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Abstract: Effective management of highway networks requires a thorough understanding of the
conditions under which vehicular crashes occur. Such an understanding can and should inform
related operational and resource allocation decisions. This paper presents an easily implementable
methodology that can classify all reported crashes in terms of the operational conditions under which
each crash occurred. The classification methodology uses link-based speed data. Unlike previous
secondary collision identification schemes, it neither requires an a priori identification of the
precipitating incident nor definition of the precipitating incident’s impact area. To accomplish this
objective, the methodology makes use of a novel scheme for distinguishing between recurrent and
non-recurrent congestion. A 500-crash case study was performed using a 274 km section of the I-40 in
North Carolina. Twelve percent of the case study crashes were classified as occurring in non-recurrent
congestion. Thirty-seven percent of the crashes in non-recurrent congestion classified were identified
within unreported primary incidents or crashes influence area. The remainder was classified as
primary crashes occurring in either uncongested conditions (84%) or recurrent congestion (4%).
The methodology can be implemented in any advanced traffic management system for which crash
time and link location are available along with corresponding archived link speed data are available.
Keywords: collision classification; recurrent and non-recurrent congestion; link speed data;
traffic safety; advanced traffic management system

1. Introduction
The primary role of an Advanced Traffic Management Systems (ATMS) is to improve reliability
and safety through active real-time traffic management and control. Vehicular crashes endanger
lives, damage property, and cause congestion, presenting an obstacle to the goal of improving the
safety, efficiency, and sustainability of the transportation system. To manage a system well, it is
important to understand the conditions under which crashes happen. This knowledge can inform
crash management and resource allocation for incident response. For instance, Variable Speed Limits
(VSL) may be an effective countermeasure to prevent crashes during recurring congestion. Conversely,
incident response time may be the most effective strategy for mitigating the impacts of crashes during
congested periods. However, crash records in a crash analysis database do not indicate congestion
conditions at the crash scene but only environmental, crash, roadway, and driver characteristics [1–3].
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Another motivation for understanding and classifying crashes is that such information helps
improve reliability and safety [4–10]. Many previous studies have focused on identifying the
relationship between crashes and the traffic flow rate. The relationship between reliability and safety is
less well understood, except that vehicular collisions and other unplanned incidents increase travel
time variability and decrease reliability. Operating jurisdictions tend to note simply whether the
recurring or non-recurring congestion was extant at the time of the crash [11,12]. Conversely, many
traffic safety researchers have studied secondary collision and the factors affecting their occurrence on
freeways [13,14].
This analysis focuses on classifying crashes, especially whether they occurred during recurrent
and non-recurrent congestion. The implicit objective is to help operating agencies understand how
to reduce the number of secondary collisions and mitigate their risk. A necessary precursor is a
method to classify each crash in terms of whether or not it occurred during congested conditions, and
if so, whether the congestion was the cause of or impacted by the event. This calls for developing an
integrated methodology to classify crashes by congestion type.
With these considerations in mind, this paper presents an easily implementable methodology
that can classify all reported crashes in terms of the operational conditions under which each crash
occurred. It classifies crashes three cases: (1) crash not during congested conditions, (2) crash during
non-recurrent congestion, and (3) crash during recurring congestion. Unlike previous secondary
collision identification schemes, it requires neither identification of the precipitating incident nor a
definition of the precipitating incident’s impact area. It supports decision-makers in their efforts to
implement both safety and mobility treatments that are precisely targeted and effective.
In what follows, relevant studies are reviewed and knowledge gaps are highlighted. Then,
the proposed methodology is described and applied to a 274 km section of I-40 in North Carolina
of the United States. The paper concludes with a presentation of the findings, conclusions, and
recommendations for further research.
2. Literature Review
Several studies have tested the relationship between crash rates and flow rates or density [4–10].
However, the results have been inconclusive. Zhou and Sisiopiku [4] found that there was a U-shaped
relationship between V/C ratio and crash rate on freeways. On the other hand, Lord et al. [8] did not
