesser impact on intensifying crash duration during peak hours (Figure 24.
g), which may be attributed to the higher concentration of resources available during peak
hours. These temporal trends imply a near-future focus for emergency operators who are
responding to crashes and other incidents. The focus could be effectively setting dynamic
message signs, allocating HELP truck resources dynamically, and so on.
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Limitations and future study

There are some limitations of this study. First, like normal regression, the proposed
parametric model can only explain the correlation between crash and their covariates, yet
the causality should be carefully examined. For instance, results show that the response
of a HELP truck and a Tow truck to a crash is associated with a longer duration. This is
because HELP trucks usually prioritize the major incidents which last longer than minor
incidents, leading to data collection biased. Hence, the regression results cannot manifest
the benefit of deploying HELP trucks. A causal inference model is needed in a future
study to infer whether HELP trucks and other responders reduce or increase the crash
duration. Besides, researchers are likely to apply Waze traffic jam reports estimating the
detection time of the crash in future studies because previous studies have found that
Wazers can detect the accident sooner than when responders are notified (12; 64).
However, the proportional hazard model will become more complicated as both the start
time and end time of the crash are only known to an interval, which is known as a doubly
censoring mechanism (155).

Conclusions

To reduce non-recurrent congestion resulting from incidents, it is essential to have a
thorough understanding of the factors that impact the incident duration. This study
investigates the crash duration as the crash is the major concern among all incident types.
The crash duration of this study comprises the crash response, clearance, and recovery
time. Since crash response time and clearance time can be obtained from incident
operation logs, this study starts with estimating recovery time using Waze traffic jam
reports. Notably, the crash duration is interval-censored as the Wazers are not likely to
capture the exact time that traffic backs to normal, and the transition of traffic status is
usually fuzzy. A geographically and temporally weighted proportional hazard model is
created to identify the factors that correlate with crash duration. The key findings of this
study are:

e When using Waze traffic jam reports to eximate recovery time, it is found that
90% of traffic jam reports’ headway about the same incident is less than 16
minutes.

e When modeling the covariates of crash duration, GTWPH outperforms the global
PPH model in the explanatory power as well as the goodness of fit. GTWPH
provides a more in-depth understanding of how covariates affect crash duration
spatiotemporally.

e Inaglobal PPH model, it is found that using DMS to distribute information about
crashes is associated with a 32.8% reduction in crash duration when compared to
situations where DMS is not used. GTWPH model further reveals that setting
DMS on I-24 and in the morning peak hours is even more effective in reducing
crash duration.
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e Spatiotemporal test results show the effects of HELP trucks, utilization of
dynamic message signs, in-transit time of the first responders, and traffic demand
on the hazard function are heterogeneous across space and time.

e The average estimates of GTWPH are smaller than global PPH except for the
traffic demand. The global PPH model seems to largely underestimate the impact
of traffic demand compared to GTWPH.

e Although not varying spatiotemporally, other factors show a significant
correlation with crash duration. For instance, an increase of one unit in lane block
ratio is linked to a 59.1% longer crash duration, while ramp closures can cause an
additional 28.7% increase in crash duration.

The study's outcomes can help incident operators in prioritizing resources for
crash response and clearance when dealing with crashes that happen at different times
and locations. The proposed crash duration model can also be expanded to other traffic
incidents analysis such as disabled vehicles. Future studies could focus on comparing the
predictive performance between the model established in this article and conventional
models that account for unobserved heterogeneity.
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CHAPTER IV. ESTIMATION OF TRUCK TRAFFIC VOLUME
USING LOOP DETECTOR AND CROWDSOURCED SPEED DATA
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The chapter is a modified version of a published paper:

Gu, Y., Liu, D., Stanford, J., & Han, L. D. (2022). Innovative Method for Estimating
Large Truck Volume Using Aggregate Volume and Occupancy Data Incorporating
Empirical Knowledge into Linear Programming. Transportation Research Record.

Abstract

Truck traffic monitoring is critical for the operation and planning of transportation and
economics. Nowadays, many “sophisticated” traffic detectors equipped with infrared,
microwave, and magnetic sensors can directly detect vehicle classifications, yet they are
not widely available due to their high cost. Single loop detectors are widely deployed at
early-stage development of transportation yet are limited to collecting traffic volume and
occupancy. Hence, several studies have been conducted to use data from single loop
detectors to restore truck traffic. However, these methods are susceptible to dynamic
traffic conditions and necessary assumptions. To this end, this chapter developed two
methods and compared them with two common literature methods. The first method
established a linear optimization problem by minimizing the difference between observed
occupancy and calculated occupancy. The length of short vehicles (SV) and large trucks
(LT) are allowed to vary with speed. Another method applies Waze speed to estimate the
total vehicle length, which is more straightforward. Three months of detector data and
Weigh-in-motion (WIM) data from the California Freeway Performance Measurement
System (PeMS) were collected and used to examine the performance of different
methods. The results show that all methods are susceptible to low truck conditions. The
optimization method outperforms when truck traffic increases at the station level and
during the night-time period. The straightforward method may be affected by the quality
of Waze speed. Nonetheless, it still performs better than dynamic estimation. Compared
to the literature methods, the proposed two methods are less restricted by traffic
conditions, and they are promising to be implemented to loop detectors for wide truck
traffic monitoring.

Introduction

Large trucks and other long vehicles play an essential role in the United States logistics
system and their activity level works as a good economic indicator (156). Meanwhile, LT
causes many transportation-related issues because of their special characteristics such as
the weight of the load. For example, studies (157; 158) show that high large truck
volumes cause great damage to road pavement, so truck volume is a core consideration as
transportation agencies budget pavement construction. From the emissions perspective,
some heavy-duty diesel trucks produce nitrogen oxides and black carbon particles,
significantly contaminating the air quality (159). In the Congestion Mitigation and Air
Quality (CMAQ) program, the Federal Highway Administration (FHWA) requires states
to monitor the percentage of non-single occupancy vehicle travel and total emission
reduction (160). Research shows that the severity and frequency of crashes increase
considerably when large trucks are involved (161). From the planning perspective, the
proportion of truck volume is one of the major factors affecting road capacity in the
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Highway Capacity Manual (126) (162). Therefore, monitoring LT volume has always
been an important topic in transportation studies.

