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Abstract of Dissertation

Development of Incident Detection Algorithms Compatible with Low Temporal-
Resolution Traffic Detectors and Limited Incident Data

With the emerging connected travel environments in the era of intelligent
transportation systems, proactive and responsive traffic and safety management tools are
desired. Such tools may include an incident detection platform that can distribute real-
time traveler information to raise drivers’ awareness of potential and existing traffic
incidents and dispatch timely police and emergency service to contain the post-incident
losses and impacts.

Most of the incident detection algorithms in the offered platforms, however, require
traffic detector data with high collection frequency (e.g., 30- or 60-second interval) to
achieve desired detection outcomes. In addition, most of the adopted/proposed incident
detection algorithms in the past three decades, especially those implementing machine
learning (ML), were framed as fully data-driven approaches; dedicated incident data
libraries were thus built demanding manual investigations/screenings on incidents. In
reality, high-temporal-resolution traffic detector data and comprehensive incident data
with significant spatial-temporal coverage are not readily available.

In line with the above limitations, the objective of this research is to investigate the
potential of the prevailing traffic detector data (i.e., collected/archived with relatively low
frequencies by isolated detector stations) in detecting incidents on the corresponding
local roadway segments while using collision data as the only available data regarding
incidents to frame and solve the incident detection problem. Accordingly, two incident

detection algorithms, being either semi-data-driven or non-data-driven, were developed.



The first incident detection algorithm adopts a recurrent neural network while
changing with alternative yet available data input and use a balancing problem to gain
desirable incident detection outcomes when the temporal resolution of traffic detector
data and the availability of incident data are limited. Such two-step approach can leverage
the learning capability of artificial intelligence (Al) in interpreting traffic flow dynamics
but does not rely on specific ML models for direct incident/non-incident classification.

The second incident detection algorithm adopts the conventional flow, density and
speed measures as input and partitions the flow-density fundamental diagram (FD) into
different regimes. Based on the positions of flow-density points in FD, the associated
roadway operations are allocated into these regimes and through characterizing the
keeping/changing of regimes accompanied by a speed drop, different incident formation
scenarios are defined for incident detection purposes.

The two proposed algorithms are then compared to the existing algorithms showing
their superiorities given the available traffic detector and incident data. The two proposed
algorithms are also compared to each other demonstrating their respective advantages

with different objectives and priorities on incident detection.
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Chapter 1.  Introduction

1.1. Motivation

Motor vehicle crashes (i.e., traffic collisions) and traffic congestions are two issues
causing tremendous economic and societal losses, to which the corresponding solutions
may be found in the domain of transportation engineering. According to the latest Traffic
Safety Facts Annual Report distributed by National Highway Traffic Safety
Administration (NHTSA, 2021), there were 6,756,000 police-reported crashes in the
United States (US) in 2019, marking the second highest in the 2010s. Among them,
33,244 are fatal, 1,916,000 are injury and 4,806,000 are property-damage-only. These
numbers may be converted into the exposure rates that there were 1.11 fatalities and 84
injured persons per 100 million vehicle miles traveled, 12.06 fatalities and 916 injured
persons per 100,000 registered vehicles, or 15.78 fatalities and 1,198 injured persons per
100,000 licensed drivers due to motor vehicle crashes. Since 1966 (the first year with
data availability), these rates had been characterized by consistent decreases over the
years until the 2010s, during which the rates leveled off. Given the steadily increased
travel demand quantified by vehicle miles traveled, more crashes are expected in the near
future. According to the estimate in 2010 (Blincoe et al., 2015), the direct economic cost
of motor vehicle crashes came to 242 billion dollars, representing the equivalent of 1.6%
of the real US Gross Domestic Product. When adding the value of societal harm, the cost
of crashes totaled 836 billion dollars. Such figure represented a 20% increase from its
proceeding estimate in 2000 and, without countermeasures, the total annual cost of motor
vehicle crashes may hit one trillion dollars in the 2020s. In addition to collision costs that

individual drivers are less likely to suffer, Americans on average lost 99 hours a year due



to traffic congestion, costing them 1,377 dollars and running into a total of 88 billion
dollars in 2019 (INRI1X, 2020). Though the average hour loss was cut down to 36 hours
due to the reduced travel demand during the pandemic in 2020, a 10-hour increase was
observed in 2021 (INRIX, 2022) and given the post-pandemic recovery of travel demand,
a “bounce-back™ is expected in 2022.

Given collisions are one major type of traffic incidents (other types of incidents may
be related to, for example, inclement weather conditions, roadworks, road hazards
resulting from pavement failures, debris, animals, etc., and special traffic controls) and
incidents are likely to induce nonrecurrent congestions (in contrast to congestions during
morning/afternoon rush hour period that can be observed recurrently without any major
disruptive events) on specific well-travelled roadway segments, a timely, accurate and
efficient incident detection platform is beneficial to addressing the above two issues.

With the emerging connected travel environments in the era of intelligent
transportation systems (ITS), proactive and responsive traffic and safety management
tools are desired. Such tools may include an incident detection platform that can 1)
distribute real-time traveler information to raise drivers’ awareness of potential and
existing traffic incidents and help them modify their trip choices by, for example,
changing departure time, rerouting, or switching to alternative modes, and 2) dispatch
timely police and emergency service to contain the post-incident losses and impacts by,
for example, rescuing the injured, deploying specific traffic controls based on incident
conditions. With the deployment of such platform, both congestion and safety issues

related to incidents/collisions can be mitigated.



1.2. Modeling Framework

In the realm of traffic and transportation engineering, incidents may be defined as
nonrecurrent events leading disruptions to their surrounding traffic flows on the
corresponding local roadway segments; nonrecurrent congestions may then be the
secondary events to incidents on specific well-travelled roadway segments if the
incidents induce certain bottlenecks; collisions, being one important incident type causing
property damages, injuries or even fatalities, are more well-documented with the
associated data being available/accessible compared to other types of incidents.
Therefore, incidents can be seen as a broader term covering both nonrecurrent
congestions and collisions and such term is generally adopted as the subject being
detected by the proposed/deployed detection platforms. The reasoning under adopting the
broader term as detection subject may be related to the following remarks:

e Incidents (including collisions) are generally characterized as nonrecurrent events
(thus with low frequency) disrupting normal traffic operation; the detection of all
types of incidents (with or without the presence of congestions) aligns with the
traffic control and safety monitoring purposes without overloading the detection
platforms.

e The classification/characterization of incidents can be a subsequent task to the
detection of incidents through a validation process; such validation process
mainly involves manual efforts, for example, police reports/patrol officers’ logs
and traffic operators’ observation through video surveillance or video data.

This research, aligning with other proposed/deployed detection platforms, adopts

incidents as the subject of detection while the classification of incidents can be realized



through characterizing different incident formation scenarios as discussed in the
analytical incident detection algorithm developed in this research. In addition, the
detection of incident should be fully automatic thus the resulting incident detection
platform is capable of being scaled up for continuous network-level implementation with
consistence detection outcomes across time and space.

The issue of automatic incident detection (AID) for traffic and safety management
has been well studied over the years using 1) multiple data sources/types and 2) multiple
methodologies (Parkany and Xie, 2005). These platforms normally consist of two
components: 1) a data collection component (where the utilized data source/type may
vary across different platforms) and 2) a data processing component (where the proposed
incident detection algorithm, i.e., methodology, may vary across different platforms with
different utilized data sources/types). The data collection component’s role is a) the
sensing/surveillance of the traffic environment, b) the translation of such environment
into encoded data, and c) the storage/streaming of such data into the data processing
component. The data processing component’s role is @) the characterization of the data
and b) the classification of the observed environment into “incident” or “non-incident”
scenario. Based on the output of the data processing component, an alarm/alert is issued
to traffic operators who may verify the outcome through remote or in-person inspection.
Such verification results are then fed back into the data processing component through a
learning module.

Regarding the utilized data sources/types, video camera data (Shehata et al., 2008;
Pucher et al., 2010; Chakraborty et al., 2018) have been an emerging data resource with

enhanced image processing and machine learning capabilities. Some other data resources



include accelerometer and Global Positioning System (GPS) data gathered through probe
vehicles (Wang and Work, 2014; Baiocchi et al., 2015; Kinoshita et al., 2015; Park and
Haghani, 2016; Wang et al., 2016; Asakura et al., 2017; D'Andrea and Marcelloni, 2017)
or mobile applications (e.g., Google Maps and Waze; Senarath et al., 2020; Senarath et
al., 2021; Zhang et al., 2021), social media data (e.g., twitter; Gu et al., 2016; Zhang et
al., 2018) and fusion of data (Dia and Thomas, 2011; Rettore et al., 2020). It should be
noted that probe-based and driver-based data, though featuring their flexibility in spatial
coverage without infrastructural installment, require certain penetration rates that may not
persist over the time; on the other hand, video cameras are not widely deployed if
compared to traditional traffic detectors such as loop detectors and radar detectors.
Therefore, traffic detectors are commonly used by different transportation agencies (e.g.,
state department of transportation) and such devices are accessible as a consistent source
of descriptive traffic dynamics information at the strategically deployed locations. In line
with such setting, this dissertation focuses on using traffic detector data to detect
incidents and the resulting incident detection platform may be advertised to the
transportation agencies for network-level implementation with ease, especially given that
the traffic detector stations are mainly deployed and maintained, and the associated traffic
detector data are gathered and archived by these agencies.

When using traffic detector data for incident detection, the proposed incident
detection algorithms may consist of 1) the preprocessing of data including certain data
transformation and feature extraction processes, and 2) the core incident/non-incident
classifier which classifies the observations associated with the data input into incident or

non-incident scenario. Different incident detection algorithms may have different levels



of dependencies on incident data for developing the algorithms. In particular, a non-data-
driven approach can be established and fully function without incident data; a semi-data-
driven approach can be first initialized as per experience or through roadway
characterization and the utilization of incident data may intervene at any stage to tune and
optimize its performance; as for the fully data-driven approaches, incident data are a
prerequisite of their implementations and given the detection outcomes are specific to the
provided incident data, incident data are expected to be comprehensive (the
comprehensiveness of incident data will be discussed later in the Literature Review
chapter).

Researchers have relied on traffic detector data for incident detection for decades
(Parkany and Xie, 2005). However, until this day, traffic operators in different states are
still not confident of the use of the offered AID platforms. The main concerns of the
traffic operators are 1) the limited roadway coverage of the offered platforms, 2) the lack
of reliability in the output provided and 3) the absence of information regarding the
causes and the characteristics of the incidents formed.

The above concerns may be related to the required data by the platforms against the
actual data availability. For example, most of the incident detection algorithms in the
offered platforms require traffic detector data with high collection frequency (e.g., 30- or
60-second intervals) in order to achieve desired detection outcomes (Stephanedes, 1992).
Moreover, most of the adopted/proposed incident detection algorithms in the past three
decades, especially those implementing machine learning (ML), were framed as fully
data-driven approaches; dedicated incident data libraries were thus built demanding

manual investigations/screenings on incidents which could be time-consuming and labor-



intensive (Castro-Neto et al., 2012). In reality, high-temporal-resolution traffic detector
data and comprehensive incident data with significant spatial-temporal coverage are not

readily available.

1.3. Research Objective and Tasks

In line with the above limitations, the objective of this research is to investigate the
potential of the prevailing traffic detector data (i.e., collected/archived with relatively low
frequencies by isolated detector stations; spatial traffic features therefore are not
considered in this research) in detecting incidents on the corresponding local roadway
segments while using collision data as the only available data regarding incidents to
frame and solve the incident detection problem. Accordingly, two incident detection
algorithms, being either semi-data-driven or non-data-driven, were developed.

The first incident detection algorithm adopts a recurrent neural network (RNN) while
changing with alternative yet available data input (i.e., the speed distribution other than
the commonly adopted traffic flow fundamental measures—flow, density/occupancy and
speed) and use a balancing problem to gain desirable incident detection outcomes when
the temporal resolution of traffic detector data and the availability of incident data are
limited. Such two-step approach can leverage the learning capability of artificial
intelligence (Al) in interpreting traffic flow dynamics but does not rely on specific ML
models for direct incident/non-incident classification (in which comprehensive incident
data are a requisite). In particular, the recurrent neural network is designed for short-term
traffic prediction (with 5- or 15-minute prediction horizon depending on the temporal

resolution of traffic detector data) when accommodating the alternative data input as



multivariant time series; the balancing problem allows the tuning of the detection results
and can be tailored in accordance with traffic operators’ and transportation
administrators’ objective and priority or based on roadway characterization.

The second incident detection algorithm adopts the conventional flow, density and
speed measures as input and partitions the flow-density fundamental diagram (FD) into
three different regimes, namely, the uncongested regime, the recurrently congested
regime, and the incident regime. Based on the positions of flow-density points in FD, the
associated roadway operations are allocated into these regimes and through
characterizing the keeping/changing of regimes accompanied by a speed drop, different
incident formation scenarios are defined for incident detection purposes. Subsequently,
two approaches, one being non-data-driven without the use of any incident data and the
other being semi-data-driven with the tuning using collision data through the balancing
problem, are proposed.

The two proposed algorithms are then compared to the existing algorithms showing
their superiorities given the available traffic detector and incident data. The two proposed
algorithms are also compared to each other demonstrating their respective advantages
with different objectives and priorities on incident detection.

Cross-validation is also performed for the two proposed algorithms, respectively,
showing their robustness by 1) partitioning the utilized data into two sets by time, 2)
migrating the algorithms developed using the first set to the second set, and 3) evaluating

the consistency in detection outcomes resulting from the first set and from the second set.



1.4. Dissertation Outline

Following this introductory chapter, the remainder of this dissertation is organized
as follows: the Literature Review chapter provides an overview on the existing incident
detection algorithms adopted/proposed in the past studies and their classifications, and
the author’s remarks on these algorithms; the Methodology chapter presents the
formulations of the two incident detection algorithms developed in this research along
with the utilized data; the Numerical Results and Analysis chapter evaluates the outcomes
associated with the two proposed incident detection algorithms through comparisons and
cross-validations; the Conclusion chapter summarizes the findings/contributions of this

research before suggesting some future research directions.



Chapter 2. Literature Review

In this chapter, the literature review presented is based on Parkany and Xie’s (2005)
work on roadway-based (or detector-based) algorithms and is extended to cover
additional AID studies published after 2005. Accordingly, roadway-based incident
detection algorithms may be classified as follows:

e Comparative Algorithms

e Statistical Algorithms

e Time Series Algorithms

e Smoothing/Filtering Algorithms

e Traffic Modeling Algorithms

e Atrtificial Intelligence (Al or Machine Learning—ML) Algorithms

Table 1 lists the existing roadway-based AID algorithms. In addition to the above
classification based on the proposed algorithms, depending on whether traffic detector
data from adjacent detector stations are utilized, these algorithms may also be categorized
into station-based or link-based; in specific, station-based AID algorithms aim to detect
incidents in proximity to the detector stations, whereas link-based AID algorithms are
designed to detect incidents on the corresponding links bounded by the upstream and
downstream detector station pairs. One major advantage of link-based AID algorithms is
the inclusion of more descriptive traffic information if compared to station-based AID
algorithms; in particular, link-based AID algorithms may leverage traffic measures (e.g.,
volume, occupancy and speed) obtained at both upstream and downstream detector
stations as well as their corresponding differences and relative differences. However,

given the utilization of adjacent detector stations (in other words, the upstream and
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downstream detector stations where the algorithms are implemented could not be too
distant from each other), link-based AID algorithms in general require more densely
distributed detector stations in a network-level application. Besides basic information
regarding the proposed AID algorithms, Table 2 also describes the traffic detector data
and incident data utilized for training, calibrating and evaluating the corresponding
algorithms. The adopted raw or derived measures from traffic detector data and the
feature space dimension in incident detection are detailed as well. Noted that feature
space here is defined by the variables fed into the core incident/non-incident
classification module of the AID algorithms and there may be discrepancies between the
number of adopted measures from traffic detector data and the feature space dimension in

incident detection if certain data transformation and feature extraction processes present.
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Table 1: Overview of the existing roadway-based AID algorithms.

count the exiting vehicles
with arrival time fitting into
their corresponding
intervals; an incident is
identified whenever fewer
vehicles are counted than the
expected number

Author(s), Algorithm Description Classification
Year
Dudek, Standard normal Calculate the deviation of an | Statistical;
Messer and deviate (SND) obtained traffic measure station-based
Nuckles, algorithm from the mean in units of the
1974 standard deviation (mean

and standard deviation here

are computed over a moving

sampling period in the past)

and compare itto a

threshold to identify

incidents
Cook and Double exponential Apply double exponential Smoothing/
Cleveland, smoothing (DES) smoothing algorithm to Filtering;
1974 algorithm predict the next-minute station-based

traffic measure and adopt

tracking signal accompanied

by a threshold to identify

incidents
Payne, Decision trees (with Use a tree-like decision Comparative;
Helfenbein states); known as the model to check different link-based
and Knobel, | California algorithm traffic measures against their
1976 corresponding thresholds

and identify incidents
Levin and Bayesian algorithm Utilize Bayesian statistics to | Statistical;
Krause, 1979 estimate the incident- link-based

warning threshold associated

with a given traffic measure
Collins, High Occupancy Check several consecutive Time Series;
Hopkins and | (HIOCC) algorithm seconds of high detector station-based
Martin, 1979 occupancy to identify

incidents
Fambro and | Low volume algorithm | Compute the intervals of Traffic
Ritch, 1979 expected arrival time when | Modeling;

vehicles entering a link and | link-based
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Ahmed and

Autoregressive

Apply ARIMA to predict

Time Series;

Cook, 1982 integrated moving short-term traffic occupancy | station-based
average—ARIMA and incidents are then
algorithm identified if the observed
occupancy value goes
beyond the corresponding
confidence interval
Persaud and | Catastrophe theory; Incidents can be identified Traffic
Hall, 1989 known as the featuring a sharp speed drop | Modeling;
McMaster algorithm to slow speed or a station-based
movement of flow-
occupancy data from
uncongested to congested
regime
Stephanedes | Low-pass filter Examine the smoothed Smoothing/
and algorithm; known as spatial occupancy difference | Filtering;
Chassiakos, | the Minnesota between two adjacent link-based
1993 algorithm detector stations; an incident
is identified when the
difference varies
significantly in a short time
period
Ritchie and Multi-layer Feed the obtained traffic AI/ML;
Cheu; 1993 | feedforward neural measures into the proposed | link-based
network (NN) ML model for incident/non-
algorithm incident classification
Hsiao, Lin Fuzzy NN algorithm Discretize the volume, AI/ML;
and Cassidy, occupancy and speed station-based
1994 measures into low, medium
and high; feed the
discretized variables into the
proposed ML model for
incident/non-incident
classification
Abdulhai and | Bayesian-based Feed the obtained traffic AI/ML;
Ritchie, 1999 | probabilistic NN measures into the proposed | link-based
algorithm ML model for incident/non-
incident classification
Adeli and Hybrid algorithm of DWT for raw data AI/ML;
Karim, 2000 | discrete wavelet denoising, FCM for feature | station-based

transform (DWT),
fuzzy c-mean (FCM)
clustering and radial
basis function NN
(RBFNN)

extraction, and RBFNN for
incident/non-incident
classification

13




Jin, Constructive Feed the obtained traffic Al/ML;
Srinivasan probabilistic NN measures into the proposed | link-based
and Cheu, algorithm ML model for incident/non-
2001 incident classification
Yuan and Support vector Feed the obtained traffic AI/ML;
Cheu, 2003 machine (SVM) measures into the proposed | link-based
algorithm ML model for incident/non-
incident classification
Teng and Qi, | Wavelet-based Apply DWT to extract Smoothing/
2003 algorithm features from a time series Filtering;
of occupancy differences link-based
between upstream and
downstream detector
stations; compare the
extracted features to given
thresholds for incident
detection
Tang and K-nearest neighbors Apply KNN to regressively | Statistical,
Gao, 2005 (KNN) regression predict the next-step volume | station-based
algorithm and adapt SND algorithm
for incident detection
Wang, Chen | Partial least squares Feed the obtained traffic AI/ML;
and Qu, 2008 | (PLS) regression measures into the proposed | link-based
algorithm ML model for incident/non-
incident classification
Chen, Wang | SVM ensemble Feed the obtained traffic AI/ML;
and Van algorithm measures into the proposed | link-based
Zuylen, 2009 ML model for incident/non-
incident classification
Jeong etal., | Wavelet-based Apply DWT to extract Smoothing/
2011 algorithm with features from a time series Filtering;
adapting threshold of occupancy and speed link-based
parameters differences between
upstream and downstream
detector stations; compare
the extracted features to the
corresponding thresholds as
functions of desirable false
alarm rate for incident
identification
Luetal., Hybrid algorithm of PLS for determining NN Al/ML;
2012a PLS and NN architecture and initial link-based

weights between nodes, and
NN for incident/non-
incident classification
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Luetal., Probabilistic inductive | Discretize the volume, AI/ML;
2012b logic programming occupancy and speed link-based
(nFOIL) algorithm measures into extremely

low, very low, low, medium,
high, very high and
extremely high; feed the
discretized variables into the
proposed ML model for
incident/non-incident
classification
Renetal., Hybrid algorithm of k- | Apply k-means clustering to | AI/ML;
2012 means clustering and | extract features from traffic | link-based
SVM measures, and feed the
extracted features into SVM
for incident/non-incident
classification
Wang et al., | Hybrid algorithm of Apply DES/VAR to predict | AI/ML,;
2013 DES/vector short-term traffic volume, link-based
autoregression—VAR | occupancy and speed; feed
and SVM the prediction, observation
and their difference into
SVM for incident/non-
incident classification
Xiao, 2019 SVM and KNN Feed the obtained traffic Al/ML
ensemble algorithm measures into the proposed
ML model for incident/non-
incident classification
Linetal., Hybrid algorithm of Random forest for AI/ML;
2020 random forest, dimension reduction, GAN | link-based
generative adversarial | for supplementary incident
network (GAN) and sample replication, and
SVM SVM for incident/non-
incident classification
Parsa et al., Gradient boosting Feed the obtained traffic AI/ML;
2020 algorithm measures into the proposed | link-based

ML model for incident/non-
incident classification
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Table 2: Utilized data by the reviewed roadway-based AID algorithms.