find relationships between crash rate and congestion or severity and congestion.
Insofar as crash types and congestion are concerned, there are two important questions: (1) does
congestion influence the crash type and (2) vice versa. Most studies have focused on the former but this
one was concerned with the latter. Golob et al. [9] and Lee et al. [10] found that rear-end crashes were
more likely under unstable traffic flow conditions. Elvik et al. [15] identified main factors influencing
accidents on road bridge and found that traffic volume was the most influencing factor. Wang et al. [6]
found that traffic congestion had little or no impact on crash rates. However, their statistical model
failed to pass statistical significance tests. The reason for this might be that they used a congestion
index to test the relationship, and that index was based on the average congestion level across an
entire year. More recent studies have focused on identifying the relationship between road accidents
and traffic volume. Xu et al. [16] found that high traffic volume was responsible for 25.6% of the
serious casualty crashes indicating that there is a positive relationship between traffic volume and road
accidents. Zhan-Moodie [17] concluded that congestion can be linked with crashes by superimposing
crash areas on top of congested areas using GIS shapefiles. Retallack and Ostendorf [18] reviewed this
work and concluded that the method was not tested using congestion information that pertained at the
time of the crash. The study presented here addresses this issue by using a congestion measure that is
predicated on the traffic conditions at the time of the crash.
At extant traffic condition (congestion) can be classified as either recurrent or non-recurrent.
A definition of non-recurrent congestion is as follows; delay caused by an incident, a work zone,
adverse weather, or other non-repetitive event [12,19–25]. Chung [21] defines non-recurrent congestion
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as the extra delay caused by incidents compared with the annual average section travel speed. For
instance, if the free-flow speed is 60 mi/h and annual average section travel speed is 30 mi/h during
peak periods, then it is assumed that recurrent congestion occurs.
Defining recurring congestion is more problematic [19–22,26]. Oxford’s Dictionary defines
“recurrent” as being something that occurs often or repeatedly. In other words, recurrent congestion
should be “predictable” in both location and time. Drivers should indicate that “this area, at this
time, is often”. Most previous studies use either the mean or the median of a speed distribution
during a specified time of day to measure recurrent delay and extra delay caused by incidents as
non-recurrent congestion on a freeway. Caltrans [27] defines recurring congestion as the combination
of a location, time, and speed: for example, an average speed of 35 mile per hour or less for 15 min
or more on a specific freeway segment. Schaefer [25] defines it as a Travel Time Index (TTI) of 1.5 or
more for a given segment. Song et al. [11] recently employed a data-driven approach using link speeds.
Their approach defined “recurrent” consistent with the Oxford’s Dictionary definition and identified
recurrent bottleneck locations and their time span.
Collision classification tends to rely on deterministic queuing theory. If a specific freeway segment
is under study, the rules are often as follows. First, crashes which occur during times of non-recurrent
congestion are classified as such. These become the “primary” incidents. Then, the boundaries of the
impact area are determined. The rules for doing this may be either static or dynamic. In the static case,
one might assume that a secondary incident has arisen if it occurs within 15 min of the primary event
and within 1 mile upstream [28]. This rule might be applied even though the primary incident impact
area is longer. That is, incidents occurring more than a mile upstream are not classified as secondary.
Dynamic thresholds overcome some of these limitations [23,24,29,30]. Chou and Miler-Hooks [29]
created a “simulation-based secondary incident filtering” method (SPSIF). They implemented a
regression model to identify the boundaries of the primary incident impact area. All subsequent
incidents within that area were classified as secondary. Zhang and Khattak [31] used queuing analysis
to study single-pair events (one primary and one secondary incident) and large-scale events (one
primary and many secondary incidents). Their objective was to determine the “back of queue“ location.
Yang et al. [32] proposed the use of historical virtual sensor measurements to identify secondary
crashes. They used a Representative Speed Contour Map (RSCM) with percentile speed of historical
incident-free virtual sensor speed measurements of each spatiotemporal cell. Moreover, Goodall [13]
used private-sector speed data provided from INRIX TMC data for the first analysis of secondary
crash occurrence to integrate incident timelines. However, the study still needs to identify the precise
primary incidents.
The work presented here differs from previous work in four important ways.
(1)