Literature Review

Single-loop detectors, along with dual-loop detectors, have played a fundamental role in
measuring traffic since the 1960s. Although the sensor technology (e.g., infrared,
microwave, etc.) evolves, most detectors still measure only time occupancy and total
vehicle volume. A typical single-loop detector reports these measures aggregated over
pre-set time intervals (e.g., the 20s or 30s) but cannot gauge the distance that a vehicle
traveled. Hence, single-loop detectors are not directly useful for determining vehicle
speed or distinguishing vehicle types. Nevertheless, with the relationship (Equation (40))
between volume N;(the percentage of time that the detector is occupied by vehicles),
speed v; and mean effective vehicle length (MEVL) [; at interval i, one can obtain the
parameter of interest given the other three parameters (163). MEVL is defined as the
average length of vehicles plus the longitudinal span of the detection area. This is
because the actual distance a vehicle traversed over a detector encompasses the length of
a vehicle and the detection region (e.g., loop wires or magnetic beam) (164). Based on
MEVL, the LT volume can be further determined through the combination of vehicle
classification with the maximum probability. With this logic, many studies have been
conducted, and various models have been applied to improve the accuracy of MEVL and
speed estimation, which are reviewed in this section below.
N; -
=70, l; (40)
In earlier studies, instead of considering the MEVL straightforward, the g-factor
(denoted as @), as the reciprocal of MEVL in Equation 1, was used to indicate the
composition of the vehicle population passing the detection area, as shown in Equation
(41) (165).

Uj

N, 1
ViZ 770G (41)
In a fixed g-factor model (166; 167), MEVL is assumed constant, and the speed
variance of vehicles within the interval is discarded (14). However, this method was
verified viable only when the traffic condition is congested (163); otherwise, the MEVL
may be biased under a free-flow state. However, in practice, the traffic congestion and
LT volume could significantly affect the value of MEVL (165). Hence, a dynamic g-
factor (or MEVL) was explored to account for the length variation. For example, Wang
and Nihan (168) modeled the MEVL as a log-linear function of independent variables
including volume, expectation of occupancy, low-volume dummy, etc. Low-volume
dummy variables are set to one when the hourly volume is less than 30 for better
regression. In such a way, the variation of MEVL was captured, which certainly presents
the variation of vehicle composition across the day. Coifman (163) noticed that the
relation of MEVL and rest parameters in Equation (40) becomes ambiguous in free-flow
conditions. Thus, an exponential filtering method was imposed on MEVL when
occupancy is less than 10% (free-flow condition). However, this approach is over-reliant
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on empirical data because of the selection of a threshold for the free-flow state and the
value of MEVL for the congested period. Notably, these studies realized that the
estimation of MEVL is closely subject to the traffic status and should be dynamic. Wang
and Nihan (169) proposed a method by applying volume and occupancy observed at each
interval to adjust the MEVL during each short period (e.g., 5 minutes). To reduce the
impact of LT on MEVL estimation, they first separated the SV and LT by critical MEVL.
Then the basic SV length was updated by intervals without the presence of LT. However,
their work relies on two important assumptions. One is that speed within a period (i.e., 5
minutes) is assumed constant to prevent the accumulated error from modification.
The other assumption is that at least two intervals only have short vehicles. With this
assumption, the MEVL can be proportionally adjusted based on the length of SV. The
results indicate that LT estimation had higher accuracy in uncongested conditions than in
congested conditions. Although MEVL can be measured or adjusted through traffic
volume or traffic conditions, previous methods still depend on empirical data on speed or
vehicle length.
Ni l_i 0-31.
i= 70, Tl
Considering the difficulty of obtaining the empirical data in some cases, pursuing
accurate speed is another approach to getting MEVL. Using volume and occupancy data
from a single loop detector, Dailey expanded Equation (40) by considering the
variability of speed in each interval sigma,%i (170) as shown in Equation (42) Based on
this non-linear relationship, an Extended Kalman Filter (EKF) was implemented to solve
the speed at each interval. However, two unknown parameters, the variation of speed and
MEVL, are needed in this filtering process. Furthermore, a later study found that the ratio
a,?i/vl-2 is small and consequently, it can be ignored (168). Nevertheless, Zhang, Xie and
Ye (171) and Zhang, Wang and Wei (172) implemented Unscented Kalman Filtering
(UKF) to generate speed estimation based on the formulation (Equation (42) derived by
Dailey (170) Results show that speed estimated from UKF did work better than EKF
under various traffic conditions. Instead of estimating speed from a complicated
relationship described by the traffic fundamental stream model, Kwon, Varaiya and
Skabardonis (173) proposed a simple method relying on the speed correlation between
lanes. However, this approach only works for freeway locations with truck-free lanes
which are easily violated. Given the MEVL, the speed of the truck-free lane can be
obtained through Equation (40); then, by applying the correlation coefficients observed
from empirical data, the other lanes' speeds were estimated indirectly. Thus, this
approach is also subject to the coefficients between lanes, and the accuracy of speed
estimation is highly dependent on the choice of coefficients. On top of using aggregate
volume and occupancy directly, Hazelton (174) assumed a random walk by simulating
the individual vehicles’ speed at an interval. A Markov Chain Monte Carlo (MCMC)
model was applied to estimate the aggregate speed over an interval. As Ye, Zhang and
Middleton (175) and Dailey (170) stated, this approach considered the error of
measurement (e.g., error of occupancy). However, it is subject to the prior information on
vehicle length, error of speed, and error of occupancy, which could affect the posterior
distribution of speed.