Author(s), Traffic Detector Data Measures/Interval Feature Space Incident Data
Year Dimension
Dudek, Data collected during 35 O, or surrogate for kinetic energy | 1 35 incidents
Messer and incidents that occurred on the | computed from squared volume
Nuckles, inbound section of the Gulf over speed,
1974 Freeway, Huston 1-minute
Cook and The Lodge Freeway data: V, O and kinetic energy; 1 50 lane blockage
Cleveland, Collected on a 2-mile stretch of | 1-minute incidents:18 accidents,
1974 John C. Lodge Freeway in 28 stalls and
Detroit; data were collected by breakdowns, 2
4 detector stations during the instances of debris,
2:30 to 6:30 p.m. peak period and 2 short
from December 1968 to maintenance
December 1969 operation; recorded by
observation through
continuous television
surveillance
Payne, The Los Angeles data: O (in terms of spatial and 3 (without states) or | 118 incidents
Helfenbein collected by part of the temporal differences and their 4 (with states)
and Knobel, | freeway surveillance system: relative differences);
1976 28 detector stations on Santa 1-minute

Monica Freeway, 32 on San
Diego Freeway, and 25 on
Harbor Freeway; 5-minute data
prior to incidents and 20-
minute data after incidents




LT

Levin and
Krause, 1979

Data collected on Kennedy
Expressway through the

O (in terms of relative spatial
difference);

122 incidents collected
through emergency

Chicago expressway 1-minute patrol vehicle
surveillance system features assistance-rendered
center-lane detectors spaced reports
every 0.5 mile and full detector
coverage every 3 miles; at least
15 minutes before incident
occurrences and at least 10
minutes after their termination
Collins, 18-month data collected by 7 O; 1-second 11 incidents
Hopkins and | detectors on a 2-mile stretch of
Martin, 1979 | motorway in London
Fambro and | Data collected by three Expected time of arrival Mock incidents
Ritch, 1979 | detector stations on 1-610N in
Houston
Ahmed and | The Lodge Freeway data 0; 20-, 30- or 60-second 50 incidents in the
Cook, 1982 Lodge Freeway data
Persaud and | Median lane data collected V,0andS; 6 incidents
Hall, 1989 from at a detector station on 30-second

Burlington Skyway, Ontario
during the week ending August
15, 1986, representing normal
operating conditions; and data
collected during 6 downstream
incidents that caused queues to
back up to the station.
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Stephanedes | 140 hours of afternoon peak- O; 30-second 1 27 incidents reported
and period traffic data collected by by traffic engineer on
Chassiakos, | 14 detector stations on a 9-km duty through CCTV
1993 segment of I-35W in cameras, including
Minneapolis from June to accidents and vehicle
December, 1989 stalls in moving lanes
and shoulder
Ritchie and Simulation data generated by Vand O; 16 (5 consecutive INTRAS simulation
Cheu; 1993 Integrated Traffic Simulation 30-second upstream V and O data supplemented by
(INTRAS) values, and 3 a small set of field
consecutive data with several lane-
downstream V and | blocking incidents for
O values) evaluation purposes
only
Hsiao, Lin 5268 observations collected by |V, O and S; 3 50 lane-blocking
and Cassidy, | 35 loop detector stations from | 20-second incident events
1994 February 5 to April 7, 1993, on visually identified by

Freeway 401 in Toronto,
Canada

the operators at
freeway operations
center through closed-
circuit televisions
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Abdulhai and | INTRAS Simulation data; the | V and O; 16 (5 consecutive 45 lane-blocking
Ritchie, 1999 | 1-880 data: 4-month data 30-second upstream V and O incidents in the 1-880
collected on a 9.2-mile values, and 3 data recorded by
segment of 1-880 from Oakland consecutive officers traversing the
to San Jose in California, downstream V and | freeway segment in
managed by the Freeway O values) patrol vehicles; 159
Service Patrol (FSP) project; incidents occurred on
and 4-month data collected on I-35W reported by the
a 12.5 mile section of I-35W in traffic operators
Minneapolis, instrumented through camera
with both loops and cameras, surveillance
administered by the University
of Minnesota
Adeli and Simulated data generated by OandS; 8 (4 clusters; each 21 southbound lane-
Karim, 2000 | Traffic Software Integrated 20-second cluster has two blocking incidents in
System—Corridor Simulation dimensions for the 1-880 data
(TSIS-CORSIM) and the 1-880 occupancy and
data speed)
Jin, Simulation data basedona 5.8 |V, OandS; 24 (5 consecutive 45 lane-blocking
Srinivasan km section of the Ayer Rajah 30-second upstream V, O and S | incidents in the 1-880
and Cheu, Expressway (AYE) in values, and 3 data
2001 Singapore and the 1-880 data consecutive
downstream V, O
and S values)
Yuan and Simulated data generated by V,0andS; 24 (5 consecutive 45 lane-blocking
Cheu, 2003 INTEGRATION and the 1-880 | 30-second upstream V, O and S | incidents in the 1-880

data

values and 3
consecutive
downstream V, O
and S values)

data
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Teng and Qi, | 15-day data extracted from the | O (in terms of difference); 2 197 incidents extracted
2003 [-880 database 30-second from the 1-880
database
Tang and TISIS-CORSIM simulation S; 1-minute 1 Illustration only
Gao, 2005 data
Wang, Chen | AYE simulation data and the I- | V, O and S; 6 45 lane-blocking
and Qu, 2008 | 880 data 1-minute incidents in the 1-880
data
Chen, Wang | The 1-880 data V,0andS; 6 45 lane-blocking
and Van 30-second incidents in the 1-880
Zuylen, 2009 data
Jeong etal., | Simulation data and 45-day O and S (in terms of their 2 40 incidents extracted
2011 data collected on 1-880N respective differences); from the California
extracted from the Caltrans 30-second Highway Patrol (CHP)
Performance Measurement incident log through
System (PeMS) manual screening
Luetal., Loop detector data collected on | V and S; 5 (4 traffic flow 95 incidents with
2012a Al12 motorway in Netherlands | 1-minute measures plus time) | durations being
during December 2017 between 20 and
180 minutes
Luetal., AYE simulation data and the I- | V, O and S; 6 45 lane-blocking
2012b 880 data 30-second incidents in the 1-880

data
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Renetal., Data collected during 181 Vand O; 180 (75*2 clusters 181 incidents
2012 incidents on I-405N in the 30-second for upstream and
Orange County, California; downstream
each piece of data is volumes, and 15*2
approximate 45 minutes in clusters for
length in which about 30 upstream and
minutes are before incidents downstream
occupancies)
Wang etal., | The 1-880 data V,0andS; 72 (5 consecutive 45 lane-blocking
2013 30-second upstream V, O and S | incidents in the 1-880
predictions, data
observations and
their differences,
and 3 consecutive
downstream V, O
and S predictions,
observations and
their differences)
Xiao, 2019 The 1-880 data, and traffic Not specified Not specified 45 lane-blocking
detector data (assembling 1640 incidents in the 1-880
incident samples and 7200 data, and 1640
non-incident samples) incident samples
extracted from PeMS extracted from PeMS
Linetal., 2-week data (assembling 946 V, O and S (including their 28 (top 28 variables | 139 incident samples
2020 non-incident samples and 139 | respective spatial differences and | of importance out of | extracted from PeMS

incident samples) collected on
I-80 extracted from PeMS

temporal means and standard
deviations);
30-second

81 candidates)




Parsa et al.,
2020

Data collected during 244
incident cases that occurred on
the Chicago metropolitan
expressways between
December 2016 and December
2017, and 6073 randomly
selected non-incident cases
from the same period

V and S (including their
respective spatial differences);
supplemented by average daily
traffic and other non-traffic-
related measures including
roadway characteristics (number
of lanes, distance from CBD and
connectivity index), residential
density and percentage of
commercial land use in
proximity, and weather condition
index;

5-minute

12

244 incidents

Note: V denotes volume, O denotes occupancy, and S denotes speed.

(44




€c

Table 3: Components of the proposed roadway-based AID algorithms after 1993.

Author(s), Year

SVM

Fuzzy/
Probabilistic

Clustering

DWT

KNN

PLS

Other

Ritchie and Cheu; 1993

Hsiao, Lin and Cassidy, 1994

X

Abdulhai and Ritchie, 1999

X

Adeli and Karim, 2000

Jin, Srinivasan and Cheu, 2001

X[ X| X[ X|X

Yuan and Cheu, 2003

Teng and Qi, 2003

Tang and Gao, 2005

X (SND)

Wang, Chen and Qu, 2008

Chen, Wang and Van Zuylen, 2009

Jeong et al., 2011

Luetal., 2012a

Luetal., 2012b

X (probabilistic inductive logic
programming—nFOIL)

Renetal., 2012

Wang et al., 2013

X (times series analysis—DES/VAR)

Xiao, 2019

Lin et al., 2020

X[ X|X|X

X (random forest)

Parsa et al., 2020

X (gradient boosting)




In addition to Parkany’s classification, there have been different ways of classifying
the existing well-known roadway-based AID algorithms; for example, Subramanian
(1991) classified the algorithms as follows:

e Pattern Recognition Algorithms

e Statistical Processing Algorithms

e Catastrophe Theory Algorithms

e Neural Network Algorithms

e Video Image Processing Algorithms

The Center for Transportation Research at the University of Texas, Austin
(Mahmassani et al., 1998; Mahmassani and Haas, 2001), elaborated further on the studies
made to adopt the following classification:

e Comparative Algorithms

e Statistical Algorithms

e Time Series Algorithms

e Traffic and Theoretical Algorithms

e Advanced Algorithms

Some of classes in the above classification schemes are equivalent to each other and
merely different in terms of naming. For example, the California algorithm (Payne et al.,
1976; Payne and Tignor, 1978) is considered as a Pattern Recognition Algorithm in
Subramanian’s classification and a Comparative Algorithm in both Mahamassani’s and
Parkany’s classifications; the McMaster algorithm (Persaud and Hall, 1989; Persaud et
al., 1990) is a Catastrophe Theory Algorithm in Subramanian’s classification, a Traffic

and Theoretical Algorithm in Mahamassani’s classification, and a Traffic Modeling
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Algorithm in Parkany’s classification. Some other classes in a succeeding classification
scheme may branch from a class in the prior one. For example, Statistical Processing
Algorithms in Subramanian’s classification are divided into Statistical Algorithms and
Time Series Algorithms in Mahamassani’s classification; Smoothing/Filtering
Algorithms are further separated from the Statistical Algorithms in Parkany’s
classifications.

Table 3 further demonstrates the proposed AID algorithms in the studies published
since 1993, in which the first ML-based AID algorithm was proposed. These algorithms
are decomposed into their utilized statistical and ML models and data processing
techniques. It can be seen that some algorithms may consist of multiple components;
these components may function by embedding one into another as a holistic model
(Hsiao, Lin and Cassidy, 1994; Abdulhai and Ritchie, 1999; Jin, Srinivasan and Cheu,
2001; Jin, Cheu and Srinivasan, 2002; Lu et al., 2012b), in sequence as a workflow
(Adeli and Karim, 2000; Tang and Gao, 2005; Lu et al., 2012a; Ren et al., 2012; Wang et
al., 2013; Lin et al., 2020), or in parallel as an ensemble (Chen, Wang and Van Zuylen,
2009; Xiao, 2019). Based on the author’s review, most of the proposed AID algorithms
after 1993 (expect Teng and Qi, 2003; Tang and Gao, 2005; Jeong et al., 2011) adopt ML
models as their incident identification modules (i.e., the incident/non-incident classifier)
and thus can be categorized into ML-based AID algorithms (i.e., Artificial Intelligence
Algorithms in Parkany’s classification). Given ML-based algorithms have gained
momentum since 1990s in terms of the number research studies conducted if compared to

other classes of algorithms, we simplify the above classification schemes and divide the
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proposed AID algorithms into two broad categories: 1) ML-based algorithms, and 2) non-
ML-based algorithms.

ML-based algorithms are algorithms that do not rely on any major theoretical or
statistical background. Such algorithms feed the raw or derived traffic measures into
different ML models for incident/non-incident classification. Per review, the adopted ML
models are all characterized as supervised learning; that is, data points in training set are
expected to be correctly labeled (in this research, either as “incident” or “non-incident”)
and the supervised ML models will learn from these pre-classified data points in order to
classify a given new data point in test set into the “incident” or “non-incident” category.
Since the confidence of classification results is dependent on the comprehensiveness of
the collected and labeled data, such approach is fully data-driven.

In the context of incident detection, the confidence of incident detection results (in
terms of detecting the incidents in a more general term) offered by the proposed
supervised ML-based algorithms relies on incident data that cover incident heterogeneity
(different types of incidents, incidents with different characteristics under each type, etc.).
Such heterogeneity, however, may not be fully considered given the rareness and
stochasticity of incident events in nature and the amount of manual effort involved in data
preparation (such as collecting, inspecting and verifying incident samples to represent
different incident types/characteristics, and link them to the associated traffic detector
data for labeling). For example, in the 1-880 data which have been extensively used by
the proposed supervised ML-based algorithms, only 45 lane-blocking incidents are
provided; in simulation data, the number of incident scenarios being configurated is very

limited and the stochasticity in the repeating simulation runs is mainly associated with the
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varying and/or randomly initialized traffic inputs (and thus the different traffic dynamics
during incidents) other than the heterogeneity in incident types/characteristics. Given the
data-driven feature of the proposed supervised ML-based algorithms and the potential
lack of heterogeneity representation in the utilized incident data, the incident detection
results offered may be context-specific; in other words, the algorithms tend to detect
incidents with types/characteristics better fit into the collected incident data or simulated
incident scenarios, which could be biased to the detection of incident events in
accordance with traffic operators’ and transportation officials’ objectives and priorities.

In addition to the reliability issue as discussed above, transferability also poses a
major limitation to the proposed supervised ML-based algorithms. It can be seen that
these algorithms generally seek a hyperdimensional feature space for incident detection if
compared to other classes of algorithms. Such feature space is mainly defined by the
collected traffic flow fundamental measures spanning multiple time steps and adjacent
detector stations (see Table 2). The underlying reasons may be associated with 1) the
capability of ML models in solving multivariant systems, and 2) the fact that researchers
are not confident in how these measures may be related to the formation of incidents and
their subsequent disruptions (this may explain why non-supervised ML models so far
have not been adopted for incident detection purposes). Given ML models are fully data-
driven and not analytically trackable, supervised ML-based algorithms developed at one
detector station are not readily transferable or adaptable to other detector stations with
different traffic patterns and/or incident characteristics. In other words, when implement
these algorithms in an isolated detector station or a series of detector stations on a

roadway segment (where the traffic patterns and/or incident characteristics are assumed
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to be consistent along the stretch), in addition to traffic detector data of which the
collection can be fully automatic one the detector stations are deployed, incident data
need be gathered by devoting dedicated efforts (e.g., dispatching patrol officers to the
corresponding roadway segment, designating traffic operators to observe through
surveillance systems or video camera data) followed by a manual screening process to
refine the incident samples and have them labeled in their associated traffic detector data.
The generalization of the proposed supervised ML-based algorithms, therefore, would be
constrained by the laborious and location-specific data collection/preparation process
before implementing the algorithms and thus the coverage of the AID platforms offered
by these algorithms would be limited.

Non-ML-based algorithms, on the other hand, are algorithms that belong to either
Traffic Modeling Algorithms, Comparative Algorithms in Parkany’s classification, or the
statistical algorithms in general (including Statistical Algorithms, Time Series Algorithms
and Smoothing/Filtering Algorithms). Specifically, Traffic Modeling Algorithms identify
incidents by applying basic traffic flow theory; that is, the differentiation between
incident and non-incident conditions is based on the adopted theory other than incident
data. For example, the McMaster algorithm characterizes incidents with a sudden and
sharp decline in speed accompanied by a transition from the defined uncongested area to
the congested ones in the flow-occupancy fundamental diagram; low volume algorithm
(Fambro and Ritch, 1979; Fambro and Ritch, 1980) identifies incidents if any vehicles
fail to exit a link during their corresponding intervals of expected arrival time computed
when they enter the link. Since such algorithms can fully function without prior

knowledge on the incident data (in other words, the role of incident data is not to train or
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tune the algorithms but solely to evaluate the subsequent incident detection results once
the algorithms are established), they are considered as non-data-driven.

Traffic Modeling Algorithms can be easily generalized as long as the adopted theory
holds true at the target locations; the adaptability of the algorithms however depends on
the flexibility of the adopted theory in interpreting the traffic flow dynamics during
different regimes and when encountering incidents with different types and
characteristics. For instance, the McMaster algorithm is a congestion-identification-based
algorithm and thus may not differentiate between incidents and recurrent congestions or
identify incidents during recurrently congested traffic operations; low volume algorithm
requires a “low-volume” traffic operation during which vehicle arrivals are scattered in
time and thus their intervals of expected arrival time would not merge as an extended
period and nullify the incident detection logic.

For Comparative Algorithms and the general statistical algorithms, these algorithms
check the raw or derived traffic measures against thresholds or confidence intervals for
incident detection. Incident data here can be used to tune the thresholds or confidence
intervals through a calibration process. Though the algorithms may be first initialized at
some detector stations with preset thresholds or confidence intervals as per experiences or
through roadway characterization (thus the transferability of the algorithms can be
realized), the tuning using incident data can always intervene to optimize their respective
performances (thus the adaptability of the algorithms can be realized). Therefore, such
algorithms can be seen as semi-data-driven. It should be note that one of the fundamental
differences between Comparative Algorithms and the general statistical algorithms is

Comparative Algorithms may feed raw traffic measures into the detection module while
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the measures adopted for incident detection in the general statistical algorithms are
mainly obtained from the statistical processing of traffic detector data.

Another issue associated with the reliability and coverage of existing AID platforms
is related to the traffic detector and incident data utilized for developing and evaluating
the incident detection algorithms. Based on the utilized traffic detector and incident data
in the previous studies the author has reviewed, the following two remarks may be made:

e The traffic detector data used in these studies are mostly collected in 30- or 60-
second intervals; however, the prevailing traffic detector stations collect data with
relatively low frequencies. Though some detectors may have high-frequency
sensing capabilities, data are streamed/archived over 5- or 15-minute period. This
will constrain the generalization of the proposed methods to be implemented with
the existing traffic detector systems. In addition, these studies formulate their
incident detection algorithms using volume, occupancy, and speed as the
underlying traffic descriptive measures; limited number of studies has explored
and proposed alternative (and possibly improved) attributes for incident detection
purposes, especially when dealing with traffic detector data with relatively low
temporal resolution.

e The incident data are assumed to be comprehensive. For non-ML based incident
detection algorithms, incident events during the testing periods should be
identified in a collectively exhaustive manner; incident detection algorithms are
then examined per incident event with the associated traffic detector data over the
time dimension. For ML-based incident detection algorithms, not only the

incident events are required to be collectively exhaustive but their respective
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occurrence and clearance time (i.e., the start and end time) should be determined
and subsequently, the associated traffic detector data between the incident start
and end time are labeled as “incident” and data beyond the start and end intervals
of incidents are labeled as “non-incident”. The incident detection algorithms are
then examined per data point of traffic detector data for incident/non-incident
classification. The collection and processing of comprehensive incident data
require extensive manual effort; dedicating such effort however is not practical
for extend period of time. Therefore, limited studies have continuously examined

their proposed algorithms in a relatively larger timescale (e.g., over the years).
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Chapter 3.  Methodology

In this chapter, the incident detection problem is first formulated based on the
available traffic detector and incident data. Two incident detection algorithms compatible
with the available data are then proposed. The associated data mining/encoding setups are

also detailed before moving to the Numerical Results and Analysis Chapter.

3.1. Data Description and Problem Formulation

For model development and evaluation, traffic detector data and collision data from
the state of Virginia, US, were used.

There are over 700 active traffic detector stations (see the green dots in Figure 1
illustrating their coverage) distributed on the Virginia roadway network. Maintained by
the Virginia Department of Transportation (VDOT), these stations continuously register
the passing through vehicles and place them into different speed intervals (or bins). The
2014-2016 statewide traffic detector data were requested and received. For each station,
the numbers of vehicles in a series of incremental speed bins are archived every 5 or 15
minutes. For side-fire radar detector stations, there are 15 specified speed bins with the
following range sequence: [0, 15), [15, 25), [25, 30), [30, 35), [35, 40), [40, 45), [45, 50),
[50, 55), [55, 60), [60, 65), [65, 70), [70, 75), [75, 80), [80, 85), and [85, 225)—in miles
per hour (MPH). For inductive loop detector stations, there are 21 specified speed bins
with the following range sequence: [0, 5), [5, 10), [10, 15), [15, 20), [20, 25), [25, 30),
[30, 35), [35, 40), [40, 45), [45, 50), [50, 55), [55, 60), [60, 65), [65, 70), [70, 75), [75,

80), [80, 85), [85, 90), [90, 95), [95, 100), and [100, 147)—in MPH.
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The 2011-2016 collision data were provided by the Virginia Department of Motor
Vehicles (Virginia DMV) with the information on the time and the location of each
reported collision. Collision data serve as a reference for validating the incident detection
results. Such approach relies on the fact that collisions constitute one important
nonrecurrent incident type and it is assumed that incident detection accuracy (in terms of
both detection rate and false alarm rate) is positively related to the collision detection
accuracy. That is, if we can include more detected collisions (thus increasing the collision
detection rate) within an acceptable number of classified incidents (thus decreasing the
false collision alarm rate), then we tend to detect a greater portion of real incidents (thus
the incident detection rate increases) and a greater portion of those classified incidents
tend to be real incidents (thus the false incident alarm rate decreases).