(2)
(3)
(4)

Each crash is linked with an incident timeline, which is a necessary precursor to investigating the
relationship between reliability and safety. Previous studies have conducted a statistical test with
traffic volume and accident frequency.
A novel methodology is proposed to classify crashes in recurrent congestion as well as crashes in
non-recurrent congestion.
The “recurrent” bottleneck identification approach is used to identify recurrent bottleneck
locations and their impact areas.
The methodology does not require any information on primary incidents (crashes and non-crash
incidents) to identify crashes in non-recurrent congestion.

3. Methodology
A four-step methodology is employed, as depicted in Figure 1. In Step 1, both mobility and
crash data are directionally and temporally linked to freeway segments using a GIS-based shapefile.
Fifteen minute speed data are used as a mobility surrogate. In Step 2, the crashes are classified based
on whether they are occurring during normally congested or uncongested periods. To differentiate
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125N04645. Figure 2b presents sample congestion index (CI) data.
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A methodAssessment
was developed
to determine the level of congestion that was extant at the time of
3.2. Congestion
Methodology
each crash. As mentioned earlier, the recurrent bottleneck identification approach developed by
A method was developed to determine the level of congestion that was extant at the time of each
Song et al. [11] was employed. It makes use of a Congestion Index (CI), an Average Historic Congestion
crash. As mentioned earlier, the recurrent bottleneck identification approach developed by Song et
Index (AHCI), and a Recurrent Bottleneck Location Identification (RBLI).
al. [11] was employed. It makes use of a Congestion Index (CI), an Average Historic Congestion Index
The congestion index, CI(i, t, m), labels each segment i as being congested or uncongested at time
(AHCI), and a Recurrent Bottleneck Location Identification (RBLI).
t, as illustrated in Figure 2b. The congestion value for each segment is determined. If the congestion
The congestion index, CI(i, t, m), labels each segment i as being congested or uncongested at time
value is below a threshold α, segment (i) is classified as being congested at time t. Here, a value of
t, as illustrated in Figure 2b. The congestion value for each segment is determined. If the congestion
80% was used as the threshold. This value is consistent with the ratio of (the speed at capacity) to (the
value is below a threshold 𝛼, segment (i) is classified as being congested at time t. Here, a value of
speed at free flow) presented in the US Highway Capacity Manual [34].
80% was used as the threshold. This value is consistent with the ratio of (the speed at capacity) to (the
The Average Historic Congestion Index, AHCI(i, t), is defined as the faction of (week or all) days
speed at free flow) presented in the US Highway Capacity Manual [34].
in the study period T (typically one or two years) where segment i was congested at time t, based
The Average Historic Congestion Index, AHCI(i, t), is defined as the faction of (week or all) days
in the study period T (typically one or two years) where segment i was congested at time t, based on
the specified congestion index ((CI(i, t, m))). AHCI is the key parameter for identifying recurrent
congestion. It is used to denote the probability that segment i was congested at time t.
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Spatial Pattern 3 of AHCI (Eastbound on I-40, 2013) .
3 of AHCI (Eastbound on I-40, 2013).