+ 1] (42)
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Once the MEVL for each detection interval is obtained, the problem of estimating
LT becomes how to allocate the SV and LT given the aggregate volume. Wang and
Nihan (168) assumed both SV and LT follow normal distributions, with MEVL of SV
and LT obtained from empirical data. Wang and Nihan (169) determined the best
combination of SV and LT in terms of minimizing the distance between the sample
interval and category, given a limited combination of SV and LT within the rolling 30-
second time window. However, in the real world, SV and LT would not always follow an
exact normal distribution. Hence, supposing the distribution of SV and LT are
independent, irrespective of distribution type, Zhang, Xie and Ye (171) and Kwon,
Varaiya and Skabardonis (173) rearranged the MEVL by the expectation of average SV
and LT length. Therefore, given the SV and LT length from historical data, and MEVL
from the speed estimation, the numbers of SV and LT are directly solved. However, the
lengths of SV and LT are fixed for all periods in a day, which is only suitable for the
stations in which SV and LT lengths are highly proportional.

Unlike the above algebra approaches, Zhang, Wang and Wei (172) applied
Artificial Neural Network (ANN) to link occupancy, volume, and timestamp from single
loop detectors to the volume of different vehicle types (e.g., car, trucks, etc.) from dual
loop detectors. With the supervised learning approach, various complex relations between
occupancy, volume, and vehicle type volume can be captured. Notably, as they stated,
this method can accommodate heavily congested traffic by retraining the ANN model
using data collected under congestion conditions. Because of this training requirement,
this approach highly relies on dual loop detectors, and the performance of the trained
model in other locations is unknown due to the potential spatial heterogeneity of traffic
flow.

In conclusion, two limitations were found in previous studies regarding LT
volume estimation using occupancy and volume data. First, estimating MEVL heavily
relies on exogenous data such as dual-loop data for vehicle classification or vehicle
length distribution, which is hard to obtain without extra detectors. Second, most of the
approaches cannot accommaodate various traffic conditions. In a few cases where good
performance is reached throughout the day, their work is limited to a specific situation or
location (127; 129; 137).

Methodology

Given sensor inputs of aggregate volume and occupancy during a 30-second interval, the
best combination of SV and LT can be estimated according to their intrinsic relationship,
as Equation (40) shows. This study developed two methods based on simple loop
detector data and Waze speed, separately. In addition, two methods from existing
literature were implemented to serve as a benchmark for the proposed techniques. The
following section elaborates on different methods.

Method 1. Optimization based on traffic volume and occupancy.

Since we cannot capture individual vehicles’ lengths through conventional loop detectors,
we must assume the typical values for the length of LT and SV. However, the constant

vehicle length is barely realistic and will undoubtedly produce a discrepancy between the
estimated total vehicle length and the observed total vehicle length. Alternatively, we use
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the occupancy which is proportional to vehicle length because we can obtain occupancy
from loop detectors directly. Therefore, this method comes down to minimizing the
difference between estimated occupancy and observed occupancy, subjecting to a series
of constraints. The objective function can be written as:

minimize: |0, — O,| (43)
where 0, and O, denote the observed occupancy and the calculated occupancy based on
the "best guess" of vehicle combinations for an interval, respectively.

Given the assumed vehicle length for SV and LT, denoted as L, and [,
separately, O, can be formulated as the sum of SV occupancy and LT occupancy, which
takes the form:

O, =m-0gy +n- 0y

=m-01-lsv+n-01-llt

where O, and O;; denote the average occupancy of SV and LT for an interval.
Furthermore, they are decomposed by unit occupancy 0, (i.e., occupancy per foot) so that
the occupancy of SV and LT can be adjusted implicitly through the vehicle length
variables. Furthermore, utilizing unit occupancy has the potential to decrease
measurement errors in vehicle occupancy compared to estimating the average occupancy
of SV or LT vehicles. In this study, the unit occupancy is inferred by the short vehicles.
Equation (45) gives the calculation of unit occupancy. The numerator characterizes the
distribution of occupancy for a typical SV. The coefficient 'a’ can be interpreted as the
fundamental occupancy, with other occupancies at varying speeds being exponentially
related to this baseline value. For example, if a 15-feet SV (lg,) is traveling at 60 mph
(vp), its occupancy would be 0.174 seconds, or 0.57% (a) (in accordance with typical
detector output format) if the detector interval is 30 seconds. Parameter c is a constant
value resultant from the unit translation. The coefficient b represents the typical
occupancy of an SV traveling at 60 mph.

(44)

0 .. Yo,
a-ep €T, ¢°" (45)
l = =
lS'U lSU

We should notice that occupancy can be affected by vehicle speed. For instance, a short
vehicle takes a longer time to traverse detector in a congested period than a free-flow
period. Therefore, the unit occupancy should be represented concerning the vehicle speed
to accommodate the different traffic conditions. Equation (46) further decomposed
Equation (45) into:

(46)
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c
zv_'(m'(lsv'a)-l'n'(llt'a))

o
Where a = v, /v serves as a regulator that can represent the varying traffic situations. By

assuming v, — 8 < v < vy, + &, where § denotes the speed deviation (e.g., = 5 mph),
Given that theoretical speed may differ from the actual speed, the « is further refined by a
lower bound value a' and upper bound value a*:
L —— (47)
V,+8 vy—96
Where § is speed deviation (e.g., = 5 mph). Then, the ratios a! and a* are integrated
into gy and [ by extending the upper bounds and lower bounds of SV and LT length:

L&y = min {lg X @', lgy — Age} (48)
1%, = max {l;; x a", lgp + Ag} (49)
lir = min {l; X @', lr — Ay} (50)
I“ = min {l;; X a', l;7 + Ay} (51)

Where A, and A, denote the variation of vehicle length, separately. Hence, the vehicle
length of SV and LT is allowed to vary within the range given by Equations (52)-(53),
separately. Equation (54) gives an equality constraint that formulates that number of total
vehicles should be equal to the observed traffic count from the detector. Besides, the
number of SV and LT should be non-negative values and no greater than the observed
traffic count, as Equation (55) shows.