In this research, incidents are defined as the collection of all types of traffic disruptive
events leading to nonrecurrent changes in their surrounding traffic flow characteristics.
Such changes may be represented by the traffic detector data collected by detector
stations in proximity to incidents. Classified incidents are those observations in traffic
detector data classified into the incident category by the developed incident detection
algorithms and consequently, collisions that coincide with the classified incidents are
detected collisions. The first task for solving the incident detection problem with collision
data as reference is to realize the trade-off between the collision detection rate and the
number of classified incidents. For example, classifying too many observations into
incidents (by decreasing the incident-warning threshold) for achieving a 100% detection
rate is meaningless given that a portion of collisions might post minor effects to the

surrounding traffic flow and are well-blended in “normal” (i.e., non-incident) conditions.

34



From the perspective of transportation administrators, this will result in too many false
alarms. On the other hand, classifying a limited number of observations into incidents (by
increasing the incident-warning threshold) may lead to a low collision detection rate and
thus an implicit low incident detection rate, indicating those existing but less severe
incidents may not be properly identified. Therefore, the incident-versus-collision
detection interest should be highlighted. To balance between the above false positive and
false negative scenarios, when we achieve desired collision detection rates with
controlled number of classified incidents, we consider the developed algorithms are
balanced in term of collision detection accuracy and thus incident detection accuracy.
Such balancing approach will be formulated in Section 3.2.2 below.

It should be noted that given the lack of comprehensive incident data, real incident
detection rate, and false alarm rate in term of incidents cannot be calculated/estimated in
this research. It should also be noted that in this research, collisions are not considered as
a subset of incidents. The reasoning behind adopting the more general incident term is
that incidents in this research refer to those traffic disruptive events with respect to a
focused detector station (by definition) and those instances identified by the detection
algorithms deployed at the detector stations (by methodology); a collision therefore may
either be an incident or non-incident event depending on its own characteristics and the
spatial relationship between the collision and the detector station. For example, lane-
blocking collisions are more likely to be incident events than pull-over collisions;
collisions occurred at close downstream locations from a given detector station are more
likely to be incident events observed at the detector station location compared to the

upstream distant collisions. Incidents may then be the underlying precursor of sending
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warning signals to the traffic operation center rather than minor incidents which do not

have major disruptive effects.

3.2. ML-based Incident Detection Approach

3.2.1. Traffic Prediction Formulation
Given that the utilized traffic detector data have two temporal resolutions (i.e., 5-
minute, the prevailing one, and 15-minute), the formulations (terminologies, figures,
equations, etc.) in the remainder of this Methodology chapter use p € {5, 15} to represent
their corresponding intervals. Similarly, g € {15, 21} denotes the number of speed bins.
In this approach, we first focus on predicting the traffic state at the next time step
given the information on the traffic states at the present and the past time steps. For such
short-term traffic prediction, there is a need of capturing the dependencies of the traffic
state at the next time step not only on the traffic state at the present time step but also on
the traffic states at the past time steps. Such temporal correlations are specified in the
recurrent neural network (RNN) structure as presented below.
Two direct temporal dependencies of traffic states are first considered:
e The traffic state of the next p-minute period (denoted by time step t + 1) is
dependent on the traffic state of the present p-minute period (denoted by time step
t). Such dependency considers the continuity in traffic flows following the nature
of “time series”.
e The traffic state of the next p-minute period is also dependent on the traffic state

of the p-minute period of the same time of day and same day of week in the past
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week (denoted by time step t —u + 1, where u = 60/p X 24 X 7). Such
dependency relies on the repeating time-of-day and day-of-week traffic patterns
especially for commute traffic in urban/suburban environments. Traffic states in
the further past weeks are not considered to avoid model redundancy and
minimize the seasonal effects in the traffic pattern that are not considered in the
prediction framework.

Therefore, the speed distributions at time steps t and t — u + 1 are considered as
attributes to the speed distributions at time step t, where in this research, “speed
distribution” at a given time step t refers to the vector of the numbers of observed
vehicles in the g speed bins during the corresponding observation period, denoted by
X, =[x, x2, ..., x/]T. In other words, the input layer consists of 2q neurons to transmit
X; and X;_,.,q; the output layer consists of g neurons producing X, . Between the input
and output layers, there are two hidden layers; each hidden layer features 30 long short-
term memory (LSTM) neurons. Neurons between input, hidden and output layers are
fully connected.

To further take into account the accumulating/dissipating effects within the hour for
predicting the upcoming traffic flow, the number of look-back steps of the applied RNN
with LSTM neurons (or simply LSTM) is set to be n. That is, the neurons in the hidden
layer are not only receiving the input from the upstream layers but the neural network
structure is reproduced n times and stacked over time to allow the output of a given
neuron at the present time step to be the input of the neuron per se at the next time step.
Figure 2 presents the calibration results for the number of look-back steps, where n = 8

for p = 5,and n = 4 for p = 15; Figure 3 illustrates the LSTM structure implemented in
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this research, where rectangles in different colors denote different layers of neurons:

red—input layer, green—hidden layers, and blue—output layer.
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At the neuron level, LSTM improves conventional RNNs (which may suffer from
vanishing or exploring gradients) by introducing the “internal state” of cells/neurons
(Hochreiter and Schmidhuber, 1997). In a LSTM neuron, three gates (namely, forget
gate, input gate and output gate) are deployed in sequence to discard, update and export
the information stored in the cell state (Gers et al., 1999). Figure 4 and Equations 1
through 5 illustrate the functionality of an individual LSTM neuron in the first hidden
layer, where f;, i; and o, denote the activation vectors for forget gate, input gate and

output gate, respectively; o, (+) denotes gate activation function; . (-) denotes input
activation function; o, () denotes output activation function; X, denotes the input vector

Xt—u+1

where X, = ¥
t

]; h; denotes the output vector; W's, U's and b's denote the learned

weight matrices and bias vectors; “o” denotes the Hadamard product (i.e., element-wise

multiplication) at the gates.
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Figure 4: lllustration of the LSTM neural functionality (Gers et al., 1999).
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ft = O-g(Wth + Ufht—l + bf) (l)

i = 0y(W;X, + Uihe—y + b;) 2)
or = ag(W, X, + Uphe—y + b,) (3)
¢t = frociq +ipoo (WX, + Uchi_y +b.) 4)
he = o © op(ct) )

With the configuration of the LSTM specified above, both the dynamics of traffic
accumulation/dissipation (i.e., the short-term correlation) and periodicity (i.e., the long-

term correlation) are explained.

3.2.2. Incident and Collision Detection Formulation

With the comparison of the predicted speed distribution and the observed speed
distribution at a given time step, RMSE (see Equation 6 for its formulation) is adopted as
the metric to evaluate their deviation. Other metrics such as mean absolute error (MAE)
and mean absolute percentage error (MAPE) have also been examined but shown to be

inferior to RMSE in terms of the incident identification and collision detection results.

RMSE = jzls (xi —x1)° /15 6)
i=1

Since the RMSE calculated above is dependent on the volumes in X, =
[x2, x2, ..., x11T which may significantly vary between different time of day, and between

weekdays and weekends, such metric needs to be further standardized to establish a more
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consistent deviation measure between the traffic predictions and detections across time.
Through inspection, the time-of-day and weekday/weekend specific RMSEs observed at
a given detector station location may follow the Extreme Value Type I distribution (or
Gumbel distribution; see Equation 7 for its PDF with the location parameter u and the

scale parameter ) as illustrated in Figure 5.

fe)=2e \F (7)
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Figure 5: Illustrations of the RMSE distributions during specific 5-minute periods on
weekday.

Given the feature that the above distribution can be shifted and rescaled through the
location and scale parameters u and S, respectively, the Gumbel-distributed RMSE can

be standardized by Equation 8 as follows:

Standardized RMSE = (RMSE — 1 1))/Bi.j (8)
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Where u; jy and B, j, are the location and scale parameters of the corresponding

time-of-day and weekday/weekend specific RMSE distribution; i € {1, 2,3, ...,60/5 X
24} denotes the sequence of the 5-minute time steps in a day; j € {0, 1} denotes whether
or not the day is a weekday.

In this research, incidents can be seen as the extreme cases in terms of the deviations
from the original predictions to the actual observations. For example, when standardized
RMSE is adopted as the evaluation metric and the expectation of incidents is once per
1000 time steps (or, theoretically, the expected return period of incidents is 1000 time
steps), then incidents are those time steps of which the derived standardized RMSEs are
greater than 99.9% of the standardized RMSEs during a sufficiently long observation
period. With such definition, the corresponding percentile value of standardized RMSEs
can be used as the incident-warning threshold. Note that given incidents connected in
time are counted as one single instance, the actual expectation of incidents should be
smaller than the specification associated with the adopted incident-warning threshold.

Once the incident-warning threshold T is established, an observation with derived
standardized RMSE at time step t being greater than T is classified as an incident at time
step t. It should be noted that such incident detection mechanism only aims to identify
the start of an incident; the end of an incident, however, is observed at its first post-
incident time step when traffic flow mean speed is recovered to free-flow speed (the
value of free-flow speed is derived from the observed traffic flow fundamental diagram
as discussed in Section 3.3.2), and the sole purpose of determining the durations of
incidents is to suppress multiple incidents being counted during a single incident event.

With incidents being classified, a collision (i.e., the reported occurrence time) coinciding

42



with a classified incident (i.e., the identified start time step) is considered as detected.
Depending on the collision characteristics, the formations of the associated traffic
disruptions and their propagations from the collision sites to the traffic detector locations,
and the potential inaccuracies in reported collision occurrence time, a 30-minute buffer
time is allowed for the matching between collisions and incidents in determining if a
given collision is detected. Given their sparse distributions over the time, it is believed
that such matching mechanism is unlikely to relate collision and incident events that are
independent to each other; in particular, relating a collision to a subsequent incident that
is not induced by the preceding collision and relating an incident to a subsequent collision
that is not a secondary event to the preceding incident.

To include as many collisions within controlled number of classified incidents (i.e., to
optimize the incident-versus-collision detection interest while balancing between the
false positive and false negative problems as discussed earlier), station-based adaptation
of metric thresholds for incident-warning is performed. Such adaptation is formulated by
the balancing or optimization problem as follows:

e Maximizing the fraction of detected collisions over classified incidents.

e Subject to collision detection rate being greater than 70% or other specified

desired detection rates.

It should be noted that the above minimum collision detection rate is based on the
input received by the staff at the VDOT and the US Department of Transportation. Such
numbers may be changed depending on the traffic operators’ and transportation officials’

objectives and priorities.
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3.2.3. Data Mining and Encoding Setup

Since collision data are the sole reference for incident detection validation, 20
detector stations in Richmond City and Henrico County, Virginia (see the red dots in
Figure 1 illustrating their distribution), being collision hotpots, are chosen for analysis.
Table 4 presents roadway and geometric information associated with these select stations,
where stations No. 1 through No. 19 are on freeways and station No. 20 is on an arterial
road. Note that detector stations on freeways cover only one direction of travel, whereas

detector stations on arterial roads are bidirectional.

Table 4: Information of select detector stations.

# of

No. Jurisdiction Latitude/Longitude Route Lanes Interval # of Bins
1 Henrico (37.64510, -77.59001)  1S-64 W 4 5 15
2 Henrico (3759827, -77.49718)  1S-64 E 4 5 15
3 Henrico (37.59827, -77.49718)  1S-64 W 4 5 15
4 Henrico (37.59012, -77.48007)  1S-64 E 4 5 15
5 Henrico (37.59012, -77.48007)  1S-64 W 4 5 15
6 Richmond  (37.55489, -77.42566) 1S-64 E 3 5 15
7 Richmond  (37.55489, -77.42566)  1S-64 W 3 5 15
8 Richmond  (37.52117,-77.42680) 1S-95 N 4 5 15
9 Richmond  (37.53744,-77.42823) 1S-95 N 4 5 15
10 Richmond (37.53744,-77.42823) 1S-95S 4 5 15
11 Richmond (37.54605, -77.42875) 1S-95 S 5 5 15
12 Richmond  (37.55040, -77.43559) IS-95 N 4 5 15
13 Richmond (37.55040, -77.43559) 1S-95 S 5 5 15
14 Richmond (37.57933, -77.46808) 1S-95 N 4 5 15
15 Richmond (37.57933,-77.46808) 1S-95S 4 5 15
16 Richmond (37.59366, -77.46772) 1S-95 N 4 5 15
17  Henrico (37.59729, -77.46603) 1S-95 S 3 5 15
18 Richmond (37.57039, -77.47737) 1IS-195N 3 5 15
19 Richmond (37.58289, -77.47395) IS-195N 3 5 15
20 Richmond (37.57157,-77.48160) US 33 6 15 21
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Considering that traffic collisions mainly have localized influences on specific well-
traveled roadway segments, we perform a distance-based sampling and focus on
collisions within half mile from any select detector station and in matching route and
direction. Shorter- and longer-range samplings have been tested and compared but do not
significantly contribute to the robustness of the aforementioned optimization problem. In
specific, shorter-range sampling results in too limited number of collisions whereas
longer-range sampling potentially includes more further distant collisions that may not
pose direct impact on the detector stations of interest. In addition, collisions with
stepwise mean speeds during the 30-minute before and after buffer time periods being
consistently over free flow speed are considered as trivial and removed from the
validation set. However, it should be noted that these collisions—occurred in more
distant locations than the adopted sampling range or being well blended with free-flow
traffic operations—may still be detected by the developed incident detection algorithm
but were excluded for the validation process given the incident-versus-collision detection
interest discussed above.

The learning of LSTM is sensitive to the completeness of the training data in time
order. However, detector stations may be maintained periodically and the data during
maintenance periods are missing. To tackle such discontinuity, we truncate the traffic
detector data during a whole calendar week if any data point within the week is missing;
data of the preceding and the succeeding weeks is then considered to be connected in
time. The advantage of such data preprocessing approach is that it effectively retains the
time-of-day and day-of-week characteristics in traffic detector data, which is crucial in

the traffic prediction framework specified above. The disadvantage of such approach is
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that it will further distort the monthly/annual trends and seasonality in the traffic detector
data. However, these factors are assumed not to play a major role for short-term traffic
prediction within the developed framework.

With the availability of the 2014-2016 traffic detector data and collision data, a
training-validation-test split is adopted as follows: the 2014-2015 and the first half of
2016 traffic detector data are used to train and tune LSTM for traffic prediction,
respectively; traffic detector data in the second half of 2016 are reserved for evaluation
purposes; the 2014-2015 collision data are used for calibrating the detector-specific
incident-warning thresholds; collision data of 2016 are reserved for cross-validation

purposes.
3.3. Analytical Incident Detection Approach

3.3.1. Data Mining and Encoding Setup

In this approach, the speed distribution X, = [x, xZ, ..., x*]T corresponding to the
observation period denoted by time step t is aggregated into flow, density and speed
measures. In specific, flow g, is the summation of the vehicular volumes in all the n

speed bins as follows:

n .
=) ©
=1

Speed v, (the space mean) can be approximated by the harmonic mean of the speeds

associated with the n speed bins as follows:
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n
i=1Xi

vt = cn
i=1Xi/vi

(10)

Where {v;, v,, ..., v, } denotes the median speeds corresponding to the n speed bins.
Finally, density k, can be calculated as per the fundamental equation of traffic flow as

follow:

ki =— (11)

Given collisions are still the sole reference for calibrating, validating and evaluating
the developed incident detection algorithms, and for the ease of the cross-comparison
between the algorithms, the 20 select collision-hotspot detector stations (see Figure 1 and
Table 4) along with the collision sampling strategy as described in Section 3.2.3 are also
adopted.

With the availability of the 2014-2016 traffic detector data and collision data, the
2014-2015 data are used to develop and evaluate the incident detection algorithm and

data in 2016 are reserved for cross-validation purposes.

3.3.2. Regime Definition and Partition

According to the positions of flow-density points in a well-established traffic flow
fundamental diagram (FD), traffic operation states at which the FD is established can be
partitioned into three regimes. As illustrated in Figure 6, these regimes are the free-flow

regime (denoted by regime A, or R,) on the upper-left division of FD, the synchronized
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regime (denoted by regime B, or Rg) on the upper-right division, and the transient and
jam regime (denoted by regime C, or R.) on the lower division bounded by the lower
boundaries of the free-flow and the synchronized regimes.

The concept of traffic regime/phase classification has been adopted for congestion
analysis and microscopic traffic flow modeling validation purposes. For example, Kerner
and Rehborn (1996) identified three phases as free flow, synchronized flow and wide
moving jam; the six phases recognized by Helbing, Hennecke and Treiber (1999) are free
traffic (FT), moving localized cluster (MLC), pinned localized cluster (PLC), triggered
stop-and-go waves (TSW), oscillatory congested traffic (OCT) and homogeneous
congested traffic (HCT). The realizations of these phases, however, require more
dedicated traffic detector setups (e.g., upstream and downstream connecting stations, and
upstream and downstream on-ramp pairing stations) and their applications for
incident/collision detection have yet been examined. Given the need for a robust and
efficient flow-density points clustering and regime classification in the presented AID
model using data collected by isolated detector stations, a more practical three-regime
classification is proposed in this research. Accordingly, regime A denotes the traffic
operation states in which the corresponding roadway segment is operating below the
critical density level (at which the capacity of a roadway segment is reached) and traffic
flows may proceed without any major slow-downs; regime B, on the other hand, denotes
the states in which the corresponding roadway segment is operating above the critical
density level and traffic flows may encounter synchronized slow-downs that can be
observed recurrently (mostly during the morning/afternoon rush-hour period); lastly, the

traffic operation states in regime C are those that are not seen as a steady congestion
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(following the nature of incidents as nonrecurrent events), or those states that may be
seen as transient states with lower-speed operations either below or above the critical
density level if compared to the operations in regime A or regime B at the same density
level, respectively. It should be noted that a specific regime may consist of
multiple/different traffic operation states; for example, regime A may consist of the free-
flow operation (comparable to FT in Helbing et al., 1999) as well as the operation states
(associated with MLC and PLC in Helbing et al., 1999) under minor disruptive events
(related to slow vehicles, road debris, etc.).

It should also be noted that the pattern of FD and the corresponding partition of traffic
regimes are dependent on the roadway and traffic characteristics and even the
characteristics of driver population. The identification of such location-specific pattern
and the subsequent partition of traffic regimes can be realized by applying certain data
processing techniques on the flow-density-speed data points collected from the traffic

detector stations during a significant long period of time as discussed below.

49



1750 A

1500 A

1250 A

1000 A

750 A

500 -

Flow (veh/hour/lane)

250 -

0 10 Zb 30 4b 50 60
Density (veh/mile/lane)

Figure 6: Illustration of the three different regimes in FD.

To solve the partition of traffic regimes, two outlier detection algorithms are adopted,
namely, Ordering Points To Identify the Clustering Structure (OPTICS; Ankerst et al.,
1999) and Isolation Forest (Liu, Ting and Zhou, 2008; 2012). In particular, OPTICS is a
density-based clustering algorithm which features a variable neighborhood radius in
finding cores with high-density neighborhoods and expanding clusters from them. The
algorithm has two parameters: &, i.e., the maximum radius (or distance) for searching
neighboring points, and MinPts, i.e., the minimum number of neighboring points for a
given point to be considered as a core. Subsequently, two distances are defined as

follows:
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core-dist, yinpes(D)

_ { undefined, |N.(p)| < MinPts (12)
~ (MinPts-th smallest distance in N, (p), otherwise
reachabilty-dist, yinpes(0, D)
undefined, |IN:(p)| < MinPts (13)

h {max (core-distg’MinPts (p), dist(o, p)) ,  otherwise

Where N, (p) denotes the neighboring points with respect to a given point p
(including point p itself), |[N.(p)| denotes the number of points in N.(p), and dist(o, p)
denotes the distance from point o to point p.

For all points in core point p’s neighborhood, if point o is (one of) the nearest
neighbor(s) to point p (with minimum reachability distance), they are grouped into the
same cluster and thus the clusters would expand/merge iteratively while leaving the
outliers (i.e., the points that can neither be considered as core points nor join to any
clusters). For outlier detection purposes, it is suggested to set € to a sufficiently large
value while tuning the parameter MinPts (MinPts is tuned and set to the ceiling integer
corresponding to 1% of the sample size in this research) and the minimum cluster size
(the minimum cluster size is set to 50% of the sample size in this research identifying the
major/biggest cluster only). However, this will result in the 0(n?) time complexity, that
is, for each point consider all points as neighbors and examine them iteratively.

Isolation Forest, therefore, is also utilized for its computational efficiency. The
algorithm is tree-based ensemble algorithm which randomly subsamples the data points

and “isolates” them as follows:

51



e Step 1: randomly select a feature from the sampled data points;

e Step 2: randomly generate a split value of the selected feature;

e Step 3: repeat steps 1 and 2 until each sampled data point is exclusively allocated

to an end node.

The recursive partitioning of data points forms a tree structure and the path length of
a data point from the root node to its corresponding end node h(x) can be seen as the
number of splittings required to isolate this data point from the sample. Then the average
path length E (h(x)) of a data point, averaged over a forest of such random trees, may
serve as a normality measure. Subsequently, the anomaly score s(x, ) can be calculated

as follows:

_E(h(x))
s(x, ) =2 <« (14)

c¥) =2HW -1 -2 -D/¢ (15)

Where 1 denotes the subsampling size for a tree, c(y) is the estimate of the average
h(x) of the subsamples given i (Preiss, 1999), and H (i) is the harmonic number which
can be estimated by Ini + y; the Euler’s constant y = 0.5772156649.