The question then is what other nearby TMC segments are also in a recurrent bottleneck area?
In reference to Figure 3a, the TMC with the highest AHCI above 50% (TMC A) is located just
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4. Bottleneck
usingananAHCI
AHCI
contour
map.
Figure
4. Bottlenecksegment
segmentidentification
identification using
contour
map.
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Ascrash
the records
crash records
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codes
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TMC
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crashThus,
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associated
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TMC
segment,
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crash
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associated
with
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TMCwhich
segment,
which
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is “TMCc.”
defined as “TMCc.”
3.3.2.
3.3.2. Step2:
Step2: Crashes
Crashes in
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The
Thesecond
secondstep
stepis
is to
to identify
identify the
the crashes
crashes which
which occur
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uncongestedconditions.
conditions.As
As shown
shown
in
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is uncongested
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timetime
of the
thenthen
the
inFigure
Figure5,5,ififthe
thecrash
crashoccurs
occursonon
a TMC
segment
that
is uncongested
at the
of crash,
the crash,
crash
is
labeled
as
“Case
1—Crash
not
in
congested
conditions”.
Otherwise,
the
analysis
continues
to
the crash is labeled as “Case 1—Crash not in congested conditions”. Otherwise, the analysis continues
Step
3.
As
mentioned
earlier,
if
CI(i,t,m)
=
0,
then
TMC
segment
i
is
considered
to
be
uncongested
at
to Step 3. As mentioned earlier, if CI(i,t,m) = 0, then TMC segment i is considered to be uncongested
time
t and
vicevice
versa.
at time
t and
versa.
3.3.3.
3.3.3. Step3:
Step3: Crashes
Crashes in
in Congested
Congested Conditions
Conditions
For
those
crashes
that
do
not
occur
during
uncongested
conditions,
thethe
third
stepstep
is toisdetermine
the
For those crashes that do not occur
during
uncongested
conditions,
third
to determine
congestion
statusstatus
of theofTMC
segment
at the time
the crash.
main
metrics
employed:
CI(i,t,m)
the congestion
the TMC
segment
at theoftime
of theTwo
crash.
Two
main are
metrics
are employed:
and
AHCI(i,t).
The
analysis
focuses
on
the
pattern
AHCI(i,t)
values,
during
the
crash
versus
“normally”.
CI(i,t,m) and AHCI(i,t). The analysis focuses on the pattern AHCI(i,t) values, during the crash versus
As
mentionedAs
earlier,
two breakpoints,
and r, are used
evaluate
If AHCI(t)
< γ, thenIf
“normally”.
mentioned
earlier, twoβ breakpoints,
𝛽 to
and
𝑟, are AHCI(i,t).
used to evaluate
AHCI(i,t).
TMC
segment
i isTMC
considered
to be
at timeuncongested
t; otherwise,at
if time
AHCI(t)
≥ β, then itif
AHCI(t)<𝛾,
then
segment
i ishistorically
considereduncongested
to be historically
t; otherwise,
is
historically
congested.
AHCI(t) 𝛽, then it is historically congested.
The
β and
r are𝑟determined
through
a sensitivity
analysis. analysis.
Figure 6 shows
sensitivity
Thevalues
valuesofof
𝛽 and
are determined
through
a sensitivity
Figurethe
6 shows
the
the
sensitivity
analysis
for
crashes
labeled
as
“Case
2—Crash
in
non-recurrent
congestion”.
It is clear
sensitivity the sensitivity analysis for crashes labeled as “Case 2—Crash in non-recurrent congestion”.
that
the that
upper
bound
is between
and 7050
and
the70lower
bound
is bound
between
and 20,10the
number
It is if
clear
if the
upper
bound is50
between
and
and the
lower
is 10
between
and
20, the
of
Case
2
selections
becomes
quite
stable.
However,
if
the
upper
bound
drops
below
50
or
the
number of Case 2 selections becomes quite stable. However, if the upper bound drops belowlower
50 or

the lower bound is increased beyond 30, the number of Case 2 classifications changes significantly.
This leads to the conclusion that the upper and lower bounds used in the selection process presented
above are a good combination to employ. A value of 60% as the threshold of 𝛽 and 20% for 𝛾. The