Ly < oy < I (52)

b <l <t (53)
m+n=N; (54)
0<mmn<N,{mn}eN* (55)

where (L%, I%), (I}, [%) are the boundary of the length of SV and LT.

Combining all information from Equation (43)-(55), the whole integer
optimization is formulated. Some might claim that this is not a valid linear programming
problem since two decision variables in Equation (44) are multiplied together, which
violates the assumptions of linear programming. Others might claim that it is an integer
programming problem because decision variables are integers instead of inclusive
segments. Both claims are false by considering there are only (N+1) possible
combinations for N vehicles in the 30-second time interval, the problem can be viewed as
enumerating the LP problem (N+1) times by fixing decision variables m and n. Since N
is restricted by the capacity, the problem can be solved in polynomial time complexity by
enumerating LP (N+1) time (176). Similarly, the absolute error objective function is not
of simple linear form but is piece-wise linear and therefore can be converted to the
standard linear programming problem by adding auxiliary variables (176). By adding an
auxiliary variable A, the original linear optimization problem with absolute difference
objective function is reformulated by substituting the objective function to the (56)
adding two more constraints (Equations (57) and (58)) for the auxiliary variable A, with
everything else staying the same:
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minimize: A (56)
0,—0, <A (57)
0,—0, <A (58)

Method 2. Lane-to-lane speed correlation

The method was proposed by Kwon et, al., in 2003 and is implemented by the PeMS
system (173). Two conditions must be met for this approach to work: first, there must be
a designated lane for trucks in the freeway locations; second, the speed must be strongly
correlated between the lanes. With these two conditions, the authors start by calculating
the speed for truck free lane by the following relationship:

— . . N(i'j)' lsv

") =507 (59)
Where (i, j) denotes the speed for truck-free lane i at j interval. N(i, j) and
0(i, j) denote the volume and occupancy of a truck-free lane i at j interval. [, is the
average length of short vehicles, which is a constant value in this study. Outer lanes
usually exhibit slower speeds whereas we can infer the speed of outer lanes via the speed
correlation B(i’, i). Hence, the outer lanes speed can be represented by:

v(@, ) = BQ", D) v, )) (60)

Notably, i’ represents the outer lanes which are truck-rich.
With the speed estimated above, the total vehicle length can be solved by:

- o', j)
L3 ) =v(,))  —— 61
@) =v@j) NG (61)
And then the truck proportion by:
Ny s Z’(l,l]) _l_
pUJ) =~ (62)
It = tsv
The truck count for interval j is then estimated by:
e (0,)) = p(@" ) - N J) (63)

For further details about this approach, please refer to the original research paper (173).

Method 3. Dynamic estimation

This method is proposed by Wang and Nihan in 2004 (169). Likewise, this method
targets discovering two types of vehicles including SV and LT using traffic volume and
occupancy from a single loop detector. There are two fundamental assumptions
underlying this method. The first is that the speed of vehicles remains constant within
each defined period, which typically comprises several intervals (e.g., 30 seconds). The
second assumption is that every period contains at least two intervals in which no LTs are
present. The first two smallest occupancy-to-volume ratios are used to select the two
intervals with no LTs as this ratio is linearly proportional to vehicle lengths, given speed
v is constant within a period j (See Equation (64)).

—_0G) .

) =gy v T (64)

86



Therefore, the vehicle length of average SV length can be estimated by using these two

intervals output, that is:
T N Osv(i) . N _ Op(i) + Op+1(j) . N
08,0 O T N g T (¢

As a result, for the intervals in period j that are not screened out, the total length of
vehicles [, (j) can be proportional to the length of shorter vehicles, because the constant
speed can be canceled out between intervals.

l_k(]) = Ok(l-) ' Nsv(].) ’ l_sv (66)
Nk (]) Osv (])
To minimize the impact of random errors on the computation, the algorithm incorporates
new occupancy and volume data obtained from intervals without LTs to update the short
vehicle occupancy O, (j) and volume Ny, (j). Whether an interval contains no LTs is
determined based on whether the average vehicle length within that interval is smaller
than the length of any vehicle that includes at least one truck. Ultimately, the algorithm
iterates all types of vehicle combinations and selects one that produces the minimum
distance d,, (j) between the composite vehicle length I, (j) and the mixed vehicle
distribution (calculated by a Gaussian distribution with mean = p,,.(j) and variance =

orx(J)), as Equation (67) shows.
L () — lloop = tiex ()

dkx(i) = | ;
Orx(J)
Where [,,,, is the length of the detector. In contrast to method 2, this approach improves

truck estimation by accounting for the variation of vehicle length that follows a Gaussian
distribution, which is more realistic. For more details about this approach, authors can
refer to the original paper (169).

| (67)

Method 4: straightforward estimation

Speed, as shown in Equation (40), is another crucial element in calculating the vehicle
length. However, speed data is barely available because most detectors like single loop
detectors are unable to measure the complete length of vehicles that pass over them.
Nonetheless, some separate data sources such as probe vehicle data can provide coarse
speed information around the detectors. When speed from a separate source is available,
overall vehicle length [; can be directly estimated by Equation (68).

li =V Oi (68)
Further, [; is broken down into the total length of SV and LT, which can be expressed as:
Li=m-ly,+n-1; (69)

To address the potential misclassification of short vehicles in a congested period, the
average length of short vehicles is modified based on the speed. Specifically,

Vg -

— sy (70)
L

Where v is the speed limit. The factor v,; /v; elongates the vehicle length when speed

decreases thereby preventing the incorrect classification of short vehicles as long vehicles

due to the longer presence on the detector.

17
lsv
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Compared to the lane-to-lane speed correlation approach, this method eliminates
the need for assumptions regarding the absence of trucks in a lane and the correlation of
speeds between lanes. However, the speed comes from the exogenous data source, which
may be biased.