As recommended in the original paper, the number of random trees is set to 100 and the
subsampling size v is set to 256, which is proven to be sufficient in solving most outlier
detection problems. The classification cut-off associated with s(x,y) is setto 0.5, i.e., a

given data point x is considered as an outlier if s(x, 256) > 0.5. To leverage the merits
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of both algorithms, OPTICS is used to solve the critical density while Isolation Forest is
used to solve the critical speed as well as the division of regimes B and C as follows.

Let (k:, q;) or (ks q¢[, v = q¢/ k:]) denote a data point on FD during the
observation period associated with time step t, where g, denotes the flow value, k;
denotes the density value, and v, denotes the speed value which is equivalent to the slope
of (k¢, q;) with respect to the origin. The first task in solving regime partition is to
separate regime A from other regimes. The boundaries between regime A and regime B,
and between regime A and regime C can be characterized by a critical density value (k)
and a critical speed value (v,), respectively. Since k. is the density value at which the
capacity (i.e., the maximum flow rate that the corresponding roadway segment is able to
carry) is reached, such value can be found by locating the “cap” of the shape of FD while
removing those scattering points around the cap which may compromise the
identification of the real capacity level. Accordingly, OPTICS is implemented to identify
the cap as a cluster while considering those scattering points around the cap as outliers.
Given the 0(n?) time complexity of OPTICS (i.e., linear to the second order of the
sample size), only the flow-density points with flow values being greater than 99.9% of
all the observed flow values are sampled and fed into the algorithm. In addition, given the
Euclidean distance is adopted in measuring the distance between two data points, which
is sensitive to the relative scales of their respective features (i.e., flow versus density in
this research), a min-max scaler is deployed to normalize the flow-density points before
feeding them into OPTICS.

With the capacity value (q.qp,) and k. being specified, vsr = qcqp/kc may be

considered as free-flow speed given that per inspection, speed does not significantly
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decrease along the increase of density before density reaching k.; the defined free-flow
speed, though being slightly lower than the strict free-flow speed, is adopted in this
research as a conservative measure to determine the end of incidents as discussed in
Section 3.2.2 and Section 3.3.4. Subsequently, v, can be found by lowering the speed

limit to accommodate additional cluster(s) of speeds distributed right below v, that

belong(s) to regime A. Such process is accomplished by implementing Isolation Forest as

follow:
o Step 1: feed the speeds lower than v, with associated densities lower than k. into
the algorithm;
e Step 2: consider the minimum inlier speeds as v,;
e Step 3: repeat steps 1 and 2 by replacing vy with the obtained v, until there are

not any significant clusters of speeds below v, with associated densities lower
than k..
Most of the FDs observed at the select detector stations require two iterations of the

above procedure to solve v,. Figure 7 illustrates the solving of capacity q.,, critical
density k., free-flow speed vy, and critical speed v,. Table 5 lists the values of g4y, k.,

v¢ and v, solved at each detector station location.
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Figure 7: Illustration of solving the capacity, critical density, free-flow speed and critical
speed.
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Table 5: Obtained capacity, critical density, free-flow speed and critical speed at each
select detection station location.

No.  fear ke i e
(veh/hour/lane) (veh/mile/lane) (mile/hour) (mile/hour)

1 1407 24.1 58.5 36.9
2 1650 26.1 63.2 44.5
3 1905 325 58.6 38.6
4 2076 37.7 55.1 30.2
5 2406 43.1 55.8 39.3
6 1932 315 61.3 47.3
7 1860 35.1 53.0 30.0
8 1587 30.0 53.0 30.0
9 1632 30.6 53.3 40.0
10 1839 36.4 50.5 333
11 1294 25.2 51.4 30.6
12 1812 34.2 53.0 30.8
13 1426 26.1 54.6 36.9
14 1821 32.7 55.7 42.2
15 1887 34.4 54.8 33.6
16 1440 29.0 49.7 40.9
17 2004 42.3 47.4 28.1
18 2124 37.9 56.0 36.3
19 1948 36.5 53.4 32.3
20E 643 18.8 34.1 29.0
20W 631 22.0 30.0 30.0

With the boundaries of regime A defined, the division of regimes B and C can be
realized by further applying Isolation Forest to the flow-density points in regimes B and
C to identify the major cluster of data points as regime B and consider the scattering as
regime C. Isolation Forest is adopted here for not only its computational efficiency but its
capability of detecting novelties. Novelty detection here is defined as determining
whether a new observation is an outlier given the training data whereas outlier detection
only identifies outliers within the training set. Novelty detection is crucial in the context

of this research because it enables the division of regimes B and C for incoming data (i.e.,
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data that do not belong to the training set) and thus the resulting incident detection
algorithm can be cross-validated and implemented for real-time application.

Figure 8 presents the observed FD as well as the partition of traffic regimes at each
select detector station location. Note that recurrent congestions may not be observed at
some detector station locations (see No. 6, 11, 16 & 20) resulting in the corresponding
FDs do not feature regime B. This is in line with the examination that the flow-density
data points in FDs associated with these locations with speeds under v, do not form any
major clusters at higher density level than k.. In this case, the estimates of g4, k. and
v ¢ could be biased but do not play a major role in partitioning the FDs into regimes A
and C. That is, these measures are estimated only to facilitate solving v, and the division
of regimes A and C is solely based on v, as a speed threshold between the two regimes.
The incident formation associated with regime transition can accommodate both
scenarios (i.e., with and without regime B) for incident detection purposes as discussed in

the following subsection.
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Figure 8: Illustration of regime partition in FD for each select detector station location.
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3.3.3. Incident Formation Associated with Regime Transition

With the regimes in FD defined and partitioned, the formation of incidents may be
generally characterized by the transitions of regimes from the higher-level ones to the
lower-level ones (e.g., from regime A to regime B, from regime A to regime C, and from
regime B to regime C). Incidents may also be identified within the regimes (regime A and
regime B in particular) if the regimes feature a “broad expanse” accommodating both the
pre- and post-incident flow-density observations. The incident formation associated with
the keeping/changing of regimes are detailed as follows:

e From regime A to regime A, denoted by [(k._1,qg¢—1) € Ra, (k, q.) € R4 ]T €
Trans,y: Possible formation of incidents. Traffic flows proceeding in regime A
maintain relatively high speed levels. However, a sudden drop in speed may still
indicate the change of traffic operation states and thus the formation of incidents.
Therefore, a threshold T, 4 on speed difference (Av; = v,_; — v;) can be
implemented for incident detection purposes.

e From regime A to regime B: Possible formation of incidents. The corresponding
roadway segment encounters the transition from an uncongested operation to a
congested operation, which can be either recurrent (associated with the transition
from off-peak periods to rush-hour periods) or nonrecurrent (involving the
formation of incidents). While the nonrecurrent transitions may be characterized
by a more significant change in speed or in the position of flow-density point in
FD, a threshold T, on either speed difference or the distance between the flow-
density points in FD (see Equation 8) can be implemented for incident detection

purposes.
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d((kt—p qe-1), (ke, Qt)) = \/(Et—1 - r‘t)z + (Ge-1 — Gp)? (16)

Where §, and k, denote the normalized g, and k., respectively.

From regime A to regime C: Formation of incidents.

From regime B to regime A: Congestion/incident recovery.

From regime B to regime B: Possible formation of incidents. With the buildup of
density, traffic flows governed by regime B tend to be synchronized (i.e., with
decreased speed variance across individual vehicles) to relatively low speed levels
or may encounter stop-and-go waves (i.e., the hysteresis effects) if certain
bottlenecks present. Since speed is still a representative measure of the traffic
operation states in regime B, a threshold Tz on speed difference can be
implemented for incident detection purposes.

From regime B to regime C: Possible formation of incidents. Since the detector
data utilized in this research are in relatively low time resolution resulting in the
flow and density measures being aggregated over time and given a portion of
regime C is in the buffer zone between regimes A and B, a flow-density point in
regime C may be merely an intermediate between the transition from regime B to
regime A (i.e., congestion/incident recovery). Therefore, to avoid the above false-
positive scenario, we further characterize the formation of incidents with a speed
drop (i.e., Av; = v;_; — v; > 0 for those incidents involving the transition from
regime B to regime C in specific and also applicable for all incidents in general).

From regime C to regime A: Congestion/incident recovery.
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e From regime C to regime B: Congestion/incident recovery. Such transition

however is rarely observed.

e From regime C to regime C: Ongoing incident.

The nondeterministic scenarios of incident formation discussed above (i.e., from
regime A to regime A, from regime A to regime B, and from regime B to regime B) is
conditional on the observed changes in the adopted traffic flow measures before and after
the transition of traffic operation states or regimes (e.g., the speed difference and the
distance between the flow-density points in FD); however, given the traffic detector data
utilized in this research are with relatively low time-resolution, a given data point may
span different traffic operation states (e.g., the uncongested and congested operations,
and the pre- and post-incident operations) of the observed roadway segment, resulting it
not fitting into any traffic operation states or regimes by theory (though in practice it
would still be allocated to a specific regime in FD). Therefore, considering only two data
points in adjacent time steps may not properly explain the transitions (i.e., represent the
associated before-and-after comparison) between traffic operation states/regimes (given
either data point can be a “mixture”), skewing the corresponding changes in the adopted
measures to lower magnitude levels. This would compromise the logic in differentiating
incident formation from normal (i.e., non-incident) operation through thresholding
problems. Accordingly, the above regime transition scenarios are checked for not only

adjacent steps but alternate steps.
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3.3.4. Incident and Collision Detection Formulation
The formation of incidents is realized at time step t if any of the following conditions

(these conditions are mutually exclusive) is met:

Condition_AA: [(qe—1, ke—1), (qp, k)T € Transyy N ve_q — vy > Tay OF

[(Ge-2,ke—2), (@, k)T € Transg, N v,y — v, > Tyy

e Condition_AB: [(qe—1, k1), (g4, k)]T € Trans,g N ve_q — vy > Typ OF
[(Ge—2,ki—2), (qr, k)T € Trans,g N ve_, — v, > Tap When speed difference
adopted; [(qe—1, ke—1), (qe, k1™ € Transyg N d((ke—1, qe-1), (ke, ) > Tag OF
[(Ge=2, ke=2), (e, k)T € Transg N d((ke—, Ge—2), (ke qr)) > Tap When the
distance between the flow-density points in FD adopted;

e Condition_AC: [(qe—1, ke—1), (qp, k)]T € Trans,c

e Condition_BB: [(q;-1, kt-1), (qr, k)T € Transgg N ve_q — v, > Tgp OF

[(qt—2,ke-2), (@, k1T € Transgg N ve_y — v > Tpp

Condition_BC: [(q—1, kt-1), (qs, k)T € Transge N Av, > 0

It should be noted that the above algorithm only identifies the start of an incident; the
end of an incident, however, is observed at its first post-incident time step t + At when
traffic flow mean speed is recovered to free-flow speed (i.e., vi.ar = vgf). The sole
purpose of determining the incident durations is to suppress multiple incidents
(associated with the conditions of incident formation specified above) being counted and
thus multiple incident warnings being raised during a single incident event. For example,
in an incident, it is possible that both Condition_AB and Condition_BC are met in

sequence.
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Given the only availability of data on collisions (as one important type of incidents)
and the incident-versus-collision detection interest as discussed in Section 3.1, collision
data are used as a reference for tuning the incident detection algorithm and evaluating the
subsequent incident detection results. A collision is considered to be detected if it
coincides with the formation of incidents specified above. Noted that the formation of
incidents here is not necessary to be associated with the start of an incident event after
merging incidents connecting in time. This is based on the reasoning that a collision may
be a secondary (but not an independent) event to an ongoing incident event; for example,
an incident event may be realized by Condition_AB during which the corresponding
roadway operation is governed by regime B until a secondary collision inducing
Condition_BC. In addition, a 30-minute buffer time is allowed for the matching between
collisions and the formation of incidents in determining if a given collision is detected,
aligning with the setup and the underlying reasonings as discussed in Section 3.2.2.

With the formulations of incident formation and collision detection established, two
incident detection approaches, the non-data-driven approach and the semi-data-driven
approach, are proposed. In particular, the non-data-driven approach does not rely on
collision/incident data to fully function; in other words, the role of collision/incident data
is only to evaluate the incident detection results. The semi-data-driven approach can be
first initialized as per experience or through roadway characterization; however, either
before or after implementation, collision/incident data can be utilized to tune and
optimize its performance. Accordingly, the specification of the two approaches are as

follows:
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Non-data-driven approach: consider only Condition_AB, Condition_AC and
Condition_BC; set T, to the median of all the observed speed differences
associated with the transition from regime A to regime B during the test period
(when adopting speed difference; or set T, to the median of all the distances
between the flow-density points in FD associated with the transition from regime
A to regime B during the test period if the distance between the flow-density
points in FD is adopted). In other words, incident formation associated with the
transition from regime A to regime B is realized if the corresponding change in
the adopted traffic flow measure is greater than the average level. Note that
median is adopted here as a surrogate measure of mean given considerable
number of outliers may present and median is more robust to outliers in
estimating the central tendency of a distribution.

Semi-data-driven approach: consider all the five conditions (i.e., Condition_AA,
Condition_AB, Condition_AC, Condition_BB and Condition_BC) of incident
formation; use collision data to tune the three thresholds (i.e., T44, T4z and Tgp)
jointly through the optimization/balancing problem as discussed in Section 3.2.2,
i.e., maximize the fraction of detected collisions over classified incidents while

achieving a desired collision detection rate (e.g., 60%, 70% and 80%).
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3.4. Incident Duration Modeling

3.4.1. Conceptional Framework

In addition to detecting the occurrence of incidents, the estimation of incident
durations is also beneficial which helps traffic operators and drivers cope with the
uncertainty during incident events with better traffic management strategies and travel
choices.

Hazard-based duration models are a class of analytical methods used for modeling
data “that have at their focus an end-of-duration occurrence given that this duration has
lasted to some specified time” (Bhat, 2000). The end of a given episode is considered to
be dependent on the elapsed time and the influential covariates that may, for example,
multiply the hazard of ending (i.e., proportional hazard—PH) and accelerate/decelerate
the coming of end (i.e., accelerated failure time—AFT). Hazard-based duration models
are also known in the literature as survival models and failure-time models (Hensher and
Mannering, 1994).

Durations of incidents have been statistically analyzed by numerous studies. The
utilized statistical models mainly fall into the family of survival models including PH
(Jones, Janssen and Mannering, 1991) and AFT (Jones et al., 1991, Nam and Mannering,
2000; Chung, 2010; Alkaabi, Dissanayake and Bird, 2011; Chung and Yoon, 2012;
Hojati et al., 2013; Wang, Cong and Qiao, 2013; Ghosh, Savolainen and Gates, 2014;
Chung, Chiou and Lin, 2015). In particular, PH focuses on the hazard rate assuming that
a baseline hazard exists over time and the effects of covariates acts multiplicatively on

the baseline hazard. On the other hand, AFT focuses on the survival time assuming that
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there exists a baseline survival function and the effects of covariates rescales the time in
such function. With such inherent assumptions, AFT is predominantly fully parametric as
a probability distribution for the natural logarithm of baseline survival time (without the
effects of covariates) is mostly specified in applications. Different statistical distributions
have been examined including log-logistic distribution (Jones et al., 1991; Nam and
Mannering, 2000; Chung, 2010; Wang et al., 2013; 10), Weibull distribution (Nam and
Mannering, 2000; Alkaabi et al., 2011; Hojati et al., 2013, 10), log-normal distribution
(Chung and Yoon, 2012), generalized F distribution (Ghosh et al., 2014), gamma
distribution (Chung et al., 2015) and inverse normal distribution (Chung et al., 2015). PH
however is mostly in a semi-parametric form to allow enough flexibility in assessing the
effects of covariates on the baseline hazard without being constrained by specific
duration distribution assumption (Cox, 1972). Given the number of studies conducted
based on the authors’ review, AFT seems to be preferred by researchers in the
transportation domain for modeling the durations of incidents (Li, Pereira and Ben-
Akiva, 2018). The underlying reasons can be related to i) a fully parametric AFT is
analytically trackable and thus more efficient in estimating incident durations once the
model is established, ii) different statistical distributions can be examined and adopted to
accommaodate and explain different duration data.

Other statistical models adopted in incident duration modeling may include linear-
based regression models (Golob, Recker and Leonard, 1987; Giuliano, 1989; Khattak,
Schofer and Wang, 1995; Zhang and Khattak, 2010; Khattak, Wang and Zhang, 2012)
and structural equation model (Lee, Chung and Son, 2009). These models do not rely on

the concepts of hazard and survival functions and thus can only estimate the durations of
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incidents without the explanatory powers during the event episodes. Similarly, different

ML models including artificial neural network, support vector machine, k-nearest

neighbor, decision tree and random forest (Valenti, Lelli and Cucina, 2012; Tang et al.,

2020) and hybrid models (Kimv and Chang, 2012; Shang et al., 2019) are also proposed

for estimating incident durations only. Given the merits of survival models in duration

modeling, this resarch adheres to such models.

Based on the utilized incident duration data and the covariates under consideration by

the existing studies, the following two remarks may be made:

Existing studies mainly utilized the duration data gathered and provided by
authorities through the joint efforts of individual agents (e.qg., traffic operators and
patrol officers) with different experiences. Dedicating such efforts to network-
level data collection over extended period is not practical. Therefore, the utilized
data may suffer consistency and coverage issues and thus the reliability of the
resulting model estimations.

These studies only consider static covariates observed at the incident formation
stage with the assumption that these covariates and their effects persist over the
incident periods. Such setup overlooks the role of traffic flow dynamics (e.qg.,
congestion accumulation and dissipation) in affecting clearance of incidents and
the recovery of the resulting disruptions (i.e., the end of incidents) and thus the
durations of incidents. The study in Hou et al. (2014) first incorporates the time-
varying effects of covariates in PH through the multiplicative time-dependent
coefficients on covariates, leading to the non-proportional hazard; the covariates

per se, however, are static.
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Addressing the above two remarks, the vision in this application is to examine
alternative approach in capturing incidents’ durational characteristics by:
e Changing the collection of incident durations from a manually reporting basis to
an automatic-detection basis.
e Changing the covariates considered in the hazard-based duration models from a

static basis to a time-varying basis.

3.4.2. Hazard-based Modeling

Since the aforementioned terms (proportional hazard, covariates, semi-parametric
form, etc.) may not be understandable if the duration modeling framework is not
clarified, this section conceptualizes such framework for incident duration, i.e., the period
from incident occurrence to the clearance of the associated disruption and the recovery of
traffic operation, and presents the methodology adopted in this application.

Let T be a non-negative random variable denoting the durations of incidents. The
focus here is on continuous T though the measures of incident durations are discrete
given the temporal resolution of the available traffic detector data used for extracting
incidents. Accordingly, on the continuous time scale, the hazard at time ¢, denoted by
h(t), is defined in this problem as the instantaneous rate that the duration T will end in an
infinitesimally small time period dt after time t, given that the duration has elapsed until
time t (Equation 17). In this application, incident duration hazard refers to the time-
dependent rate denoting an incident will be cleared (including the associated traffic
disruptions being fully recovered) momentarily after the incident has endured a given

period of time.
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C Prt<T<t+dtIT>1t)
h(t) = lim

17
dt—0 dt ( )

To relate the hazard to the probability density function (PDF) f () and the cumulative
distribution function (CDF) F(+) of T, the probability of the incident duration terminating
in an infinitesimally small period dt after time ¢t is f(t)dt; moreover, the probability that
the duration does not end before time t is 1 — F(t). Consequently, h(t) can be related to

f(t) and F(t) through Equation18.

f@)  f(® dF(@®)/dt  —dS(t)/dt —dInS(t)
1-F@) S  S@® S@® dt (18)

h(t) =

In the above equation, S(t) = 1 — F(t) = Pr (T = t) is often referred to as
endurance function or survival function.

The effects of exogenous variables (i.e., covariates) are crucial in estimating the
hazard since the probability of an incident being cleared is not solely related to the
inherent duration of the corresponding episode in nature but to the other factors such as
the traffic flow dynamics considered in this application. The method adopted to
accommodate the effects of covariates is called the “PH form”. In this form, the joint
effects of covariates are multiplicative on an underlying baseline hazard function

(Equation 19)

h(t,x, B) = ho(t) - p(x, B) (19)
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Where h(t) is the baseline hazard at time t, x is the vector of covariates, and g is the
vector of parameters (called covariate coefficients) corresponding to x.

The covariates will scale the entire hazard function up or down while the hazard
profile hy(t) remains the same; that is, if a given covariate in x has a positive effect on
the hazard (i.e., facilitate the clearance of incidents), it will increase the value of ¢ (x, 8)
with its increase through the corresponding positive coefficient in g; if this covariate has
a negative effect on the hazard (i.e., impede the clearance of incidents), it will decrease
the value of ¢ (x, ) with its increase through the corresponding negative coefficient in 3.
The candidate covariates representing traffic flow dynamics are as follows:

e The ratio of flow to capacity, denoted by q;/qcqap-

e The ratio of density to critical density, denoted by k,/k..

e The ratio of speed to free-flow speed, denoted by v, /v .

e The ratio of flow difference to capacity, denoted by (q; — qc—1)/4cap-

e The ratio of density difference to critical density, denoted by (k; — k;—1) /k..

e The ratio of speed difference to free-flow speed, denoted by (v, — v;_1) /vs.

The specification of ¢ (x, B) follows the exponential form (monotonic with positive
range) which accommodate both the positive and negative effects of covariates (through

the positive or negative coefficients) while ensuring a positive hazard (Equation 20).

¢ (x;, B) = exp ((x = %)'B) (20)

To further consider the changes of x in time, we introduce the time-varying covariates

x(t). In such manner, the time-varying covariates—those related to the flow, density and
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speed dynamic measures as adopted in this application—can be functions of time.

Consequently, the final hazard function is formulated as Equation 21.

h(t, x(t), B) = ho(t) - exp ((x(¢) = %)'B) (21)

The baseline hazard h,(t) will be estimated non-parametrically with the Kaplan—

Meier estimator (Equation 22).