Appl. Sci. 2020, 10, 2583

9 of 15

bound is increased beyond 30, the number of Case 2 classifications changes significantly. This9leads
to
of 15
the conclusion that the upper and lower bounds used in the selection process presented above are a
goodofcombination
to employ.
A value
of 60% as the Therefore,
threshold of
and 20% for
γ. The
values
of β and
values
𝛽 and 𝑟 were
20% and
60%, respectively.
if βAHCI(t)
𝛾, then
TMC
segment
i r
were
20%
and
60%,
respectively.
Therefore,
if
AHCI(t),
then
TMC
segment
i
is
congested
at
time
t
is congested at time t less than once in every five days. If AHCI(t) 60%, then it is congested at leastless
than
onceday.
in every
five days.
If AHCI(t)≥
60%,
islabeled
congested
at least
other day.
Therefore,
every
other
Therefore,
if AHCI(t)
𝛾, then
thethen
crashit is
as “Case
2”.every
Otherwise,
it is passed
if AHCI(t)
< γ, then the crash is labeled as “Case 2”. Otherwise, it is passed to Step 4.
to Step
4.
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3.3.4. Step 4: Classifying Remaining Crashes (Supplemental Methodology)
In step four, if AHCI(t) ≥ β, then the crash is labeled “Case 3—Crash in recurrent congestion”.
In step four, if AHCI(t) 𝛽, then the crash is labeled “Case 3—Crash in recurrent congestion”.
Otherwise (that is, 20% < AHCI ≤ 60%), then a sub-test is performed to see if recurrent congestion is
Otherwise (that is, 20% AHCI 60%), then a sub-test is performed to see if recurrent congestion is
typically present at the time of the crash. If recurring congestion is typically present, then the crash is
typically present at the time of the crash. If recurring congestion is typically present, then the crash
labeled “Case 3”. Otherwise, it is labeled “Case 2”. In the area of uncertainty given by 20% < AHCI ≤
is labeled “Case 3”. Otherwise, it is labeled “Case 2”. In the area of uncertainty given by
60%, a supplemental test is made to see whether there is a recurrent bottleneck TMC downstream of
20% AHCI 60%, a supplemental test is made to see whether there is a recurrent bottleneck TMC
crash location, and whether the queue from that TMC typically spills back into the crash location. This
downstream of crash location, and whether the queue from that TMC typically spills back into the
algorithm is seen in Algorithm 2.
crash location. This algorithm is seen in Algorithm 2.
Algorithm 2. Classifying Remaining Crashes (Supplemental Methodology).

If TMCc is in a recurrent bottleneck segment
If TMCc is in a recurrent bottleneck segment
Go to Case 3
Go to Case 3
Elseif TMCc is not in a recurrent bottleneck segment
IElseif TMCc is not in a recurrent bottleneck segment
AHCITMCC (i,t)≤AHCITMCC (i+1,t)&&
AHCITMCC (i, t) ≤ AHCITMCC (i + 1, t)&&
AHCI
TMCC (i,t)≤AHCI
TMCC (i+2,t)&&
AHCI
TMCC (i, t) ≤ AHCI
TMCC (i + 2, t)&&
⋮ ..
.
AHCITMCC (i,t)≤AHCI
TMCC (i+b,t)
AHCITMCC (i, t) ≤ AHCITMCC (i + 2, t)
Go to Case 3
Go to Case 2
Else Go to Case 2
Else Go to Case 2