Method evaluation

To evaluate the overall performance of proposed models, Mean Absolute Error (37) is
computed:
n=N

1
MAE = N Z [Tese — Nobs| (71)
n=1
Where |n.s; — n,ps| Calculates the absolute error (AE). n,; denotes the estimated
number of trucks and n, ;¢ represents the observed number of trucks from detectors. N
denotes the number of samples, which could be the number of days, number of hours, and
SO on.

Data Description

The primary data of this study contains PeMS detector data and Waze Speed data.
PeMS is maintained by the California Department of Transportation. It provides a large
amount of traffic detector data and weigh-in-motion (WIM) vehicle classification data.
This study selected four loop detector stations (177) that have WIM stations installed
nearby to compare the effectiveness of various methods for estimating truck traffic
volume. The detector data comprises information on traffic volume and occupancy for
each lane for every 30-second interval. The WIM station provides hourly traffic volume
data for each lane, segmented by vehicle types, which serves as the ground truth of truck
traffic. Additionally, the study collected data on Waze speed for short segments that pass
through these stations. The Waze speed is aggregated from crowdsourced Wazers' vehicle
speeds by the Waze map itself and is reported at one-minute intervals, without
distinctions between lanes. The quality of Waze speed may be affected by the population
of Wazers at different times of day, as reported by an early study (60).

All the data were collected between November 15, 2022, and February 15, 2023.
The configuration of selected detectors is shown in Table 10. Since truck traffic can be
affected by economic activities, population density, land use, and many other factors, one
station has been selected from an urbanized area and another station from a rural area,
while ensuring that this selection is not biased toward any specific area. Figure 25 shows
the location and roadway geometry of WIM stations. Note that the Westbound section of
station 34870 has WIM sensors installed in four out of five lanes, while the Eastbound
section has WIM sensors installed in all five lanes. At station 34630, WIM sensors are
installed in all lanes. Truck percentages are calculated based on all WIM observations
during the study period. Stations in the urbanized areas are observed with relatively few
trucks traffic coming in and out of the city. The city’s inbound truck traffic is nearly half
of the outbound truck traffic. Station 34630 recorded a significantly higher amount of
truck traffic for both directions during the study period. Comparatively, it suggests that a
fraction of trucks may circumvent the city area due to its higher levels of congestion
compared to rural areas.
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Table 10. Configuration of WIM and LDS stations

WIM LDS Highway Direction Lanes Truck Population
station station percentage
34870 313405 1-80 w 4/5 1.7% Urbanized
313406 1-80 E 5/6 3.2% Urbanized
34630 3412044  1-80 w 3 9.6% Rural
3412041  1-80 E 3 10.4% Rural
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Figure 25. Location of WIM and LDS detector statios.
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Results

Specification of parameters

As per the outlined methodology, it is essential to determine the average length of
SV and LT for all approaches. The preliminary distribution of vehicle length was
presented based on the three-month WIM data. As shown in Figure 26, two distinct
modes can be observed, with the left mode corresponding to short vehicles and the right
mode representing LT. However, it should be noted that the WIM system only measures
the spacing between the vehicle's axles and may not necessarily record the whole length
of the vehicle. Therefore, the distribution of actual vehicle lengths should be slightly
shifted towards the right. By considering the vehicle head and tail, we choose 15 feet and
65 feet to be the average lengths of short vehicles and LT respectively. While a more
proper value for two types of vehicles can reduce the error of estimation, there are many
places where vehicle length is not readily available. When the proposed algorithm is
implemented for these places, the average vehicle length of SV and LT can be
determined by referring to the relevant local regulations about these vehicle types.

Besides the commonly used parameters, some method-specific parameters need to
be carefully determined. Regarding method 1, to establish an exponential relationship
between the occupancy of short vehicles and the observed occupancy of mixed vehicles,
the parameter 'a’ in Equation (45) is set to 0.58. This value is calculated based on the
estimated time it takes for a typical short vehicle traveling at 60 mph to pass over a
detector, which is 0.174 seconds or 0.58% of a 30-second interval. The parameter 'b" in
Equation (45) reflects the typical traffic conditions that allow a short vehicle to drive at
60 mph consistently. The parameter 'b" is customized to each specific site as the degree of
difficulty for a short vehicle to maintain a speed of 60 mph can vary depending on the
location and characteristics of the roadway. As a result, the value of this parameter is
selected based on the minimum estimation error for one day's training data. This ensures
that the parameter accurately reflects the specific traffic conditions at each site and
produces the most accurate estimates possible. Finally, 'b' is set to be 40 (%) for station
34630 and 22 (%) for station 34870. This makes sense as station 34870 is situated in
urban areas where there is typically heavier traffic than station 34630 which is in rural
areas. Turning to method 2, the additional parameters that need to be set are the lane-to-
lane speed correlation. This study refers to the original paper (173) and applied the
following values for the algorithm: g(2,1) = 0.95, 8(3,1) = 0.9 and 8(4,1) = 0.85. In
relation to method 3, the standard deviation of the length of SV and LT are set at 2 and 5,
respectively. Additionally, the length of the loop detector used in this method is 6 feet
which is the same as the value applied in the original paper (169). In method 4, the speed
limit vg; is 70 mph. Waze speed was found to be noticeably different from traffic
detectors speed conditional on traffic situations. As a result, this study adjusted the speed
values based on the results of a prior evaluation study (60) to reduce the impact of bias on
truck volume estimation. Specifically, the adjustments to the reported speeds are as
follows: a 17.0% reduction was applied to speeds ranging from 0 to 45 mph, a 6.3%
reduction was applied to speeds ranging from 45 to 55 mph, and a 14.6% increase was
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applied to speeds exceeding 55 mph. Further study is needed to clarify how much
variance of Waze speed is acceptable for the proposed algorithm.