S@) = H (1 - Z—i) (22)

Where d; is the number of incidents being cleared at time ¢; and n; is the number of
incidents pending clearance at time t;. Given that exp ((x(t) — X)) is parametric, the

overall hazard function h(t, x(t), 8) has a semi-parametric form.

3.4.3. Incident Duration Extraction

The incident durations fed into the above hazard-based model were extracted from the
2014-2016 traffic detector data in Virginia using the ML-based incident detection
algorithm developed in this research. For consistent and finer increments when extracting
incident durations from the provided traffic detector data, only data collected by detector
stations with 5-minute intervals were utilized, resulting in 330 detector stations being

analyzed.
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Chapter 4. Numerical Results and Analysis

In this chapter, spatio-temporal characteristics of the entire traffic detector and
collision data in the state of Virginia are first presented. The incident/collision detection
results associated with the select detectors (i.e., illustrated in Figure 1 and presented in
Table 4) and offered by the two proposed incident detection algorithms are then
evaluated. Using the ML-based incident detection algorithm, the durations of the
incidents are extracted and the hazard-based modeling results of these incident durations

are shown..

4.1. Traffic and Collision Characteristics

4.1.1. Collision Characteristics

The KABCO Injury Classification Scale adopted in Virginia (FHWA, 2022)
categorizes collision severities as follows:

e K:Dead

e A: Serious Injury

e B: Minor/Possible Injury

e C: No Apparent Injury

e O: No Injury (driver only)

Figure 9 presents the percentages of collisions with different severity levels, where
collisions with severity level O are the most prevailing ones, followed by collisions with
severity levels B, C, A, and K. Considering the similarity in different severity levels,

collisions with severity levels K and A (i.e., major collisions), and collisions with
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severity levels B and C (i.e., minor collisions) may grouped, respectively, for the ease of

comparative analysis.

K&A

06/658/6 6.4%

16. 9%
12. 6% 0
64 2% 64.2%

Figure 9: Percentages of collisions with different severity levels (K through O) in the
State of Virginia between 2011 and 2016.

B&C
29.4%

Figure 10 through Figure 13 present the collision spatial distributions in Virginia for
all documented collisions (Figure 10), for collisions with severity levels K and A (Figure
11—major collisions), for collisions with severity levels of B and C (Figure 12—minor
collisions), and for collisions with severity level O (Figure 13—property damage only
collisions). By comparison, it seems that major collisions, namely fatal and serious injury
collisions, tend to concentrate along the freeway corridors and in urban/suburban areas
where multiple freeways intersect, e.g., the Northern Virginia Area (NOVA), the
Richmond Metropolitan Area (in the center of the state), and the Virginia Beach-Norfolk-
Newport News Metropolitan Area (in the southeast region of the state). The less serious
(minor and property damage only) collisions are more widely distributed with locations

in rural areas and smaller cities.
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Figure 10: Spatial distribution of all documented collisions in Virginia from 2011 to
2016 (Original Map: © 2022 TomTom).

Figure 11: Spatial distribution of documented collisions with severity levels K and A in
Virginia from 2011 to 2016 (Original Map: © 2022 TomTom).
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Figure 12: Spatial distribution of documented collisions with severity levels B and C in
Virginia from 2011 to 2016 (Original Map: © 2022 TomTom).
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Figure 13: Spatial distribution of documented collisions with severity level O in Virginia
from 2011 to 2016 (Original Map: © 2022 TomTom).
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When looking at the annual distributions of the collisions as shown in Figure 14, the
number of collisions does not consistently increase or decrease over the years. All the
computed trends, except the trend associated with the collisions with severity levels K
and A, follow a slight increase-decrease-increase pattern. The trend for collisions with
severity levels K and A, however, presents a steady decline for the first four years from

2011 to 2014 then slightly increases in 2015 and 2016.
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Figure 14: Annual trends of collisions in Virginia between 2011 and 2016.

For further understanding of the temporal distributions of the collisions, monthly
patterns are investigated in Figure 15; in general, there are more collisions in the fourth
quarter of the year (October through December) if compared to other quarters (January

through March, April through June, and July through September). Such statement
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however is not accurate for the major collisions with severity levels K and A. The
monthly frequencies of these collisions are peaked in a plateau form during the middle of
year that corresponds to the “hot season” ranging between May and August. The findings
concluded from Figure 14 and Figure 15 can be consolidated by the seasonality

distributions as shown in Figure 16.
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Figure 15: Monthly distribution of collisions in Virginia between 2011 and 2016.
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between 2011 and 2016.
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The seasonality figure shows that the monthly patterns are consistent and repetitive
(in form) over the years for all collision types; in other words, the results concluded from
one year may be generalized for other years. In addition to the seasonal/monthly patterns,
the day-of-week patterns (Figure 17) reveal that there are more minor and property
damage only collisions during weekdays then weekend days and Friday is the day with
most collisions. Such statement however is not true for major collisions with severity
levels K and A; for these collisions, Saturday remains the peak day, followed by Friday
and Sunday. The reason behind such discrepancy might be related to the fact that the
most severe collisions in terms of human loss/impact are mostly pedestrian based that

occurs during the weekend and on holidays especially in urban centers.
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Figure 17: Day-of-week distribution of collisions in Virginia between 2011 and 2016.
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The final temporal distribution that is of interest is the hourly distribution. As seen in
Figure 18, the hourly patterns are similar for all collision types and corresponds to the
traffic volumes and the roadway utilization levels; the hourly patterns feature two peaks
during the morning and the afternoon rush hour periods. The time of day might be
considered as a characteristic variable to estimate collision probabilities and classified as
early morning period (12:00 AM — 5:59 AM), peak hour AM period (6:00 AM — 9:59
AM), noon period (10:00 AM — 2:59 PM), peak hour PM period (3:00 PM — 6:59 PM)

and evening period (7:00 PM to 11:59 PM).
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Figure 18: Hour-of-day distribution of collisions in Virginia between 2011 and 2016.
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4.1.2. Traffic Characteristics

Figure 19 presents the annual average daily traffic (AADT) averaged over the stations
in each jurisdiction (i.e., county/city). The roadways in and between the three major
metropolitan areas, namely, the Northern Virginia Area, the Richmond Metropolitan
Area, and the Virginia Beach-Norfolk-Newport News Metropolitan Area are exposed to
more traffic in general. In other words, the eastern freeway and urban roadway links tend

to be more congested.
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Figure 19: AADT by jurisdiction in Virginia (Original Map: © 2022 TomTom).

To further understand the relation between collision frequency and AADT, collisions
within a half-mile range from the detector stations were extracted. Such spatial
correlation between the detector data and the collision data is needed since the AADT
obtained at the detector station locations can only evaluate the traffic operations
associated with their corresponding local roadway segments. The average (per station)

collision frequency in the detector stations’ proximity by jurisdiction is demonstrated in
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Figure 20. The patterns seen in this figure are similar to those seen in Figure 19 with the

critical areas identified.
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Figure 20: Average near-station collision frequency by jurisdiction in Virginia (Original
Map: © 2022 TomTom).

For a better comparison, AADT and collision frequency by jurisdiction were rescaled
through a min-max normalization, respectively, and displayed together in Figure 21. It
should be noted that jurisdictions with only one detector stations were omitted since data
associated with these jurisdictions may potentially be extreme scenarios and thus result in
pattern distortion/biases. Through inspection, special attention should be paid to
Arlington, Hampton and Virginia Beach since these three jurisdictions feature
significantly higher collision frequency ranks than AADT ranks, indicating potential

roadway safety issues.
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Figure 21: Normalized AADT (blue) and collision frequency (red) by jurisdiction in
Virginia between 2014 and 2016 (Original Map: © 2022 TomTom).

4.1.3. Sample Statistical Application on Bridge Safety Evaluation

With the availability of both traffic detector and collision data, bridge failure rate
®(m, v, b, p) due to truck collisions on piers may be estimated for bridge safety
evaluation purposes. The weight (i.e., the mass m given the naming convention in the
industry) and speed (i.e., v) distributions of trucks may reproduce the kinetic energy of
trucks colliding into bridge piers in a Monte Carlo method; such Kkinetic energy can be
examined through a computational structural simulation, considering the width of the
piers (i.e., b), to see if the failure of a bridge is triggered. The involvement rate of
collisions with trucks colliding into bridge piers (i.e., p), adjusted by the bridge failure
rate factoring in m, v and b, may then serve as a bridge safety measure. The estimations
of the weight and speed distributions of trucks, and the involvement rate of collisions
with trucks colliding into bridge piers are demonstrated in the remainder of this

subsection.
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The traffic detector stations with vehicle classification categorize the passing through
vehicles into the following 15 categories:

e Motorcycles

e Passenger Cars

e Two Axle 4 Tire Single Unit Vehicles

e Busses

e Two Axle 6 Tire Single Unit Trucks

e Three Axle Single Unit Trucks

e Four or More Axle Single Unit Trucks

e Four Axle or Fewer Single Trailers

e Five Axle Single Trailers

e Six or More Axle Single Trailers

e Five Axle or Fewer Multi-Trailers

e Six Axle Multi-Trailers

e Seven or More Axle Multi-Trailers

e Other

e Unclassified

It can be seen that the above classification is mainly based on the number of axels
rather than the gross weight of vehicles. Additional information therefore is needed to
translate the axel information into vehicle gross weight information.

Federal Highway Administration (FHWA) established an 8-class vehicle

classification based on gross vehicle weight rating (GVWR). Table 6 specifies the weight
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ranges associated with these 8 classes. Table 7 lists the permissible gross weights for
vehicles based on Federal Bridge Gross Weight Formula with different number of axles.
For bridge failure due to collisions on piers, we mainly focus on medium/heavy-duty
trucks and trailers that fall into the Two Axle 6 Tire Single Unit Trucks category and the
categories of trucks/trailers with three or more axles in the above axle-based
classification or, equivalently, class 3-8 based on GVWR. The Two Axle 6 Tire Single
Unit Trucks is a broad category with wide gross weight range that may span class 3 to
class 7 based on GVWR (Sparks, Shuh and Smith, 2009). Therefore, the market share
statistics along with the GVWR ranges associated with these classes in Table 6 are
adopted to reproduce the weight distribution of trucks within such category. For those
trucks/trailers with three or more axles, the permissible gross weights for vehicles based
on Bridge Formula in Table 7 are adopted to represent the weight distributions of
trucks/trailers associated with these categories that feature three or more axles. It should
be noted that vehicle weights are assumed to be uniformly distributed across the specified

weight ranges.

Table 6: Vehicle classification by GVWR and the corresponding truck percentage share
by class (source: Sparks et al., 2009; Davis and Boundy, 2021).

Class Category GVWR (lbs) Percentage Adjusted Percentage

(Class 3-7)

Class 1 Light-duty 6000 & less 61.0% -

Class 2 6001 to 10,000 32.9% -

Class 3 10,001 to 14,000 0.8% 22.9%
Class 4 Medium-duty 14,001 to 16,000 0.3% 8.6%
Class 5 16,001 t0 19,500 0.2% 5.7%
Class 6 19,501 to 26,000 2.0% 57.1%
Class 7 Heavy-duty 26,001 t0 33,000 0.2% 5.7%
Class 8 33,001 & over 2.5% -
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Table 7: Permissible gross weights for vehicles based on Federal Bridge Gross Weight
Formula (source: FHWA, 2019).

Number of axles  Permissible Gross Weight (lbs)

2 axles 34,000 to 40,000
3 axles 34,000 to 60,000
4 axles 50,000 to 80,000
5 axles 58,000 to 80,000
6 axles 66,000 to 80,000
7 axles 74,000 to 80,000

Vehicle speeds observed at a specific location during a sufficiently long observation
period (e.g., one hour) may follow the Extreme Value Type I distribution (i.e., Gumbel

distribution) as illustrated in Figure 22 below:
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Figure 22: Illustration of hourly vehicle speed distribution.

It can be seen that the observed distribution of vehicle speeds is asymmetric and more
left-tailed given the posted speed limit and the mechanical performance of vehicles would
restrict higher speed values. The Gumbel distribution may well interpret such distribution
and the corresponding location and scale parameters can represent the central tendency

and the variance level of the distribution.
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Figure 23 presents the joint and respective distributions of the location and scale
parameters of the Gumbel-distributed hourly vehicle speed distributions observed at a
specific location. It can be seen that the respective distributions of the location and scale
parameters may also follow the Gumbel distribution; in particular, the distribution of
location parameter is the maximum type (i.e., the central tendency of speed distribution is
more restricted from reaching higher values), whereas the distribution of scale parameter
is the minimum type (i.e., the variance level of speed distribution is more restricted from

reaching lower values).
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Figure 23: lllustration of the joint and respective distributions of the location and scale
parameters of the Gumbel-distributed hourly vehicle speed distributions.
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Given the weak correlation concluded from the Spearman’s correlation test (or the
assumed independency) between the location and scale parameters of the observed hourly
speed distributions, the respective location parameters of the distributions of these two
parameters, at which the associated probability density and also the joint probability
density reach their maximums, may be adopted to characterize the speed distribution at
the corresponding location.

Given collisions are rare events especially those involving trucks (including trailers),
the number of truck-related collisions is very limited at specific locations. Therefore, all
traffic detector stations with vehicle classification in Virginia are leveraged to estimate a

truck-related collision involvement rate as follows:

X N;
XViL

x 1000000 = 0.763 (23)

Where N; denotes the number of truck-related collisions occurred on Link i, V;
denotes the volume of trucks volume traversing Link i, and L; denotes the length of Link
i. Link i here is defined as the roadway stretch on which the ith traffic detector station
with vehicle classification is deployed, bounded by the nearest upstream and downstream
ramps from the detector station.

When such involvement rate multiplied by the width of a specific bridge, it may yield
an exposure rate of the bridge to the under-bridge truck-related collisions, i.e., the
expected number of truck-related collisions that would occur under the bridge given one
million trucks traversing under the bridge. Noted that truck-related collisions occurred

under bridges may not post direct impact to the piers of bridges. Therefore, it is desired to
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further refine such rate to denote the extent to which the bridges are exposed to truck-
related collisions that impact the piers given the under-bridge truck volumes. This can be
achieved by multiplying the exposure rate by a conditional probability that reveals the
likelihood of under-bridge truck-related collisions colliding into bridge piers. Such
conditional probability may be estimated by a Monte Carlo simulation setup that
considers various endogenous (e.g., speed and weight of the trucks involved in collisions)
and exogenous factors (e.g., design of bridges and the roadway geometric under bridges).
The location-specific truck-related collision involvement rate can also be estimated
without historical data on truck-related collisions by installing temporary traffic detector
stations under the bridges. Incident detection algorithms proposed in this research may
then be applied for estimating the incident involvement rate. Such rate may be adjusted
give that: 1) collisions account for roughly 5% of the incidents (see the incident/collision
detection results in Section 4.2 and Section 4.3); and 2) truck-related collisions account
for 1.62% of the total collisions (according to the collision statistics concluded from the
2011-2016 Virginia DMV data). The incident rate may be translated into the truck-related
collision involvement rate given the consistencies found in the proposed incident
detection algorithms in detecting collisions in general and truck-related collisions in
particular: based on the results offered in the next two subsections, 1) the ML-based
algorithm detecting 75.6% of the collisions detects 80.0% of the truck-related collisions;
and 2) the analytical algorithm detecting 74.7% % of the collisions detects 81.8% of the

truck-related collisions.
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4.2. ML-based Detection Results

The applied LSTM was developed on Python with Keras using CPU-based
TensorFlow backend; run on a personal computer equipped with a 6-core 12-thread CPU,
an epoch of training per detector station took about 12 seconds for p = 5, and 4 seconds
for p = 15. After proper training and tuning of LSTM, Table 8 evaluates the traffic
prediction results. The table first compares the losses in predicting speed distributions
using LSTM versus using VAR, supporting the superiority of the applied LSTM. Further
comparison in terms of the losses in predicting traffic flow fundamental measures is
performed. The comparison is between two approaches: 1) applying LSTM to predict
speed distributions, then deriving fundamental measures from the predictions; and 2)
applying LSTM to directly predict each of the fundamental measures. Though the direct
predictions on flow and density measures (approach 2) yield better accuracies compared
to the derived ones from the predicted speed distributions, their comparison in terms of
collision detection and incident identification performance (as discussed later in this
section) highlights the merits of speed distribution predictions (approach 1). Approach 1

is then adopted in this research.

Table 8: Comparison of losses (in terms of MSE) in predicting speed distributions using
LSTM versus using VAR, and in predicting traffic flow fundamental measures using
LSTM with speed distributions versus with the direct use of each fundamental measure.

LSTM With Speed Distribution LSTM With Fundamental Measures
LSTM VAR - -

Flow Density Speed Flow Density Speed
69.5 72.6 5874 4.86 5.07 5026 4.08 5.32
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With the adaptation of incident-warning thresholds, Table 9 presents and summarizes

the incident/collision detection results corresponding to the select detector stations. The

terminologies used in Table 9 are defined as follows:

Total Collisions (TC): collisions documented in the DMV collision report after
sampling with traffic detector data in their proximity being available at the time of
collision occurrence.

Detected Collisions (DC): collisions that belong to TC and coinciding with
classified incidents.

Collision Detection Rate (DR): faction of DC over TC; such measure may serve
as an indicator of incident detection capability given the higher percentage of
collisions being detected implies the higher percentage of incidents being
detected.

Classified Incidents (Cl): incidents identified by the developed incident detection
algorithm during the testing period. Note that incidents connected in time are
considered as one instance.

Collision to Incident Fraction (CIF): fraction of DC over CI; such measure may
serve as an indicator of the reliability of incident detection outcomes given the
higher fraction of incidents being validated by collisions (as the ground-truth
incident events) implies the higher fraction of identified incidents being real
incident events.

Incident Time Fraction (ITF): fraction of time steps belong to CI over total time

steps being examined.
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For comparison purposes, the McMaster algorithm (Persaud et al., 1990) was also
examined. Such algorithm uses the position of the flow-occupancy point in a fundamental
diagram accompanied by a speed threshold to identify the transitions between
uncongested and congested regimes for incident detection (as illustrated by Figure 24);
incidents are then the observations being congested for at least two consecutive time
steps with no preceding congestion observed. It should be noted that when migrating the
McMaster algorithm to the data used in this research, density was used as a surrogate
measure of occupancy given occupancy data are not available. It should also be noted
that the McMaster algorithm was used for comparison purposes given its ability to
function with incomplete incident information; this however may not be the case when
using alternative algorithms, especially those algorithms implementing supervised ML
proposed in the past studies. Further comparisons with other AID algorithms are
presented in Table 10. These algorithms were chosen given they can be migrated to the
low-frequency traffic detector data (with the detection logic not being nullified) and
accommodate the incomprehensive incident data (through the aforementioned balancing

problem) but shown to be inferior to the McMaster algorithm and the LSTM algorithm.
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Figure 24: Illustration of the McMaster algorithm using Virginia traffic detector and
collision data.

In summary, when using the LSTM algorithm developed in this research with the
standardized RMSE measuring the deviation between traffic prediction and detection
adopted as an incident detection metric, 490 out of 648 collisions are detected yielding a
detection rate of 75.6%; these detected collisions account for 4.96% of the 9883
classified incidents and incident time occupies 1.46% of the total testing period. When
using the McMaster algorithm, 379 out of 648 collisions are detected yielding a detection
rate of 58.5%; these detected collisions account for 3.12% of the 12132 classified
incidents and incident time occupies 2.34% of the total testing period. In term of collision
detection abilities, the LSTM algorithm provides higher and more consistent DRs

throughout the stations as a result of the adaptation of incident-warning thresholds in the
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balancing problem. The competitive DRs of the McMaster algorithm at some stations are

generally characterized by the increased CI and resulting in lower CIF and higher ITF. In

other words, the LSTM algorithm can be tailored and has better control on Cl in

achieving the desired DR. According to the assumptions and formulations regarding the

incident-versus-collision detection interest discussed in the Methodology section, we

consider the LSTM algorithm outperforms the McMaster algorithm given the detector

data resolution and the incident data availability in this research. The advantages of the

proposed LSTM algorithm with the utilization of speed distribution may be related to the

following two remarks:

When compared to the McMaster algorithm and other congestion-identification-
based algorithms, the proposed algorithm has the capabilities to detect non-
congested incidents and exclude recurrent congestions that should not be
considered as incidents.

When compared to algorithms developed on traffic flow fundamental measures,
these measures may not be comprehensive to incident formation when detector
data are aggregated over time and the transitions of these measures between
different traffic regimes before and after incidents may not be properly captured.
The proposed algorithm adopts speed distribution as an alternative which conveys
more unfolded information especially when dealing with detector data with
relatively low temporal resolution. Such superiority is supported by the
comparison of detection results when using speed distribution and when using
fundamental measures (see Table 11). Therefore, the proposed algorithm may not

be migrated to data without speed distribution measure.
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Since the LSTM algorithm adopts one-step check whereas the McMaster algorithm
adopts two-step check, one may also be interested in their “crossovers”, that is, the
LSTM algorithm with two-step check (i.e., checking observations with incident-warning
indicators surpass their corresponding thresholds and the resulting suspect incidents last
for at least two time steps) and the McMaster algorithm with one-step check (i.e.,
checking observations that once being congested with no preceding congestion).
Comparison results (see Table 12) show that for the LSTM algorithm, when migrating
the incident-warning thresholds adapted using one-step check to the two-step check
version, there is a significant drop in DR, denoting a loss in detection power given some
incidents/collisions may last for only one step. Such finding is further consolidated by the
failures of adapting the algorithm using two-step check at some detector stations when
setting certain lower bounds on desired DR (see Table 27 in Appendix A). In addition,
given the time to detection also increases when adopting two-step check, one-step check
is preferred for the LSTM algorithm. For the McMaster algorithm, though featured an
increased DR when adopting one-step check, such improvement, however, is
compromised by a more significantly increased Cl and thus yielding a lower CIF (see
Table 13). Therefore, two-step check is preferred for the McMaster algorithm as
originally proposed.