Algorithm 2. Classifying Remaining Crashes (Supplemental Methodology).
In the algorithm, AHCITMCc (i,t) is the AHCI of TMCc, and AHCITMCc (i+b, t) is the AHCI of the
recurrent
bottleneckAHCI
location
downstream of TMCc.
TMCc(i,t) is the AHCI of TMCc, and AHCITMCc(i+b, t) is the AHCI of the
In the algorithm,
recurrent bottleneck location downstream of TMCc.
4. Illustrated Case Study
This section illustrates the use of the classification methodology. Data from the 274 km “test site”
is employed.
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show a crash that was identified as belonging to Case 2.
Figure 8e shows an instance where the Case 3 classification was based on the CI contour map.
Figure 8f presents an instance where the Case 3 classification was based on the AHCI contour map.
The remaining nine crashes were passed to Step 4. Of these, nine had an AHCI value of
more than 60% and were placed in Case 3. Panels (c) and (d) of Figure 8 show an example of a
TMCc(AHCI(t) ≥ 60%) that was identified as belonging to Case 3. The remaining 10 crashes were
identified as being moved on to the sub-test in Step 4 and were subsequently also classified as Case 3.
The results of the crash classifications are summarized in Table 2. As can be seen, the proportions
of cases 1, 2, and 3 were 84%, 12%, and 4%.
(a) A TMCc classified as Case 2 in CI (congestion)

(b) A TMCc classified as Case 2 in AHCI (nonrecurrent)

(c) A TMCc classified as Case 3 in CI (congestion)

(d) A TMCc classified as Case 3 in AHCI
(recurrent)

Figure 7. Schematic representative a Case 1 crash condition.

In Step 3, the remaining 81 crashes were further analyzed. Of them, 62 were classified as
belonging to Case 2 (a Case 2 is one that occurs in non-recurrent congestion). Panels (a) and (b) of
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Figure 8 show a crash that was identified as belonging to Case 2.

(a) A TMCc classified as Case 2 in CI (congestion)

Appl.(c)
Sci.
10,classified
x FOR PEER
A2020,
TMCc
as REVIEW
Case 3 in CI (congestion)

(e) A TMCc classified as Case 3 in CI (congestion) by
the sub-test

(b) A TMCc classified as Case 2 in AHCI (nonrecurrent)

(d) A TMCc classified as Case 3 in AHCI 11 of 15
(recurrent)

(f) A TMCc classified as Case 3 in AHCI
(recurrent) by the sub-test

Figure
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in AHCI (non-recurrent);
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Table 2. Classification of the crashes based on the proposed methodology.

I-40
Number of crashes

Westbound
234

Eastbound
266

Step 2

Case 1 (crash not in congestion)

192 (82%)

227 (85%)

Step 3
Step4

Case 2 (crash in non-recurrent congestion)
Case 3 (crash in recurrent congestion)
To algorithm for congestion type classification
Case 2 (crash in non-recurrent congestion) by
the sub-test

36 (15%)
6 (1%)
3 (1%)

26 (10%)
13 (3%)
7 (3%)

Total
500
419
(84%)
62 (12%)
19 (2%)
10 (2%)

0 (0%)

0 (0%)

0 (0%)
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5. Comparative Analysis
Table 3 shows the proportion of reported incidents or crashes and those not reported for the
62 samples of crashes in non-recurrent congested TMC’s. As seen in Table 3, in only 58% of the cases
was a primary crash or incident also reported. This indicates that more crashes in a non-recurrent
congested area will be detected by the use of the proposed methodology. Otherwise, only those crashes
tied to a primary incident will be classified, in our case 39 of the possible 62.
Table 3. Reported vs. unreported primary incidents or crashes on crash in non-recurrent congested areas.
Reported Incident or Crash