Estimation of truck volume

On most freeways that have three or more lanes, the left-most lane is typically
designated as a lane for non-commercial vehicles only, prohibiting the access of trucks
and other large vehicles. Although the truck-free lane regulations are in place, it is still
possible to observe some trucks using the truck-free lane. Nevertheless, the overall
volume of truck traffic in the truck-free lane is anticipated to be lower than in the other
lanes. Hence, we compared the performance of methods on truck-free and truck-rich
lanes. Figure 27 and Figure 28 show the hourly absolute error of different methods for
WIM stations 34870 and 34630 separately. Notice that station 34870 has much less
overall truck traffic than station 34630 (see Table 10). For each figure, the upper plot
shows the truck-free lane’s results and the bottom plot shows the truck-rich lanes’ results.
The box plot highlights the variation of error, and the pink line exhibits the hourly truck
percentage. Comparing Figure 27 and Figure 28, several observations can be made:

For estimation of the truck-free lane, Method 1 (optimization, green box) and
Method 4 (straightforward, pink box) tend to overestimate the truck for the afternoon
peak hour (i.e., 15-19). The degree of overestimation varies across different stations,
primarily attributed to the traffic volume at peak hours. Station 34870 is located in an
urbanized area that experiences higher traffic than station 34630 which is in a rural area.
Noticeably, only Method 4 appears to be a slight overestimation for station 34630.

For estimation of the truck-rich lanes, all methods tend to produce larger errors
and more outliers for station 34870 than 34630. It is important to highlight that all the
methods demonstrate superior estimation performance for nighttime truck traffic in
comparison to daytime truck traffic. This suggests that our proposed methods (i.e.,
Method 1 and 4), as well as the methods found in the literature (Method 2 and 3), are
effective when the volume of truck traffic is high. In this regard, Method 3 (dynamic
estimation, yellow box) shows a smaller estimation error than other methods. Method 1,
method 2, and the literature methods generated similar error patterns. However, when it
comes to daytime, our proposed Method 1 and Method 4 yield higher average absolute
error and greater variation in error than the methods found in the literature. However,
regarding station 34630, Method 1 generated a comparably low average error and
exhibited less variation in errors than the other methods, regardless of the time of day.
The error pattern generated by Method 4 appears the difference between daytime and
nighttime. Method 4 performs similarly to Method 3, and both generated higher error
rates than Method 2 (lane-to-lane speed correlation, highlighted by the blue box). This
suggests that Method 1 is the most robust when the volume of truck traffic is high,
followed by Method 2, Method 4, and Method 3. Method 3 produced the highest error
rates, primarily because it assumes that there are at least two intervals that have no truck
presence in a short period. However, this assumption is unlikely to hold during times and
at stations with high levels of truck traffic. Violating this assumption undoubtedly causes
large errors.
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Table 11 and Table 12 provide a summary of the absolute error on an hourly
basis, classified according to peak and off-peak hours for WIM stations 34870 and
34630, respectively. Both tables reveal that peak hours’ truck volume is much lower than
off-peak hours. Regarding station 34870, the average error and variance during peak
hours were found to be higher for the two proposed methods (Method 1 and 4) in
comparison to the two literature methods (Method 2 and 3). In contrast, Method 1
demonstrates a considerable reduction in error when the percentage of trucks increases
during off-peak hours. However, its performance is slightly inferior to Method 3 in this
regard. Likewise, the reduction of error was observed for Method 4 in estimating off-
peak hours truck traffic. The results show that Method 4 performs better than Method 2
regarding the average error, yet Method 4 yields a larger variance of error. During off-
peak hours, the speed of traffic lanes can be closely matched, and adjusting the speed
values using standard discount factors may negatively affect the accuracy of truck
volume estimation. On the other hand, the larger variance of error produced by Method 4
may be attributed to the reduced Wazers’ population during off-peak hours, especially for
nighttime hours. Turning to station 34630, the truck proportion is increased for both peak
and off-peak hours. Method 1 outperforms and generates the lowest average error and
variance of error for both periods. Method 3 generates the largest error rates because the
assumption of Method 3 is likely to be violated when truck traffic increases. Finally,

Table 13 shows the daily MAE for the study period. For station 34870, Method 3
outperforms, followed by Method 1, 4, and 2. For station 34630 Method 1 outperforms,
followed by Method 2, 4, and 3. In the future, researchers could explore the possibility of
combining different methods to enhance the accuracy of truck volume estimation. This is
because the optimal estimation method tends to change with variations in the percentage
of trucks.

Discussion

To calculate the total length of vehicles for a detection interval, the speed is typically
needed in addition to the traffic volume and occupancy. As a result, the two methods
described in the literature begin by estimating the speed for shorter vehicles, assuming
different truck-free presence scenarios. After addressing the speed for beginning periods,
then the following speed can be proportionally updated by incoming traffic occupancy
and traffic volume because the vehicle speed is proportional to the inverse of occupancy.
However, there are two limitations to this proportion idea. First, the assumption may not
hold as the truck traffic increases. For the lane-to-lane speed correlation method, it may
not be workable for two-lane freeways which is quite common in rural areas. Although
the dynamic estimation method does not require a truck-free lane, the assumption that at
least two intervals in a short period (e.g., 5 minutes) is barely possible for the areas with
heavy truck traffic such as commercial or industrial zones. Second, the estimation result
is prone to be correlated, and so is the error. It is the prominent issue of the proportion
method. Both traffic volume and speed demonstrate autocorrelation. However, once the
assumption is not satisfied, the error would be propagated and magnified forward. In
addition to the limitations of proportion philosophy, another significant issue of existing
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methods is the fixed vehicle length, which is hard to accommodate the varying traffic
status. Even though the dynamic estimation method considers the vehicle length
Table 11. The hourly absolute error of WIM station 34870 (low truck traffic).

Period Method Truck Pct. Method 1 Method 2 Method 3 Method 4

Peak hours Mean 2.38 34.02 35.04 25.01 35.72
Std. 2.96 55.22 33.43 19.57 46.94

Off-peak hours Mean 591 16.80 26.11 14.13 24.04
Std. 9.78 18.85 26.63 20.63 30.21

“Note. a) Peak hours are defined as the time between 6-9 AM and 3-7 PM, while the
remaining hours are off-peak hours. b). Truck Pct. is the percentage of trucks measured
by each hour at peak or off-peak. c). Std. is the standard deviation.