Cross-validation was also performed by migrating the LSTM and the incident
warning thresholds trained/calibrated using the 2014-2015 traffic detector and collision
data to detect incidents/collisions using the 2016 data (see Table 14). Results show
consistencies in both DR and CIF demonstrating the robustness of the developed

algorithm in terms of incident/collision detection. Though there is a noticeable increase in
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ITF, such increment is in line with the increase in the per year TC and Cl, indicating
roadway operation and safety conditions in 2016 had become worse if compared to 2014
and 2015 in the study area.

To further demonstrate the flexibility of the proposed LSTM algorithm, Table 15
presents the incident/collision detection results with different lower bounds on desired
DR. The results can be interpreted as follows: by increasing the incident-warning
thresholds, we tend to detect a more narrow set of collisions and these collisions account
for greater portion of those more severe incidents (severities here refer to the amplitudes
of nonrecurrent changes they lead to their surrounding traffic flows); on the other hand,
by decreasing the incident-warning thresholds, we tend to detect more collisions in
general and these collisions account for less portion of incidents including those less
severe ones. Depending on the goal of transportation administrators, whether to be aware
of more suspect incidents in order to detect those less severe incidents/collisions (i.e., the
proactive detection) or to detect only those more severe ones in order to suppress the
frequency of incident warnings (i.e., the reactive detection), the balancing problem can be

tailored based on roadway characterization.
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Table 9: Comparison of detection results between the LSTM algorithm and the McMaster algorithm.

LSTM algorithm

McMaster algorithm

No. TC |DC DR Cl CIF ITF T Percentile DC DR Cl CIF ITF

1 42 31 73.8% 302 10.26% 0.63% | 99.78% 28 66.7% 314 8.92%  0.89%
2 37 26 70.3% 396 6.57% 1.24% | 99.57% 25 67.6% 692 3.61%  2.27%
3 22 16 72.71% 360 4.44% 0.81% | 99.63% 14 63.6% 364 3.85% 1.13%
4 48 40 83.3% 988 4.05% 297% | 98.98% 29 60.4% 963 3.01%  3.85%
5 34 28 82.4% 688 4.07% 1.85% | 99.25% 15 441% 661 2271%  2.48%
6 17 12 70.6% 132 9.09% 0.30% | 99.90% 12 70.6% 205 5.85%  0.76%
7 50 39 78.0% 697 5.60% 3.18% | 98.91% 26 52.0% 1066 244%  5.49%
8 21 19 90.5% 487 3.90% 1.34% | 99.34% 17 81.0% 587 290%  2.04%
9 45 32 71.1% 814 3.93% 2.25% | 99.24% 30 66.7% 826 3.63%  3.81%
10 37 27 73.0% 247 10.93% 0.63% | 99.76% 25 67.6% 477 5.24%  1.30%
11 25 19 76.0% 342 5.56% 1.01% | 99.68% 19 76.0% 500 3.80%  1.69%
12 32 26 81.3% 790 3.29% 2.90% | 98.94% 13 40.6% 886 1.47%  4.09%
13 17 12 70.6% 381 3.15% 0.81% | 99.69% 11 64.7% 360 3.06%  1.24%
14 39 28 71.8% 590 4.75% 1.45% | 99.50% 21 53.8% 519 4.05%  1.79%
15 51 38 745% 968 3.93% 3.78% | 98.82% 25 49.0% 1138 2.20%  5.60%
16 16 12 75.0%0 221 5.43% 0.37% | 99.81% 11 68.8% 276 3.99%  0.71%
17 25 18 72.0% 403 4.47% 1.14% | 99.62% 12 48.0% 788 1.52%  3.17%
18 40 28 70.0% 324 8.64% 1.10% | 99.67% 28 70.0% 575 487%  1.85%
19 18 13 722% 472 2.75% 1.66% | 99.46% 11 61.1% 736 1.49%  3.79%
20 E 16 12 75.0% 111 10.81% 0.54% | 99.75% 3 18.8% 115 2.61%  0.69%
20W 16 14 87.5% 170 8.24% 0.66% | 99.57% 4 250% 84 4.76%  0.56%
Total 648 |490 75.6% 9883 4.96% 1.46% | — 379 585% 12132 3.12%  2.34%
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Table 10: Comparison of detection results between different AID algorithms.

Algorithm TC DC DR Cl CIF ITF
SND 648 472 72.8% 114672  0.41% 7.35%
DES 648 498 76.9% 133966  0.37% 14.97%
KNN Regression 648 477 73.6% 50745 0.94% 4.43%
McMaster 648 379 58.5% 12132 3.12% 2.34%
LSTM 648 490 75.6% 9883 4.96% 1.46%
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Table 11: Comparison of detection results of the LSTM algorithm using different traffic flow fundamental measures.

Flow Density Speed

No. TC |DC DR Cl CIF ITF DC DR Cl CIF ITF DC DR Cl CIF ITF

1 42 |31 73.8% 11567 0.27% 6.70% |31 73.8% 1214 255% 1.24% |32 76.2% 672 476% 1.03%
2 37 |26 70.3% 1786 1.46% 1.69% |26 70.3% 789 3.30% 1.39% | 27 73.0% 1191 227% 1.91%
3 22 |16 72.7% 8613 0.19% 521% |17 77.3% 4335 039% 3.13% |16 72.7% 733 218% 1.17%
4 48 |34 70.8% 5691 0.60% 4.94% |34 708% 2358 1.44% 3.07% |34 70.8% 1376 247% 3.15%
5 34 |25 735% 16081 0.16% 10.29% | 24 70.6% 1383 1.74% 180% |24 70.6% 532 451% 1.41%
6 17 |13 76.5% 3398 0.38% 2.35% |12 70.6% 429 280% 083% |12 70.6% 191 6.28% 0.72%
7 50 |35 70.0% 1346 260% 240% |35 70.0% 633 553% 233% |38 76.0% 1421 2.67% 3.57%
8 21 |15 714% 394 3.81% 0.71% |15 71.4% 295 508% 091% |16 76.2% 388 412% 1.14%
9 45 (32 T711% 2734 117% 2.84% |33 73.3% 1546 2.13% 249% |32 71.1% 970 3.30% 2.33%
10 37 |26 70.3% 3650 0.71% 247% |28 757% 1034 2.71% 1.22% |26 70.3% 365 7.12%  0.86%
11 25 |18 72.0% 6645 027% 434% |18 72.0% 1923 094% 1.92% | 18 72.0% 503 3.58% 1.23%
12 32 |23 T719% 8551 0.27% 7.00% |23 71.9% 724 3.18% 1.83% |25 78.1% 1186 2.11% 3.01%
13 17 |12 70.6% 2931 041% 1.98% |13 76.5% 707 184% 097% |12 70.6% 379 3.17% 0.90%
14 39 |28 71.8% 6371 044% 447% |28 71.8% 559 501% 150% |29 74.4% 409 7.09% 1.52%
15 51 |36 70.6% 3117 1.15% 4.37% |36 70.6% 1239 291% 3.88% |36 70.6% 1007 357% 3.83%
16 16 |12 75.0% 3872 031% 238% |12 75.0% 2088 057% 152% |13 81.3% 3132 042% 2.24%
17 25 (20 80.0% 7940 0.25% 5.70% |18 72.0% 1685 1.07% 1.82% |18 72.0% 4488 0.40% 3.90%
18 40 |28 70.0% 5451 051% 3.77% |28 70.0% 689 4.06% 152% | 28 70.0% 390 7.18% 1.24%
19 18 |14 77.8% 6500 0.22% 5.07% |13 722% 6901 0.19% 547% |13 722% 3740 0.35% 3.99%
20E 16 |13 81.3% 6108 021% 11.17% | 13 81.3% 4631 0.28% 8.29% |12 75.0% 172 6.98% 0.72%
\2/8 16 |16 100.0% 8728 0.18% 22.48% | 13 81.3% 5062 0.26% 9.44% |12 75.0% 238 5.04% 0.88%
Total 648 | 473 73.0% 121474 0.39% 5.35% | 470 72.5% 40224 1.17% 2.84% | 473 73.0% 23483 2.01% 1.99%
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Table 12: Comparison of detection results of the LSTM algorithm with one-step check versus two-step check.

One-step check (Preferred)

Two-step check

No. TC DC DR Cl CIF ITF DC DR Cl CIF ITF

1 42 31 73.8% 302 10.26% 0.63% 25 59.5% 137 18.25% 0.51%
2 37 26 70.3% 396 6.57% 1.24% 21 56.8% 285 7.371% 1.14%
3 22 16 72.71% 360 4.44% 0.81% 14 63.6% 190 7.371% 0.67%
4 48 40 83.3% 988 4.05% 2.97% 36 75.0% 654 5.50% 2.69%
5 34 28 82.4% 688 4.07% 1.85% 28 82.4% 459 6.10% 1.67%
6 17 12 70.6% 132 9.09% 0.30% 9 52.9% 78 11.54% 0.27%
7 50 39 78.0% 697 5.60% 3.18% 33 66.0% 491 6.72% 2.91%
8 21 19 90.5% 487 3.90% 1.34% 19 90.5% 317 5.99% 1.21%
9 45 32 71.1% 814 3.93% 2.25% 30 66.7% 405 7.41% 1.97%
10 37 27 73.0% 247 10.93% 0.63% 23 62.2% 146 15.75% 0.57%
11 25 19 76.0% 342 5.56% 1.01% 18 72.0% 213 8.45% 0.93%
12 32 26 81.3% 790 3.29% 2.90% 22 68.8% 562 3.91% 2.65%
13 17 12 70.6% 381 3.15% 0.81% 9 52.9% 169 5.33% 0.69%
14 39 28 71.8% 590 4.75% 1.45% 26 66.7% 307 8.47% 1.27%
15 51 38 74.5% 968 3.93% 3.78% 35 68.6% 662 5.29% 3.51%
16 16 12 75.0% 221 5.43% 0.37% 9 56.3% 73 12.33% 0.29%
17 25 18 72.0% 403 4.47% 1.14% 15 60.0% 232 6.47% 1.04%
18 40 28 70.0% 324 8.64% 1.10% 22 55.0% 253 8.70% 1.06%
19 18 13 72.2% 472 2.75% 1.66% 8 44.4% 308 2.60% 1.57%
20 E 16 12 75.0% 111 10.81% 0.54% 5 31.3% 40 12.50% 0.42%
20 W 16 14 87.5% 170 8.24% 0.66% S) 31.3% 69 7.25% 0.48%
Total 648 490 75.6% 9883 4.96% 1.46% 412 63.6% 6050 6.81% 1.31%




0T

Table 13: Comparison of detection results of the McMaster algorithm with one-step check versus two-step check.

One-step check

Two-step check (Preferred)

No. TC DC DR Cl CIF ITF DC DR Cl CIF ITF

1 42 35 83.3% 602 5.81% 1.02% 28 66.7% 314 8.92% 0.89%
2 37 28 75.7% 853 3.28% 2.35% 25 67.6% 692 3.61% 2.21%
3 22 16 72.71% 555 2.88% 1.22% 14 63.6% 364 3.85% 1.13%
4 48 33 68.8% 1301 2.54% 4.01% 29 60.4% 963 3.01% 3.85%
5 34 20 58.8% 863 2.32% 2.571% 15 44.1% 661 2.21% 2.48%
6 17 14 82.4% 414 3.38% 0.86% 12 70.6% 205 5.85% 0.76%
7 50 29 58.0% 1438 2.02% 5.67% 26 52.0% 1066 2.44% 5.49%
8 21 18 85.7% 813 2.21% 2.15% 17 81.0% 587 2.90% 2.04%
9 45 34 75.6% 1241 2.74% 4.01% 30 66.7% 826 3.63% 3.81%
10 37 32 86.5% 916 3.49% 1.51% 25 67.6% 477 5.24% 1.30%
11 25 22 88.0% 834 2.64% 1.85% 19 76.0% 500 3.80% 1.69%
12 32 15 46.9% 1167 1.29% 4.23% 13 40.6% 886 1.47% 4.09%
13 17 16 94.1% 571 2.80% 1.34% 11 64.7% 360 3.06% 1.24%
14 39 28 71.8% 912 3.07% 1.98% 21 53.8% 519 4.05% 1.79%
15 51 31 60.8% 1500 2.07% 5.78% 25 49.0% 1138 2.20% 5.60%
16 16 14 87.5% 575 2.43% 0.85% 11 68.8% 276 3.99% 0.71%
17 25 12 48.0% 1016 1.18% 3.28% 12 48.0% 788 1.52% 3.17%
18 40 33 82.5% 1151 2.87% 2.12% 28 70.0% 575 4.87% 1.85%
19 18 12 66.7% 901 1.33% 3.87% 11 61.1% 736 1.49% 3.79%
20 E 16 6 37.5% 259 2.32% 0.89% 3 18.8% 115 2.61% 0.69%
20 W 16 7 43.8% 157 4.46% 0.67% 4 25.0% 84 4.76% 0.56%
Total 648 455 70.2% 18039 2.52% 2.49% 379 58.5% 12132 3.12% 2.34%
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Table 14: Cross-validation results of the LSTM algorithm.

2014-2015 2016

No. TC DC DR Cl CIF ITF TC DC DR Cl CIF ITF

1 42 31 73.8% 302 10.26% 0.63% 34 28 82.4% 220 12.73% 0.81%
2 37 26 70.3% 396 6.57% 1.24% 22 18 81.8% 305 5.90% 1.86%
3 22 16 72.71% 360 4.44% 0.81% 8 7 87.5% 202 3.47% 0.95%
4 48 40 83.3% 988 4.05% 2.97% 42 35 83.3% 662 5.29% 4.38%
5 34 28 82.4% 688 4.07% 1.85% 18 16 88.9% 396 4.04% 2.64%
6 17 12 70.6% 132 9.09% 0.30% 5 5 100.0% 61 8.20% 0.47%
7 50 39 78.0% 697 5.60% 3.18% 39 28 71.8% 399 7.02% 3.29%
8 21 19 90.5% 487 3.90% 1.34% 10 8 80.0% 438 1.83% 2.55%
9 45 32 71.1% 814 3.93% 2.25% 32 19 59.4% 637 2.98% 4.02%
10 37 27 73.0% 247 10.93% 0.63% 46 37 80.4% 244 15.16% 1.56%
11 25 19 76.0% 342 5.56% 1.01% 36 28 77.8% 272 10.29% 1.49%
12 32 26 81.3% 790 3.29% 2.90% 34 26 76.5% 681 3.82% 5.84%
13 17 12 70.6% 381 3.15% 0.81% 11 7 63.6% 384 1.82% 1.58%
14 39 28 71.8% 590 4.75% 1.45% 19 16 84.2% 286 5.59% 1.46%
15 51 38 74.5% 968 3.93% 3.78% 31 20 64.5% 534 3.75% 4.02%
16 16 12 75.0% 221 5.43% 0.37% 5 3 60.0% 129 2.33% 0.39%
17 25 18 72.0% 403 4.47% 1.14% 21 12 57.1% 369 3.25% 1.99%
18 40 28 70.0% 324 8.64% 1.10% 24 18 75.0% 245 7.35% 1.75%
19 18 13 72.2% 472 2.75% 1.66% 15 11 73.3% 403 2.73% 3.39%
20 E 16 12 75.0% 111 10.81% 0.54% 6 2 33.3% 72 2.78% 0.92%
20 W 16 14 87.5% 170 8.24% 0.66% 10 9 90.0% 131 6.87% 1.31%
Total 648 490 75.6% 9883  4.96% 1.46% 468 353  75.4% 7070  4.99% 2.22%
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Table 15: Comparison of detection results of the LSTM algorithm with different lower bounds on collision detection rates.

60% 70% 80%

No. TC |DC DR Cl CIF ITF DC DR Cl CIF ITF DC DR Cl CIF ITF

1 42 |26 61.9% 243 10.70% 0.49% |31 73.8% 302 10.26% 0.63% |34 81.0% 336 10.12% 0.69%
2 37 |24 649% 338 7.10% 1.08% |26 70.3% 396 6.57% 1.24% |31 83.8% 672 461%  1.95%
3 22 |15 682% 328 457% 0.69% |16 72.7% 360 4.44% 0.81% |18 81.8% 474 3.80%  1.08%
4 48 |29 604% 705 4.11% 219% |40 833% 988 4.05% 297% |40 83.3% 988 4.05% 2.97%
5 34 |21 618% 466 451% 1.19% |28 824% 688 4.07% 1.85% |28 82.4% 688 4.07%  1.85%
6 17 |11 647% 103 10.68% 0.25% |12 70.6% 132 9.09% 0.30% |14 82.4% 216 6.48%  0.59%
7 50 |30 60.0% 518 579% 254% |39 78.0% 697 560% 3.18% |40 80.0% 727 550%  3.30%
8 21 |13 619% 255 510% 0.78% |19 90.5% 487 3.90% 1.34% |19 90.5% 487 3.90%  1.34%
9 45 |30 66.7% 604 497% 176% |32 711% 814 393% 2.25% |36 80.0% 986 3.65%  2.66%
10 37 |23 622% 182 12.64% 047% |27 73.0% 247 1093% 0.63% |30 81.1% 343 8.75%  0.79%
11 25 |17 68.0% 270 6.30% 0.87% |19 76.0% 342 556% 1.01% |20 80.0% 374 5.35%  1.09%
12 32 |21 656% 534 393% 189% |26 813% 790 329% 290% |26 81.3% 790 3.29%  2.90%
13 17 |11 647% 346 3.18% 0.74% |12 70.6% 381 3.15% 0.81% |15 88.2% 551 2.72%  1.10%
14 39 |24 615% 415 578% 117% |28 71.8% 590 4.75%  1.45% | 33 84.6% 747 442%  1.68%
15 51 |32 627% 725 441% @ 2.92% |38 745% 968 3.93% 3.78% |41 80.4% 1140 3.60%  4.34%
16 16 |10 625% 182 549% 0.34% |12 75.0% 221 543% 037% |14 87.5% 854 1.64%  0.88%
17 25 |16 64.0% 351 456% 1.02% |18 72.0% 403 4.47% 1.14% |20 80.0% 491 407%  1.41%
18 40 |25 625% 247 10.12% 0.83% |28 70.0% 324 8.64% 1.10% |34 85.0% 449 7.57%  1.40%
19 18 |13 722% 472 275% @ 1.66% |13 722% 472 275% 1.66% |16 88.9% 704 227%  2.58%
20E 16 |10 625% 53 18.87% 0.29% |12 75.0% 111 1081% 054% |14 87.5% 168 8.33%  0.70%
\2/8 16 |10 625% 73 13.70% 0.41% |14 87.5% 170 8.24% 0.66% |14 87.5% 170 8.24%  0.66%
Total 648 | 411 634% 7410 555%  1.12% | 490 75.6% 9883 4.96%  1.46% |537 82.9% 12355 4.35% 1.71%




4.3. Analytical Detection Results

In this section, results associated with the proposed non-data-driven and semi-data-
driven approaches are presented and compared to the McMaster algorithm (as the
benchmark non-data-driven algorithm; Persaud and Hall, 1989; Persaud et al., 1990) and
the LSTM algorithm (as the benchmark semi-data-driven algorithm), respectively. The
terminologies used in Table 16 through Table 24 aligns with those defined in Section 4.2
with supplementations as follows:

e DC_XX/XY: detected collisions of which the associated incident formation
occurs within regime X (i.e., Condition_XX is met) or during the transition from
regime X to regime Y (i.e., Condition_XY is met).

e CI_XX/XY: classified incidents of which the incident formation associated with
the start of incidents occurs within regime X (i.e., Condition_XX is met) or during
the transition from regime X to regime Y (i.e., Condition_XY is met).

Table 16 presents the detection results associated with the non-data-driven approach
which checks the speed difference against the adopted threshold for determining
incidents during the transition from regime A to regime B. In summary, 449 out of 648
collisions are detected yielding a detection rate of 69.3%; these detected collisions
account for 4.71% of the 9535 classified incidents and incident time occupies 1.35% of
the total testing period; among the 449 detections of collisions, 223 of them are first
realized through the transition from regime A to regime B, 197 of them are first realized
through the transition from regime A to regime C, and 29 of them are first realized
through the transition from regime B to regime C; among the 9535 incidents being

identified, 6063 of them are first realized through the transition from regime A to regime
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B, 3270 of them are first realized through the transition from regime A to regime C, and
202 of them are first realized through the transition from regime B to regime C.

Table 17 presents the detection results associated with the non-data-driven approach
which checks the distance between the flow-density points in FD against the adopted
threshold for determining incidents during the transition from regime A to regime B. In
summary, 440 out of 648 collisions are detected yielding a detection rate of 67.9%; these
detected collisions account for 4.62% of the 9516 classified incidents and incident time
occupies 1.35% of the total testing period; among the 440 detections of collisions, 206 of
them are first realized through the transition from regime A to regime B, 196 of them are
first realized through the transition from regime A to regime C, and 38 of them are first
realized through the transition from regime B to regime C; among the 9516 incidents
being identified, 6048 of them are first realized through the transition from regime A to
regime B, 3259 of them are first realized through the transition from regime A to regime
C, and 209 of them are first realized through the transition from regime B to regime C.

By comparison, the non-data-driven approach using speed difference secures 9 more
detections in DC than using the distance between the flow-density points in FD while
classifying fairly the same incident set. This is supported by the consistencies found in ClI
(including CI_AB, CI_AC and CI_BC), ITF, E[I] and SD[I] if referring to the difference
in DC. The additional detections in DC using speed difference compared to using the
distance between the flow-density points in FD are realized by the increase in DC_AB
less the decrease in DC_BC, revealing that by using speed difference, the non-data-driven
approach may achieve not only a greater detection capability but also the timelier

detections of some incidents/collisions; that is, some incidents/collisions that are
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originally detected during the transition from regime B to regime C can be detected at an
earlier stage during the preceding transition from regime A to regime B.