Crashes in Non-Recurrent
Congestion Locations

Primary Crash

Primary Incident

Number of crashes
Percentage

36
58%

3
5%

No Data Primary
Incident or Crash

Total Crashes in
Non-Recurrent
Congested TMC

23
37%

62
100%

6. Conclusions
This paper has presented a method for classifying crashes based on the type of congestion in
which they occur. The methodology has been tested using North Carolina crash data for 274 centerline
kilometers on I-40 in North Carolina for Tuesdays, Wednesdays, and Thursdays in April, May,
September, and October of 2012 and 2013. In addition, an approach for identifying “recurrent”
congestion has been used as part of the procedure. Unlike previous studies that used the mean and
median of the speed distribution to distinguish recurrent and non-recurrent congestion pattern, the
method used here employs a recurring congestion definition that is based on an average congestion
history using probe-based speeds.
The proportion of secondary crashes (a surrogate for crashes in non-recurrent congestion) identified
in the case study is in line with results from previous classification studies, where the secondary
crash percentage ranged from 2.2% to 15.5% [28,35–41]. However, the study found a secondary crash
proportion that is near the upper end of the range reported in these earlier studies. This is to be
expected because the proposed methodology classifies crashes as secondary whenever they occur in
atypical congestion without the need to identify the primary crash or incident event.
There are some limitations to the study. The most important one is the need to validate or verify
efforts regarding secondary incidents or crash identification. It calls for identifying and defining
real-world secondary events with more detailed approaches in the real world. Another issue is that the
link-based traffic data provide uniform traffic performance information for the entire TMC. Thus, this
study employed the starting and ending points of TMC’s as the beginning and ending points for the
congestion. This may cause fewer errors in identifying non-recurrent congestion conditions because
of the limitation of the TMC segment itself (different link lengths). However, this limitation can be
addressed as vendors provide speed data for sub-segments. In addition, as the probe percentages
increase, data quality will also be an issue.
Despite the fact that only 4% of the total crashes in this case study were identified as a “Crash
in recurrent congestion”, the percentage of “secondary” crashes caused by primary incidents in
recurrent congestion increased compared well to the results of previous studies. Therefore, identifying
these crashes calls for a further detailed classification methodology, which the authors are presently
investigating with more accurate crash data available from the state-of-the-art technologies of vehicle
such as vehicle black box and event data recorder can be used. Finally, there has been no consideration
about the impact of rubbernecking because the objective of this study was to focus on developing for a
robust and easily implementable methodology to classify crashes in different types of congestion.
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Glossary/Nomenclature/Abbreviations
α
β
γ
δ
AHCI (i, t)
C(i, t, m)
CI (i, t, m)
FFS(i)
i
m
MS(i,t,m)
RITIS
t
TEAAS
TMC
TMCc

cut-off threshold to determine being congested
cut-off threshold to determine recurrent bottleneck segment
cut-off threshold of boundary of bottleneck influence area
cut-off threshold of spatial congestion difference in AHCI
average historic congestion index
congestion value
congestion index
free flow speed (mi/h)
a TMC segment
index for a day in the study period (weekday)
measured speed (mi/h)
Regional Integrated Transportation Information System (RITIS)
time interval a day (e.g., 8:00–8:15, 15 min)
Traffic Engineering Accident Analysis System
Traffic Message Channel
TMC segment associated with a crash

References
1.
2.
3.
4.
5.
6.
7.
8.
9.
10.
11.
12.
13.