Table 12. The hourly absolute error of WIM station 34630 (high truck traffic).

Period Method Truck Pct. Method 1 Method 2 Method 3 Method 4

Peak hours Mean 11.95 8.93 15.07 30.52 23.48
Std. 11.64 10.61 14.96 27.84 25.86

Off-peak hours Mean 26.70 8.40 12.02 30.72 16.92
Std. 23.92 10.73 13.42 30.26 23.24

Table 13. Daily MAE of WIM stations.

WIM station  Statistics Truck Pct.

Method 1 Method 2 Method 3 Method 4

34870 Mean 3.37
Std. 4.02

34630 Mean 14.54
Std. 11.23

21.67
16.98
9.07
6.79

26.62
16.69
12.88

8.14

15.62
16.03
30.38
22.31

25.59
17.49
18.42
12.73
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distribution for assigning vehicle counts, the distribution itself is not linked to the speed.
Hence, this type of model tends to overestimate the long trucks in peak hours. In
comparison, the optimization method proposed in this study is free of truck-free
assumptions. The optimization is performed for every individual interval. Hence, the
estimation is independent of neighboring observations. Moreover, the optimization
framework is compatible with errors arising from the assumed vehicle length, and the
gross relation between speed and occupancy. The error, namely, the difference between
observed and calculated total occupancy, is minimized by adjusting the vehicle length
according to the speed. Therefore, short vehicles are prevented from being classified as
long trucks when the vehicle speed is low (e.g., during peak hours).

It's undeniable that the accuracy of the total vehicle length calculation, based on
the fundamental relationship between speed, length, and time, depends heavily on the
accuracy of the speed measurement. While accurate speed estimation is crucial, it may
not necessarily guarantee accurate vehicle classification. This is analogous to solving an
equation with two variables, given total vehicle length (L) is known. For instance, the
solutions of Equation (72) are not unique, given the constant length of short vehicles
Ly, and long trucks L;;. If L;; is not connected to the vehicle speed, the number of long
trucks is prone to be greater to match a larger total vehicle length in a congested period.
In other words, a fraction of short vehicles is misclassified as long trucks. This study
addressed this issue by allowing vehicle length to vary within a range concerning the
vehicle speed (or occupancy). The upper bound of short vehicle length is virtually
augmented proportional to the inverse of vehicle speed (or the occupancy). Therefore, the
short vehicle is less likely to be classified as the long truck when the short vehicle
occupies the detector for a while.

m-Lg,+n-Ly=1L (72)

Many traditional detectors are not able to collect the speed and many external
speed data sources are usually aggregated at a gross granularity. Obtaining accurate speed
is barely possible. For instance, the crowdsourced speed exploited for method 4 is
collected from probe vehicles. The speed is measured based on a fraction of road users
and aggregated to a roadway section, without distinguishing the difference between lanes.
The speed quality is likely to be affected by the penetration of probe vehicles. Hence,
method 4 is not as sound as method 2 which applies the lane-to-lane speed correlation.
On the other hand, with the aid of external speed, truck-free assumptions are no longer
needed. Therefore, method 4 is better than method 3 (dynamic estimation) when truck
traffic increases.

Conclusion

LT volume data are important for many purposes in transportation planning and
economic development. During the early development of state transportation, single loop
detectors were extensively implemented due to their cost-effectiveness and ease of
installation and maintenance in comparison to other types of traffic detectors. However,
single loop detectors are limited to collecting only traffic volume and occupancy data
without the ability to distinguish vehicle types. Nowadays, many more “advanced” traffic
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detectors that are equipped with infrared, microwave, and magnetic techniques can
directly identify LT, whereas they are not as widely available as single loop detectors.
Therefore, enabling single loops to deliver long truck volume data is very practical and
beneficial for the development of intelligent transportation systems.

In this chapter, we developed two models to estimate the long truck traffic and
compared their performance with two literature methods. The first model innovatively
formulates the truck estimation problem as an optimization problem. It modifies the
vehicle lengths as a function of speed so that it can accommodate different traffic
statuses. This method only used the traffic volume and occupancy data. If external speed
is available in some cases, the truck estimation could be more straightforward, which is
method 4 implemented in this study. With the speed information, the total vehicle length
of each interval can be solved, and truck volume can be assigned based on the assumed
vehicle length. Likewise, we used the ratio of the speed limit to real-time speed to adjust
the average length of short vehicles to prevent them from being misclassified as large
trucks. This method used the traffic volume, occupancy from loop detectors, and speed
from Waze.

The experiment sites were intentionally selected to reflect the different roadway
characteristics, with one WIM station in the urban area and one in the rural area. Three
months of detector data obtained from these two stations were used to examine the
performance of four methods. Several important findings can be concluded:

a. All methods are susceptible to low truck traffic. They tend to overestimate
the truck traffic for truck-rich lanes of station 34870. Among them, the
optimization method and straightforward method are more volatile than the
two literature methods under low truck traffic contexts.

b. Similarly, all methods achieve higher error rates for daytime peak hours than
off-peak hours due to relatively low truck proportion.

c. Turning to WIM station 34630 which has a higher truck proportion, the
optimization method outperforms for all times of the day. It produces the
smallest average error and variance of error.

d. Crowdsourced Waze speed shows the capability of estimating truck traffic
when the truck proportion is high. The speed-based straightforward method
produces a lower average daily MAE than dynamic estimation (method 3).
Since Waze speed can be collected where there is Wazers’ presence, it is
very flexible to implement this method in other locations.