Since the non-data-driven approach using speed difference achieves a higher DR
(thus the enhanced detection capability) and a higher CIF (thus the improved control on
false-positive incident warnings) than using the distance between the flow-density points
in FD, we consider speed difference superior to the distance between the flow-density
points in FD for identifying incidents during the transition from regime A to regime B.
Such statement is also examined and shown to be true for identifying incidents within
regime A and within regime B. The superiority of speed difference to the distance
between the flow-density points in FD can be interpreted as follows: given the unit
distance between any two flow-density points in FD, the pair of points with greater speed

drops is more in line with the formation of incidents (see Figure 25).
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Figure 25: Illustrations for different speed variations given the unit distance between two
flow-density points in FD.
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Table 18 presents the detection results associated with the non-data-driven approach
using speed difference and the two-step logic, i.e., considering only the data points in
adjacent time steps to calculate speed difference. In summary, 428 out of 648 collisions
are detected yielding a detection rate of 66.0%; these detected collisions account for
4.57% of the 9372 classified incidents and incident time occupies 1.30% of the total
testing period; among the 428 detections of collisions, 199 of them are first realized
through the transition from regime A to regime B, 196 of them are first realized through
the transition from regime A to regime C, and 33 of them are first realized through the
transition from regime B to regime C; among the 9372 incidents being identified, 5887 of
them are first realized through the transition from regime A to regime B, 3256 of them
are first realized through the transition from regime A to regime C, and 229 of them are
first realized through the transition from regime B to regime C.

In comparison to using the three-step logic, the non-data-driven approach using the
two-step logic classifies fewer incidents and thus the less incident time given the statistics
of incident durations are retained. The reduced incident set CI, however, is characterized
by the compromised detection power given the more reduced detections in DC and thus
the lower CIF. The loss of detections using the two-step logic is found in DC_AB less the
increase in DC_BC if compared to using the three-step logic, revealing the losses of not
only detection power but also the timely detections of some incidents/collisions; that is,
some incidents/collisions that may be detected during the transition from regime A to
regime B turn out to be detected at a later stage during the succeeding transition from

regime B to regime C.
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Since the non-data-driven approach using the two-step logic provides a lower DR
(thus the compromised detection capability) and a lower CIF (thus the weakened control
on false-positive incident warnings) than using the three-step logic, we consider the two-
step logic inferior to the three-step logic for identifying incidents during the transition
from regime A to regime B. Such statement is also examined and shown to be true for
identifying incidents within regime A and within regime B, supporting the adoption of
the three-step logic and justifying the underlying reasoning as discussed above.

Table 19 compares the detection results between the non-data-driven approach of the
regime transition algorithm (using speed difference and the three-step logic) and the
McMaster algorithm. Both being analytical/non-data-driven approaches, the proposed
non-data-driven approach of the regime transition algorithm can be seen as the adapted
version of the McMaster algorithm. The corresponding adaptations made are as follows:

e The McMaster algorithm only differentiate the uncongested and congested

regimes through the critical density and the critical speed. Though the adopted
critical speeds may be different given different algorithms are implemented in
acquiring the critical speeds, the uncongested regime in the McMaster algorithm
may correspond to regime A suggested in this research whereas the congested
regime in the McMaster algorithm may correspond to the fusion of regimes B and
C. While the McMaster algorithm only detects incidents by identifying the
transition from the uncongested regime to the congested regime (can be seen as
equivalent to the transitions from regime A to regime B and from regime A to
regime C in the proposed algorithm), the division of regimes B and C suggested

in this research allows the proposed algorithm to detect, through the transition
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from regime B to regime C, incidents/collisions during roadway operations
governed by the congested regime.

e The McMaster algorithm considers the transition from the uncongested regime to
the congested regime sufficient to the incident formation (with the two-step check
specified below passed). The comparable transition from regime A to regime B,
however, is considered to be nondeterministic to the formation of incidents in the
proposed algorithm; that is, the incident formation is conditional on the observed
changes in speed during the transition from regime A to regime B and incidents
are formed only if such changes are significant enough, i.e., surpass the adopted
threshold.

e The McMaster algorithm applies two-step check; that is, incidents are identified
and confirmed by the realization of the transition from the uncongested regime to
the congested regime and the subsequent congested roadway operation that lasts
for at least two consecutive time steps. The proposed algorithm, on the other
hand, simply applies one-step check; that is, incidents are identified and
confirmed at the time step once specific regime transitions associated with
incident formation are realized.

As a result of the above adaptations, the non-data-driven approach of the regime
transition algorithm secures more detections in DC with a refined set of Cl, yielding an
increased DR and an increased CIF compared to the McMaster algorithm. The
advantages of the proposed algorithm may be related to the following three remarks

(associated with the above three adaptations with respect to the McMaster algorithm):
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e The proposed algorithm is able to detect incidents/collisions during congested
roadway operation whereas the McMaster algorithm is not. This contributes to the
enhanced detection capability of the proposed algorithm.

e The proposed algorithm differentiates the incident formation involving the
transition from regime A to regime B from normal traffic operation quantitatively
through speed difference, which may suppress the false-positive detections of
incidents/collisions with the detection power on real incidents/collisions retained.

e Compared to the McMaster algorithm applying two-step check, the proposed
algorithm with one-step check is able to detect incidents/collisions with short
recovery periods (when referring to the 5- or 15-minute data collection intervals)
and alert incidents/collisions one-step earlier. This contributes to not only the
enhanced detection capability of the proposed algorithm but also the timelier
detection of incidents/collisions especially given the traffic detector data used in
this research are with relatively low time-resolution.

Table 20 through Table 22 present the semi-data-driven approach of the regime
transition algorithm (using speed difference and three-step logic) with different lower
bounds on collision detection rate DR. Note that station No. 20 is omitted given the
station fails to well accommodate the algorithm in achieving the desired DRs; that is, the
incident set CI grows exponentially with the increased lower bound on DR, rendering the
detections of incidents/collisions trivial, i.e., incidents are no longer rare events and the
association between collisions and the formation of incidents may just be “hit-0or-miss”.

The underline reasons may be related to the following:
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e Traffic detector data collected in this station are more aggregated over time
compared to other stations (i.e., the 15-minute interval compared to the 5-minute
interval); therefore, the transitions between traffic operation states/regimes and
the associated changes during the transitions are more difficult to be properly
identified and represented through the data.

e The roadway segment monitored by this station is not well travelled compared to
other stations given absence of regime B and the lack of scattering in regime C
presented in the associated FD (see Figure 8, No. 20E & No. 20W); therefore, the
formation of incidents/collisions may not initiate the transitions between traffic
operation states/regimes and be well blended into the uncongested roadway
operations.

By implementing the semi-data-driven approach with the 60% lower bound on
collision detection rate (see Table 20), 425 out of 616 collisions are detected yielding a
detection rate of 69.0%; these detected collisions account for 5.77% of the 7361
classified incidents and incident time occupies 1.16% of the total testing period; among
the 425 detections of collisions, 35 of them are first realized through the transition of
states within regime A, 165 of them are first realized through the transition from regime
A to regime B, 173 of them are first realized through the transition from regime A to
regime C, 16 of them are first realized through the transition of states within regime B,
and 37 of them are first realized through the transition from regime B to regime C; among
the 7361 incidents being identified, 552 of them are first realized through the transition of
states within regime A, 3329 of them are first realized through the transition from regime

A to regime B, 2958 of them are first realized by the transition from regime A to regime
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C, 261 of them are first realized through the transition of states within regime B, and 305
of them are first realized by the transition from regime B to regime C. It can be seen that
most of the collision detections are first realized through the transitions from regime A to
regime B (though the FDs observed at some detector station locations do not feature
regime B) and from regime A to regime C, followed by the transition of states within
regime A and the transition from regime B to regime C, and then the transition of states
within regime B; consistent ranking is also observed for the identified incidents
associated with the keeping/changing of regimes. In other words, most
incidents/collisions occur during the uncongested roadway operations (i.e., regime A).
When the semi-data-driven approach with the 60% lower bound on collision
detection rate and the non-data-driven approach (see the subtotal in Table 16) are
compared, both approaches yield competitive DRs at around 70%. The non-data-driven
approach secures 9 more detections in DC; however, such improvement is characterized
by the more significantly increased CI thus resulting in lower CIF. The advancement of
the semi-data-driven approach in attaining comparable DR with better controlled Cl
relies on its additional considerations on the incident formation scenarios (associated with
Condition_AA and Condition_BB) as well as the tuning of thresholds on speed
differences incorporated in the scenarios (associated with not only Condition_AB, but
also Condition_AA and Condition_BB). As a result, the semi-data-driven approach tend
to detect major incidents/collisions under specific incident formation scenarios while
suppressing those minor ones from raising false alarms; In other words, the semi-data-
driven approach can be better tailored to achieve the desired DR by addressing the

incident-versus-collision detection interest and thus the objective and priority of incident
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detection mentioned earlier. In addition to the detection capability aspect, the semi-data-
driven approach may also achieve timelier detections of incidents/collisions; in particular,
considering incident formation within regime A may secure earlier detections of
incidents/collisions during the transitions from regime A to regime B and from regime A
to regime C, and considering incident formation within regime B may secure earlier
detections of incidents/collisions during the transitions from regime B to regime C.
When increasing the lower bound on DR to 70% (see Table 21), the semi-data-driven
approach detects 460 out of 616 collisions, yielding a detection rate of 74.7%; these
detected collisions account for 4.84% of the 9506 classified incidents and incident time
occupies 1.31% of the total testing period; among the 460 detections of collisions, 91 of
them are first realized through the transition of states within regime A, 168 of them are
first realized through the transition from regime A to regime B, 151 of them are first
realized through the transition from regime A to regime C, 15 of them are first realized
through the transition of states within regime B, and 35 of them are first realized through
the transition from regime B to regime C; among the 9506 incidents being identified,
2657 of them are first realized through the transition of states within regime A, 3504 of
them are first realized through the transition from regime A to regime B, 2826 of them
are first realized by the transition from regime A to regime C, 251 of them are first
realized through the transition of states within regime B, and 268 of them are first
realized by the transition from regime B to regime C. The 5.5% improvement in DR
when increasing the lower bound on DR from 60% to 70% is realized by the increased
detections in DC_AA less the losses in DC_AC (i.e., the earlier detections of DC_AC

gained in DC_AA) while the collision detections associated with other incident formation
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scenarios are maintained. This reveals the importance of detecting incidents/collisions
during uncongested roadway operations when higher incident/collision detection rates are
desired. The increased detections in DC_AA, however, is accompanied by the more
increased Cl_AA (in terms of percentage) and thus the decreased CIF, denoting that in
order to secure more detections of incidents/collisions during uncongested roadway
operations including those less significant ones in terms of their induced disruptions,
more incident warnings (possibly with a greater magnitude level) would be raised of
which a greater portion tend to be false positives.

When the lower bound on DR is further increased to 80% (see Table 22), the semi-
data-driven approach detects 512 out of 616 collisions, yielding a detection rate of
83.1%; these detected collisions account for 3.19% of the 16049 classified incidents and
incident time occupies 1.73% of the total testing period; among the 512 detections of
collisions, 196 of them are first realized through the transition of states within regime A,
160 of them are first realized through the transition from regime A to regime B, 116 of
them are first realized through the transition from regime A to regime C, 12 of them are
first realized through the transition of states within regime B, and 28 of them are first
realized through the transition from regime B to regime C; among the 16049 incidents
being identified, 9203 of them are first realized through the transition of states within
regime A, 3975 of them are first realized through the transition from regime A to regime
B, 2505 of them are first realized by the transition from regime A to regime C, 180 of
them are first realized through the transition of states within regime B, and 186 of them
are first realized by the transition from regime B to regime C. When the lower bound on

DR is further lifted, the increased detections in DC_AA less the losses in DC_AC again
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contribute to the improvement in DR. However, compared to the semi-data-driven
approach with the 60% lower bound on DR, the increased DC_AA with the 80% lower
bound on DR is characterized by the more significantly increased Cl_AA, i.e., 5.6 folds
versus 16.7 folds. The decreased CIF referring the increased DR (in terms of their
respective percentage differences) highlights the potential false-alarm issue when setting
higher expectations on incident/collision detection rates.

To further demonstrate the robustness of the proposed semi-data-driven approach, a
cross-validation analysis is performed as follows: use the 2014-2015 traffic detector and
collision data to partition regimes and adapt the speed difference thresholds associated
with different incident formation scenarios; migrate the partitioned regimes and the
adapted speed difference thresholds to the 2016 data to detect incidents/collisions and
evaluate the subsequent detection results. Table 23 presents the corresponding cross-
validation results. With the 70% lower bound on DR adopted when adapting the speed
difference thresholds using the 2014-2015 collision data, the proposed semi-data-driven
approach secures an over 70% DR when detecting the collisions in 2016 while yielding a
comparable (and slightly improved) CIF to the 2014-2015 detection results. The
noticeable increase in ITF is in line with the growth of the per year TC and Cl, revealing
the aggravated roadway operations and safety conditions in the year of 2016 with respect
to 2014 and 2015 in the study area which aligns with the implication drawn by the LSTM
algorithm.

Table 24 compares the detection results of the semi-data-driven approach of the
regime transition algorithm and the LSTM algorithm (as a semi-data-driven ML-based

algorithm) with difference lower bounds on DR. When adopting CIF as the primary
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evaluation metric for incident/collision detection accuracies and efficiencies, the semi-
data-driven approach of the regime transition algorithm performs better than the LSTM
algorithm with the 60% lower bound on DR whereas the LSTM algorithm outperforms
the semi-data-driven approach of the regime transition algorithm with the 80% lower
bound on DR; the detection results provided by the two algorithms are comparable to
each other with the 70% lower bound on DR. The competitive detection results
associated with the two algorithms may be related to the following remarks:

e With the dedication of differentiating various incident formation scenarios
associated with the keeping/changing of regimes to incident detection, the semi-
data-driven approach of the regime transition algorithm may detect the major
incidents/collisions under different incident formation scenarios with a more
refined incident set when setting lower expectations on detection rates.

e With the consideration of the temporal correlation of traffic flow
patterns/dynamics and the alternative and more informative traffic flow measure
(i.e., the speed distribution), the LSTM algorithm may detect more
incidents/collisions including those subtle ones with better control on the
identified incident set that tend to be contaminated by false positives when setting

higher expectations on detection rates.
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Table 16: Detection results associated with the non-data-driven approach using speed difference.

No. TC DC DR Cl CIF ITF DCAB CIAB DCAC CIAC DCBC CIBC
1 42 27 643% 316 854%  051% |19 202 8 112 0 2

2 37 30 81.1% 532 564%  1.70% |16 394 11 126 3 12

3 22 12 545% 344 349%  073% |5 271 7 69 0 4

4 48 30 625% 703 427%  2.16% |20 582 8 111 2 10

5 34 26 765% 509 5.11% @ 1.41% |13 382 11 117 2 10

6 17 16 94.1% 394 4.06%  056% |0 0 16 394 0 0

7 50 36 72.0% 703 512%  3.15% |14 463 15 208 7 32

8 21 19 905% 457 4.16%  1.39% |6 332 11 120 2 5

9 45 37 822% 599 6.18%  2.10% |27 458 7 116 3 25

10 37 24 649% 229 10.48% 0.41% |10 149 14 80 0 0

11 25 19 760% 515 3.69%  0.83% |0 0 19 515 0 0

12 32 21 656% 660 3.18%  2.68% |13 513 7 131 1 16

13 17 10 588% 286 350%  0.62% |8 242 1 43 1 1

14 39 26 66.7% 582 447%  1.20% |20 411 5 171 1 0

15 51 36 70.6% 851 4.23%  3.34% |26 644 8 188 2 19

16 16 11 688% 244 451%  037% |0 0 11 244 0 0

17 25 19 76.0% 484 3.93%  1.38% |9 390 7 78 3 16

18 40 25 625% 377 6.63%  092% |11 267 13 106 1 4

19 18 11 61.1% 487 226%  1.82% |6 363 4 78 1 46
Subtotal | 616 435 70.6% 9272 4.69%  1.44% ?5213 20%) ?ggi% ) (155 106) ???20. Z% ) ?g 79%) ?202% )
20E 16 8 500% 150 533%  049% |0 0 8 150 0 0
20W 16 6  375% 113 531%  056% |0 0 6 113 0 0

223 6063 197 3270 29 202

Total 648 449 693% 9535 A71%  L35% | ioee  (6apo)  (43.0%)  (343%) (65%)  (2.1%)




¢cl

Table 17: Detection results associated with the non-data-driven approach using the distance between the flow-density points in FD.

No. |TC DC DR Cl CIF ITF DCAB CIAB DCAC CIAC DCBC CIBC
1 42 24 571% 314 7.64%  047% |18 201 6 111 0 2

2 37 27 73.0% 533 507% = 1.69% |13 394 11 126 3 13
3 22 12 545% 344 349%  073% |5 272 7 69 0 3

4 48 24 500% 703 3.41% = 2.09% |14 582 8 110 2 11
5 34 26 765% 513 507% @ 1.44% |12 381 11 117 3 15
6 17 16 941% 394 4.06%  056% |0 0 16 394 0 0

7 50 37 740% 704 526%  3.32% |12 461 15 206 10 37
8 21 19 905% 453  4.19%  1.38% |5 328 11 119 3 6

9 45 37 822% 592  6.25%  2.08% |24 456 7 114 6 22
10 37 24  649% 232 10.34% 0.39% |9 151 14 80 1 1
11 25 19 76.0% 515 369%  0.83% |0 0 19 515 0 0
12 32 22 688% 655 3.36% @ 2.80% |14 508 7 130 1 17
13 17 11 647% 284 3.87%  0.60% |10 240 1 43 0 1
14 39 26 667% 591  4.40% = 1.22% |20 420 5 171 1 0
15 51 36 70.6% 853 4.22%  3.41% |26 644 8 188 2 21
16 16 11 688% 244 451%  037% |0 0 11 244 0 0
17 25 20 80.0% 477 419%  1.33% |9 385 8 77 3 15
18 40 25 625% 374 6.68%  0.92% |10 263 13 105 2 6
19 18 10 55.6% 478 2.09%  176% |5 362 4 77 1 39
20E |16 8  50.0% 150 5.33%  0.49% |0 0 8 150 0 0
20W |16 6  375% 113 531%  056% |0 0 6 113 0 0

206 6048 196 3259 38 209

Total | 648 440 67.9% 9516 462%  135% | (e oacon  aasw)  (342%)  (B.6%)  (2.29%)
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Table 18: Detection results associated with the non-data-driven approach using two-step logic.

No. TC DC DR Cl CIF ITF DC_AB CI_AB DC_ AC CI_AC DC BC CI._BC
1 42 23 548% 310 7.42% 0.48% |15 193 8 112 0 5

2 37 30 811% 537 559% 1.68% |15 390 11 125 4 22
3 22 12 545% 328 366% 0.68% |5 256 7 69 0 3

4 48 26 542% 690 3.77% 2.00% |16 565 8 110 2 15
5 34 24 706% 503 477% 139% |9 374 11 116 4 13
6 17 16 941% 394 4.06% 056% |0 0 16 394 0 0

7 50 37 740% 693 534% 3.13% |15 452 15 208 7 33
8 21 19 905% 454  419% 1.33% |5 329 11 118 3 7

9 45 35  778% 590 593% 2.01% |24 449 7 113 4 28
10 37 22 595% 230 957% 0.40% |8 151 14 79 0 0
11 25 19 76.0% 515 3.69% 0.83% |0 0 19 515 0 0
12 32 19 594% 645 2.95% 2.55% |10 494 7 130 2 21
13 17 9 529% 281 3.20% 0.60% |8 237 1 43 0 1
14 39 26 66.7% 564 461% 1.18% |20 393 5 171 1 0
15 51 32 627% 821 390% 3.22% |22 614 8 188 2 19
16 16 11 688% 244 451% 037% |0 0 11 244 0 0
17 25 20 80.0% 463  432% 1.33% |12 370 6 78 2 15
18 40 23 575% 377 6.10% 087% |8 264 13 104 2 9
19 18 11 611% 470 234% 1.69% |7 356 4 76 0 38
20E 16 8 50.0% 150 533% 049% |0 0 8 150 0 0
20W |16 6 375% 113 531% 056% |0 0 6 113 0 0

199 5887 196 3256 33 229

Total |648 428 66.0% 9372 457% 1.30% (465%)  (62.8%) (45.8%)  (34.7%)  (7.7%) (2.4%)
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Table 19: Comparison of detection results between the non-data-driven approach of the regime transition algorithm and the McMaster
algorithm.

o o Non-data-driven app;lczgaocrri\tﬁ:nthe regime transition McMaster algorithm
DC DR Cl CIF ITF DC DR Cl CIF ITF

1 42 27 64.3% 316 8.54% 0.51% 28 66.7% 314 8.92% 0.89%
2 37 30 81.1% 532 5.64% 1.70% 25 67.6% 692 3.61% 2.27%
3 22 12 54.5% 344 3.49% 0.73% 14 63.6% 364 3.85% 1.13%
4 48 30 62.5% 703 4.27% 2.16% 29 60.4% 963 3.01% 3.85%
5 34 26 76.5% 509 5.11% 1.41% 15 44.1% 661 2.27% 2.48%
6 17 16 94.1% 394 4.06% 0.56% 12 70.6% 205 5.85% 0.76%
7 50 36 72.0% 703 5.12% 3.15% 26 52.0% 1066 2.44% 5.49%
8 21 19 90.5% 457 4.16% 1.39% 17 81.0% 587 2.90% 2.04%
9 45 37 82.2% 599 6.18% 2.10% 30 66.7% 826 3.63% 3.81%
10 37 24 64.9% 229 10.48% 0.41% 25 67.6% 477 5.24% 1.30%
11 25 19 76.0% 515 3.69% 0.83% 19 76.0% 500 3.80% 1.69%
12 32 21 65.6% 660 3.18% 2.68% 13 40.6% 886 1.47% 4.09%
13 17 10 58.8% 286 3.50% 0.62% 11 64.7% 360 3.06% 1.24%
14 39 26 66.7% 582 4.47% 1.20% 21 53.8% 519 4.05% 1.79%
15 51 36 70.6% 851 4.23% 3.34% 25 49.0% 1138 2.20% 5.60%
16 16 11 68.8% 244 4.51% 0.37% 11 68.8% 276 3.99% 0.71%
17 25 19 76.0% 484 3.93% 1.38% 12 48.0% 788 1.52% 3.17%
18 40 25 62.5% 377 6.63% 0.92% 28 70.0% 575 4.87% 1.85%
19 18 11 61.1% 487 2.26% 1.82% 11 61.1% 736 1.49% 3.79%
20E 16 8 50.0% 150 5.33% 0.49% 3 18.8% 115 2.61% 0.69%
20W 16 6 37.5% 113 5.31% 0.56% 4 25.0% 84 4.76% 0.56%
Total 648 | 449  69.3% 9535 4.71% 1.35% 379  58.5% 12132 3.12% 2.34%
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Table 20: Detection results associated with the semi-data-driven approach of the regime transition algorithm with the lower bound on
collision detection rate of 60%.

No. |TC DC DR cl  CIF ITF DCAA CILAA DCAB CIAB DCAC CIAC DCBB CIBB DCBC CIBC
1 42 26 619% 235 11.06% 0.35% |7 36 12 79 5 108 2 7 0 5
2 37 25 676% 298 839%  110% |0 0 11 144 11 126 0 0 3 28
3 22 14 636% 298 470%  0.62% |4 109 4 118 6 65 0 0 0 6
4 48 34 708% 662 514%  2.05% |15 261 13 278 3 83 1 26 2 14
5 34 26 765% 389 6.68%  1.14% | O 0 13 259 11 117 0 0 2 13
6 17 16  941% 394 406%  056% |0 0 0 0 16 394 0 0 0
7 50 37 740% 540 6.85%  254% |0 0 11 247 15 208 4 37 7 48
8 21 18 857% 291 6.19%  0.92% |0 0 4 158 11 120 0 3 13
9 45 30 66.7% 324 9.26%  1.23% | O 0 16 151 7 116 0 7 57
10 37 24  649% 166  14.46% 0.32% |4 33 5 55 14 77 0 1 1
11 25 19 760% 515 3.69%  0.83% |0 0 0 0 19 515 0 0 0 0
12 32 21  656% 596 3.52%  2.46% |1 12 425 6 130 1 21 1 19
13 17 11  647% 323 341%  0.63% |2 92 8 191 0 39 0 0 1

14 39 25 641% 361 693%  097% |1 16 180 6 170 0 0 2 3
15 51 31 608% 505 6.14%  2.18% |0 19 280 8 188 1 5 3 32
16 16 11 68.8% 244 451%  037% |0 0 0 11 244 0 0 0 0
17 25 20 80.0% 363 551%  1.01% |1 12 9 257 7 74 0 0 3 20
18 40 26 650% 374  6.95%  0.97% |0 0 8 199 13 106 4 66 1 3
19 18 12 667% 527 228%  1.89% |0 0 4 308 4 78 3 99 1 42
Toul |616 426 6920 A0S 5T 1A% | @oy ey  (@Brw) (50  (406%) (@9S%) (%)  (5%) (O1%)  (41%
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Table 21: Detection results associated with the semi-data-driven approach of the regime transition algorithm with the lower bound on

collision detection rate of 70%.

No. |TC DC DR Ccl CIF ITF DCAA CILAA DCAB CIAB DCAC CILAC DCBB CIBB DCBC CIBC
1 42 31 738% 348 891%  054% |7 36 18 197 5 108 1 5 0 2
2 37 29 784% 451 643%  1.50% | O 0 15 309 11 126 0 0 3 16
3 22 16 727% 363 441%  0.69% |7 189 4 107 62 0 0 0 5
4 48 34 708% 662 5.14%  2.05% | 15 261 13 278 3 83 1 26 2 14
5 34 26 765% 389 6.68%  1.14% | O 0 13 259 11 117 0 0 2 13
6 17 16 941% 394 4.06%  0.56% |0 0 0 16 394 0 0 0
7 50 37 740% 540 6.85%  2.54% | O 11 247 15 208 4 37 7 48
8 21 18 857% 291  6.19%  0.92% | O 4 158 11 120 0 3 13
9 45 33 733% 373 885%  1.36% |6 62 16 144 5 113 0 6 54
10 37 26 703% 189  13.76% 0.34% | 8 64 51 12 73 0 1 1
11 25 19 760% 515 3.69%  0.83% | O 0 0 0 19 515 0 0 0 0
12 32 23 719% 834 276%  2.78% | 10 384 335 2 76 1 21 1 18
13 17 14  824% 446 3.14%  0.69% |7 320 5 89 0 35 1 1 1

14 39 28 718% 453  6.18%  1.04% |9 138 11 154 6 158 0 0 2 3
15 51 36 706% 680 529%  2.82% | O 0 25 465 8 188 1 5 2 22
16 16 12 750% 1083 1.11%  0.89% |8 867 0 0 4 216 0 0 0 0
17 25 20 80.0% 363 551%  1.01% |1 12 9 257 7 74 0 0 3 20
18 40 29  725% 419 6.92%  1.02% | 9 76 7 179 9 96 3 66 1 2
19 18 13 722% 713 1.82%  2.13% |4 248 3 275 2 64 3 90 1 36
Toul [616 460 74T% 9505 484%  131% | oo oo  (@bsw)  (309%)  (328%)  (@o0%) (3%)  (6%) (16%)  (28%)
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Table 22: Detection results associated with the semi-data-driven approach of the regime transition algorithm with the lower bound on

collision detection rate of 80%.

No. |TC DC DR cl CIF ITF DCAA CILAA DCAB CIAB DCAC CILAC DCBB CIBB DCBC CIBC
1 42 34  81.0% 431  7.89% 0.59% | 12 128 17 191 4 105 1 5 0 2
2 37 30 811% 48  617% 1.53% |2 47 15 299 10 124 0 0 3 16
3 22 19 864% 490  3.88% 0.81% | 10 334 4 91 60 0 0 0

4 48 39 813% 881  4.43% 2.49% | 23 394 13 406 2 75 0 0 1

5 34 28 824% 864  324% 2.07% |5 225 15 533 7 104 0 0 1

6 17 16 941% 394  4.06% 0.56% 0 0 16 394 0 0 0

7 50 42 84.0% 2256  1.86% 4.59% | 28 2033 2 76 3 100 4 27 5 20
8 21 18 857% 291  6.19% 0.92% 0 4 158 11 120 0 0 3 13
9 45 37 822% 545  679% 1.93% 62 23 337 113 0 3 33
10 37 31 838% 501  6.19% 058% | 17 349 91 8 61 0 0

11 25 23 920% 773  2.98% 1.02% |8 328 0 15 445 0 0 0

12 32 26 813% 1071  243% 2.72% | 17 837 130 1 58 1 20 2 26
13 17 14  824% 446  3.14% 0.69% |7 320 89 0 35 1 1 1

14 39 32 821% 604  530% 117% | 13 256 12 189 5 157 0 0 2 2
15 51 42 824% 1110  3.78% 3.96% | 16 281 20 671 4 147 0 0 2 11
16 16 14 875% 2795 050% 2.31% |11 2608 0 0 3 187 0 0 0 0
17 25 20 80.0% 363  551% 1.01% |1 12 9 257 7 74 0 0 3 20
18 40 32 800% 521  6.14% 1.17% | 12 145 8 228 9 93 2 54 1 1
19 18 15  833% 1227  1.22% 2.74% |8 844 2 229 1 53 3 73 1 28
Toul [616 512 831% 16049 319% 17T% | e e (araw)  (48%)  (27%)  (156%) (%)  (L1%) (G5%)  (12%)
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Table 23: Cross-validation results associated with the semi-data-driven approach of the regime transition algorithm with the lower
bound on collision detection rate of 70%.

No 2014-2015 2016
' TC DC DR Cl CIF ITF TC DC DR Cl CIF ITF

1 42 31 73.8% 348 8.91% 0.54% 34 25 73.5% 238 10.50% 0.71%
2 37 29 78.4% 451 6.43% 1.50% 22 15 68.2% 329 4.56% 2.11%
3 22 16 72.7% 363 4.41% 0.69% 8 6 75.0% 277 2.17% 0.76%
4 48 34 70.8% 662 5.14% 2.05% 42 30 71.4% 539 5.57% 3.00%
5 34 26 76.5% 389 6.68% 1.14% 18 11 61.1% 210 5.24% 1.31%
6 17 16 94.1% 394 4.06% 0.56% 5 5 100.0% 112 4.46% 0.40%
7 50 37 74.0% 540 6.85% 2.54% 39 33 84.6% 354 9.32% 2.67%
8 21 18 85.7% 291 6.19% 0.92% 10 6 60.0% 309 1.94% 2.04%
9 45 33 73.3% 373 8.85% 1.36% 32 27 84.4% 333 8.11% 2.75%
10 37 26 70.3% 189 13.76% 0.34% 46 28 60.9% 198 14.14% 0.70%
11 25 19 76.0% 515 3.69% 0.83% 36 28 77.8% 324 8.64% 1.17%
12 32 23 71.9% 834 2.76% 2.78% 34 27 79.4% 665 4.06% 5.53%
13 17 14 82.4% 446 3.14% 0.69% 11 7 63.6% 228 3.07% 0.85%
14 39 28 71.8% 453 6.18% 1.04% 19 14 73.7% 319 4.39% 1.31%
15 51 36 70.6% 680 5.29% 2.82% 31 21 67.7% 419 5.01% 3.02%
16 16 12 75.0% 1083 1.11% 0.89% 5 4 80.0% 581 0.69% 0.95%
17 25 20 80.0% 363 5.51% 1.01% 21 10 47.6% 318 3.14% 1.63%
18 40 29 72.5% 419 6.92% 1.02% 24 21 87.5% 314 6.69% 1.39%
19 18 13 72.2% 713 1.82% 2.13% 15 11 73.3% 607 1.81% 3.94%
Total 616 460  74.7% 9506  4.84% 1.31% 452 329 72.8% 6674  4.93% 1.91%
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Table 24: Comparison of detection results between the semi-data-driven approach of the regime transition algorithm and the LSTM
algorithm with difference lower bounds on collision detection rate.

Algorithm  Lower Bound on DR TC DC DR Cl CIF ITF
60% 616 426 69.2% 7405 575% 1.17%

Analytical 70% 616 460 74.7% 9506 484% 1.31%
80% 616 512 83.1% 16049 3.19% 1.73%
60% 616 391 63.5% 7284 537% 1.12%

LSTM 70% 616 464 75.3% 9602 4.83% 1.46%
80% 616 509 82.6% 12017 4.24% 1.71%




4.4. Incident Duration Modeling Results

To illustrate the usefulness of the modeling approach adopted in this dissertation, the
incident durations were extracted using the developed ML-based algorithm. With
different expected return periods of incidents, different thresholds associated with
different significant levels (defined as the probability of rejecting the null hypothesis—an
observation is “non-incident”—though it is true) on the standardized RMSEs may be
adopted to identify incidents. For example, adopting a significant level of 0.001 suggests
a threshold on the standardized RMSEs of 6.907, resulting in the expected return period
of incidents of 1000 time steps or 3.47 days given the 5-minute intervals of the utilized
detector data.

Figure 26 presents the frequencies of incident durations in 5-minute increments

when adopting different incident-warning thresholds associated with different significant

levels.
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Figure 26: Frequencies of incident durations in 5-minute increments associated with

different significant levels.
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Table 25 presents the resulting incident statistics when adopting different
incident-warning thresholds associated with different significant levels. Certain
discrepancies can be found between the expected incident return period and the observed
incident return period. This is due to the fact that the occurrences/formations of incidents,
the resulting levels of traffic disruptions, and thus the derived standardized RMSEs are
dependent on the location-specific roadway, traffic and incident characteristics and may
not form a perfect statistical distribution (e.g., the adopted Gumbel distribution),
especially given incidents in this research are defined as nonrecurring and extreme events
with the associated standardized RMSEs located at the right tail of the established
distribution. It can be seen from Table 25 that when adopting a relatively higher
significance level (e.g., 0.05), the expected incident return period is shorter than the
observed incident return period; when adopting a relatively lower significant level (e.g.,
0.0001), the expected incident return period is longer than the observed incident return
period. Such shift indicates that the standardized RMSEs associated with incidents may
form a “longer and thinner” tail compared to the theoretical distribution. Given the
expected incident return period and the observed incident return period are most
consistent (in term of the percentage error) when adopting a significant level of 0.0005,
such rate would be reserved to demonstrate the results and findings associated with the
covariate coefficients influencing the incident durations. Note that for more rigorous
automatic-incident-detection (AID) applications, the significance level or the
standardized RMSE threshold could be fined-tuned to yield desired detection outcomes

through additional calibration and validation processes.
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Table 25: Incident statistics associated with different significant levels.

Significa Standardized Number of Expected Incident Observed Incident

nt Level %I:/rl eSsEoI q Incidents  Return Period (days) Return Period (days)
0.05 2.97 95139 0.07 3.80

0.01 4.60 75050 0.35 4.82

0.005 5.30 64071 0.69 5.64

0.001 6.91 45261 3.47 7.98

0.0005  7.60 39158 6.94 9.23

0.0001 9.21 28069 34.72 12.87

Figure 27 presents the baseline hazards of incident durations when adopting
different incident-warning thresholds associated with different significant levels. It can be
seen that the baseline hazards associated with different significant levels align with each
other. This is in line with the similar profile found in the duration distributions (as a
surrogate measure of PDF) with different significant levels (see Figure 26). Such finding
reveals that for incidents in general, their duration hazards are not determined by the
levels of disruptions (as represented by the adopted thresholds on the standardized
RMSE:s stratifying the deviations from observed traffic to predicted traffic, and also as
represented by some of other incident characteristics that may not persist) formed at the
beginning of incidents. This highlights the need of considering the inherent traffic flow
dynamics (e.g., flow, density, speed and their respective differences) during the incident
episodes as the covariates to the function of incident duration hazard. In addition, the
trend of baseline hazards features a sharp drop during the first 30-minute period followed
by a gradual decline until being stabilized beyond 200 minutes. Such trend indicates that
for incidents in general, they are less and less likely to be cleared at the first 200 minutes,
i.e., the inertia of the resulting disruptions. After 200 minutes, incidents may be cleared at
any time with similar likelihood. From the perspective of traffic and safety controls, it is
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advised that incidents should be detected and mitigated by the 30-minute early stage
(especially during the first 15 minutes) to counteract the accumulation of the associated
disruptions; otherwise, incidents may resist being cleared with the associated disruptions

persist for prolonged periods of time.
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Figure 27: Non-parametric baseline hazards of incident durations in 5-minute increments
associated with different significant levels.

Table 26 evaluates the covariates to incident duration hazard. The p-values
suggest that all the covariates associated with traffic flow dynamics considered in this
application are statistically significant at the significance level of 0.00001. In particular,
covariates associated with flow and speed measures feature positive coefficients;
covariates associated with density measures feature negative coefficients. Such findings
can be interpreted as follows: higher flow and speed as well as increases in flow and
speed may facilitate the clearance of incidents (i.e., scale up the incident duration
hazard), whereas higher density and increase in density may impede the clearance of

incidents (i.e., scale down the incident duration hazard).
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Table 26: Coefficients of covariates to incident duration hazard.

covar coef se(coef) coef lower 95%  coef upper 95%  z p

9t/ qcap 1.31 0.0585 1.20 1.43 22.5 <0.00001
ke/k. -0.606  0.0343  -0.673 -0.539 -17.7 <0.00001
Ve[ Vs 3.99 0.0645  3.87 4.12 61.9 <0.00001
Q= q-1)/cap 111 0.0437  1.02 1.19 25.3 <0.00001
(ky — k1) /ke -0.576  0.0107  -0.597 -0.555 -53.9 <0.00001
We —ve_1) /v 0373 0.0332  0.308 0.438 11.2 <0.00001

135



Chapter 5.  Conclusion

In this research, two innovative incident detection algorithms, one being ML-based
and the other being traffic modeling based, are developed. Both algorithms are shown to
be superior in terms of detection outcomes compared to existing algorithms given the
availability of traffic detector and incident data (i.e., traffic detector data with relatively
low temporal resolution and collision data as the limited data on incidents). The two
developed algorithms also provide consistent detection outcomes over time (supported by
their respective cross-validations) and their detection outcomes can be validated with
each other, demonstrating their respective robustness and validity. The resulting incident
detection platforms are applicable for real-time automatic traffic and safety management
with the existing traffic detector station deployment and specification and with proper
data streaming. Active learning may also be applied by setting moving horizon on the
utilized traffic detector and incident data to tackle the changing traffic patterns and
incident characteristics.

In addition to the major contribution discussed above, the second contribution of this
research is related to the balancing problem designed for tuning the incident detection
outcomes. According to the balanced detection results yielded by the two developed
algorithms, when detecting 70% of the reported collisions, the detected collisions account
for roughly 5% of the identified incidents. Given collisions are the more well-
documented incident type compared to other types of incidents, such statistics
reemphasize the major challenge in collecting comprehensive incident data (i.e., inclusive
for all incident events and exclusive for all non-incident events). The balancing problem

allows the tuning of the developed algorithms (and possibly other existing algorithms) for
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desired detection outcomes with limited data on incidents (e.g., collision data as utilized
in this research).

The third contribution is related to the ML-based incident detection algorithm framed
in this research. In this algorithm, LSTM is designed for short-term traffic prediction
when accommodating the alternative data input as multivariant time series; the statistics
of deviations from the resulting predictions to the actual observations along with the
balancing problem allow the tuning of detection outcomes using only collision data (i.e.,
limited incident data) as a semi-data-driven incident detection approach. Such two-step
framework can leverage the learning capability of Al in interpreting traffic flow
dynamics but does not rely on specific ML models for direct incident/non-incident
classification (in which comprehensive incident data would be a requisite).

The fourth contribution of this research follows the third contribution by examining
the alternative traffic-descriptive measure, i.e., speed distribution. Most of the existing
incident detection algorithms adopt volume, occupancy and speed as the descriptive
traffic flow measures. However, such measures during any specific observation period
may not be comprehensive to incident formation when detector data are aggregated over
time and the transitions of these measures may be “averaged out”. The alternative speed-
distribution measure examined in this research conveys more unfolded information
especially when dealing with detector data with relatively low temporal resolution. The
superiority of such alternative measure is consolidated by the associated improved traffic
prediction and incident detection outcomes when fed into the developed ML-based

algorithm.
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The fifth contribution is related to the analytical incident detection algorithm
developed in this research. In such approach, incident formation is characterized by the
keeping/change of the defined traffic operation regimes; in other words, the incidents
formed can be characterized by different incident formation scenarios. This will
contribute to addressing the incident characterization/classification that is missing in the
existing AID platforms in addition to their reliability and coverage issues.

The final contribution of this research is related to the hazard-based incident duration
modeling. Incident duration data were mined and extracted from the traffic detector data
automatically through the developed ML-based incident detection algorithm; a semi-
parametric hazard function was then estimated to model incident durations with traffic
flow dynamics as time-varying covariates. Such approach differs from the existing ones
using manually collected incident duration data with static incident characteristics
information. While the baseline hazard provides insights into a time-dependent rate of
incidents being cleared, the covariate coefficients relate such rate to the changing traffic
flow dynamics during the incident episodes.

Despite this research’s promising results in terms of incident detection, the main
limitation that may affect the interpretation of the above findings and conclusions is
related to the available data associated with traffic incidents. In this research, collisions
were sampled based on their distances to the detector stations and only collisions within
half mile from the focused detector stations were analyzed; however, some collisions in
further distant locations may still influence the traffic flows observed at the stations. On
the other hand, a portion of nonsignificant collisions within the sampling range may pose

minor impact that should not be considered as incident events for traffic management and
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safety monitoring purposes. Since incidents disrupting traffic flows observed at detector
stations remain our detection subject while detecting a significant number of collisions in
proximity to the stations is the calibration and validation processes of incident detection,
a more dedicated sampling scheme on collisions is needed. For example, in an
independent study, the “detectability” of collisions with respect to a focused detector
station could be developed as a function (e.g., logistic regression) of collision
characteristics and the spatial relationship between collisions and the detector station. In
addition, data libraries of other types of traffic disruptive events, for example, inclement
weather and road work, should be mined for future research to enrich the meaning of the
term “incidents” for a more consolidated detection approach. These supplementary data
also help further classifying incidents into different categories depending on their spatio-
temporal characteristics (e.g., formation of incidents at adjacent detector stations, and the
speed profiles during incident episodes) through ML classification scheme. For example,
collisions are expected to induce sudden breakdowns and with relatively short recovery
periods, road work may be characterized by longer recovery periods or even new traffic
patterns, and inclement weather is likely to pose simultaneous effects to multiple detector

station locations in a region.
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Appendix A

Table 27: Comparison of detection results of the LSTM algorithm (two-step check) with different lower bounds on collision detection
rates.
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42 28 66.7% 152 18.42% 055% |42 30 71.4% 173 17.34% 0.64% |42 34 81.0% 235 14.47% 0.84%
37 23 622% 433 531% 157% | — - - - - - - - - -
22 14 63.6% 190 737% 0.67% |22 16 727% 256 6.25% 0.89% |22 18 81.8% 323 5.57%  1.10%
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