In sum, the truck proportion is found to be a key element influencing the
estimation results for different methods, which also corroborates the study that was done
early (178). The future study should reveal the minimum truck percentage that is needed
to make optimization methods and straightforward methods warranted. It is also worth
fusing different methods to accommodate complex traffic characteristics and to achieve
higher estimation accuracy.
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CONCLUSION
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This dissertation compiled a series of studies to explore the use of crowdsourced data for
smart transportation management and infrastructure maintenance. Four studies were
conducted to discover pavement potholes and identify pothole hotspots, untangle the
relationships between flat tire incidents and potholes, estimate the incident recovery time
for complete incident time to normal traffic flow, and monitor truck traffic along with
conventional loop detectors data, separately.

First, we exploited crowdsourced pothole reports for pavement evaluation. The
study introduces two use cases for utilizing pothole reports - one for identifying pothole
hotspots, and the other for discovering potholes. Some of Waze's pothole reports might
be redundant and fake which is a common issue of crowdsourced data. Hence, the
proposed two models are all density-based, which can accommodate duplicated and noisy
reports. The first model, namely, the spatiotemporal kernel density model highlights the
location and lifespan of pothole hotspots. It is found that the roads near the center of the
city appear to have denser pothole clusters but with shorter lifespans, compared to rural
areas. This finding may reflect the effectiveness and timeliness of pavement repair work.
The second model, that is spatiotemporal DBSCAN clustered the pothole reports to
identify the potholes. Through the clustering results, we found two types of potholes:
single spot and pothole zones. This finding can assist in deciding between spot patching
or road resurfacing. Moreover, Waze reports were found to be much sooner than the
pothole repair work request. The study also found that Waze reports can contribute to
6.6% to 36.3% of potholes out of the PMS system for Nashville city. In sum, it is
promising to apply Waze pothole reports to facilitate pavement management and
maintenance.

Second, the study aims to untangle the associations and causation between flat tire
frequencies and roadway potholes. The flat tire incidents are extracted from the incident
operation logs, especially those related to disabled vehicles. Moreover, the Waze data is
especially significant as it offers information on pavement conditions throughout the
year, allowing for the possibility of making causal inferences. Considering that pothole
occurrence varies spatiotemporally, a geographically and temporally weighted Poisson
regression model was developed to understand how flat tire frequencies are associated
with the severity of potholes. The results found that pothole severity is positively
correlated with flat tire frequencies, with one unit increase in normalized pothole reports
associating with 7.2% more flat tire incidents. Moreover, the correlation between
potholes in the central area of the city and the frequency of flat tires appears to be
stronger compared to rural areas, which could be attributed to the higher traffic volume in
the city. From a temporal perspective, pothole has a comparatively large association with
flat tire incidents during winter months (e.g., December, January, and February) in which
potholes outbreak. Furthermore, a fixed effect Poisson Regression model is established to
infer the causality between potholes and flat tire frequencies. It substantiates that more
potholes can significantly result in more flat tire frequencies. The findings should serve
as a warning to the pavement maintenance crews to repair pavement distress promptly
and efficiently to avoid further damage to vehicles.

Third, the study exploited Waze jam and accident reports to estimate the crash
recovery time to fulfill the total crash time to normal traffic flow (NFT). Different from
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the incident clearance time which can be monitored and recorded by responders, recovery
time is barely available without the follow-up of responders. However, Waze reports can
fill out this blank. The recovery time estimated is interval censored (e.g., the end time of
crash impact is known only to an interval) because Waze users may not exactly capture
the time boundary when traffic returns to normal, thereby leading crash time to normal
traffic flow interval censored. Accordingly, a geographically and temporally weighted
proportional hazard model is developed to address the spatiotemporally varying effects of
covariates of crash time to normal traffic flow. The results found that HELP truck,
Dynamic Message Signs, traffic demand, and in-transit time of first responders
significantly correlate with crash NFT duration, and their association varies across the
time of day and over the space of the study area. This study encourages the incident
responders to deploy dynamic message signs after the incident occurs because it is found
that disseminating crash information is associated with shorter total crash NFT duration.
The proposed model can also be applied to other types of incidents such as disabled
vehicles, road closures, and so on.

Fourth, the study proposed two methods to make single loop detectors capable of
detecting truck traffic, given traffic volume, occupancy from detectors, and speed
information from external data sources. Along with existing studies, we targeted two
types of vehicles: short vehicles and large trucks. The first method is an optimization
method, it aims to minimize the difference between observed occupancy and calculated
occupancy. The objective function is subject to various constraints on the total number of
vehicles and the length of individual vehicles. One significant modification involves
adjusting the length of vehicles based on their estimated speed, which is done to account
for the overestimation of trucks during congested periods. The second method
incorporates the Waze speed along with the traffic volume and occupancy. This method
is straightforward as the vehicle length can be directly estimated with volume,
occupancy, speed, and assumed vehicle length. Besides, we implement two literature
methods as benchmarking. Three-month loop detector data and weigh-in-motion data
from the California PeMS system were employed to test the model performances. The
results show that all methods are susceptible to low truck traffic and literature methods
seem to perform better than our proposed methods. However, when truck traffic
increases, the proposed optimization method outperforms significantly, with relatively
small mean absolute error and variance. Compared to literature methods, the proposed
optimization method is more flexible and tackles the issue of overestimation during low-
speed periods. Although the straightforward method that applies Waze speed is not the
best model, it outperforms the dynamic estimation method. The use of crowdsourced
speed is less effective than the lane-to-lane speed correlation method, primarily because
Waze speed can be influenced by the number of users and does not differentiate between
lanes.

This dissertation demonstrates that crowdsourced data has significant potential to
supplement or substitute conventional methods of gathering data and feedback from
many Waze users, without imposing any extra financial or label costs.

In essence, crowdsourcing is not only an innovation but also a philosophy in data
collection and problem solutions. Despite the advancement in various techniques applied
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in transportation data collection, crowdsourcing would never be altered due to many
merits such as low-cost, extensive geographical coverage, and real-time feed. On the
contrary, the efficacy of data collection can be amplified by implementing these
advanced techniques in a crowdsourced manner. In the future development of
transportation, crowdsourcing should be promoted to decrease the cost of data collection,
fill out the conventional data collection blind spots, and facilitate real-time operation.
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