Chung, Y.; Song, T.; Yoon, B. Injury Severity in Delivery-Motorcycle to Vehicle Crashes in the Seoul
Metropolitan Area. Accid. Anal. Prev. 2014, 62, 79–86. [CrossRef] [PubMed]
Kim, S.; Song, T.; Rouphail, N.M.; Aghdashi, S.; Amaro, A.; Gonçalves, G. Exploring the Association of
Rear-End Crash Propensity and Micro-Scale Driver Behavior. Saf. Sci. 2016, 89, 45–54. [CrossRef]
NCDOT. Traffic Engineering Accident Analysis System (Teaas); NCDOT: Raleigh, NC, USA, 2014.
Zhou, M.; Sisiopiku, V.P. Relationship between Volume to Capacity Ratios and Accident Rates.
Transp. Res. Rec. 1997, 1581, 47–52. [CrossRef]
Kononov, J.; Bailey, B.; Allery, B. Relationships between Safety and Both Congestion and Number of Lanes
on Urban Freeways. Transp. Res. Rec. 2008, 2083, 26–39. [CrossRef]
Wang, C.; Quddus, M.A.; Ison, S.G. Impact of Traffic Congestion on Road Accidents: A Spatial Analysis of
the 25 Motorway in England. Accid. Anal. Prev. 2009, 41, 798–808. [CrossRef] [PubMed]
Marchesini, P.; Weijermars, W. The Relationship between Road Safety and Congestion on Motorways—A Literature
Review of Potential Effects; SWOW Institute for Road Safety Research: Leidschendam, The Netherlands, 2010.
Lord, D.; Manar, A.; Vizioli, A. A Modeling Crash-Flow-Density and Crash-Flow-V/C Ratio Relationships for
Rural and Urban Freeway Segments. Accid. Anal. Prev. 2005, 37, 185–199. [CrossRef]
Golob, T.F.; Recker, W.; Pavlis, Y. Probabilistic Models of Freeway Safety Performance Using Traffic Flow
Data as Predictors. Saf. Sci. 2008, 46, 1306–1333. [CrossRef]
Lee, C.; Abdel-Aty, M.; Hsia, L. Potential Real-Time Indicators of Sideswipe Crashes on Freeways.
Transp. Res. Rec. 2006, 1953, 41–49. [CrossRef]
Song, T.; Williams, B.M.; Rouphail, N.M. Data-Driven Approach for Identifying Spatiotemporally Recurrent
Bottlenecks. IET Intell. Transp. Syst. 2018, 12, 756–764. [CrossRef]
Skabardonis, A.; Varaiya, P.; Petty, K. Measuring Recurrent and Non-Recurrent Traffic Congestion.
Transp. Res. Rec. 2003, 1856, 118–124. [CrossRef]
Goodall, N.J. Probability of Secondary Crash Occurrence on Freeways with the Use of Private-Sector Speed
Data. Transp. Res. Rec. 2017, 2635, 11–18. [CrossRef]

Appl. Sci. 2020, 10, 2583

14.
15.
16.
17.
18.
19.
20.
21.
22.
23.
24.
25.

26.
27.
28.
29.
30.
31.
32.
33.
34.
35.
36.
37.
38.
39.

14 of 15

Sarker, A.; Paleti, R.; Mishra, S.; Golias, M.; Freeze, P. Prediction of Secondary Crash Frequency on Highway
Networks. Accid. Anal. Prev. 2017, 98, 108–117. [CrossRef] [PubMed]
Elvik, R.; Sagberg, F.; Langeland, P.A. An Analysis of Factors Influencing Accidents on Road Bridges in
Norway. Accid. Anal. Prev. 2019, 129, 1–6. [CrossRef] [PubMed]
Xu, C.; Bao, J.; Wang, C.; Liu, P. Association Rule Analysis of Factors Contributing to Extraordinarily Severe
Traffic Crashes in China. J. Saf. Res. 2018, 67, 67–75. [CrossRef] [PubMed]
Zhan-Moodie, M. Spatio-Temporal Analysis of Highway Congestion and Accidents: A Case Study of
Interstate 285 in Georgia. Master’s Thesis, Kennesaw State University, Kennesaw, GA, USA, 2019.
Retallack, A.E.; Ostendorf, B. Current Understanding of the Effects of Congestion on Traffic Accidents. Int. J.
Environ. Res. Public Health 2019, 16, 3400. [CrossRef] [PubMed]
Hallenbeck, M.E.; Ishimaru, J.; Nee, J. Measurement of Recurring Versus Non-Recurring Congestion: Technical
Report; Washington State Transportation Center (TRAC): Seattle, WA, USA, 2003.
Medina, C. Assessment of Non-Recurrent Congestion on Dutch Motorways. MSc Thesis, Delft University of
Technology, Delft, The Netherlands, 2010.
Chung, Y. Assessment of Non-Recurrent Traffic Congestion Caused by Freeway Work Zones and Its Statistical
Analysis with Unobserved Heterogeneity. Transp. Policy 2011, 18, 587–594. [CrossRef]
Sullivian, A.J.; Sisiopiku, V.P.; Kallem, B.R. Measuring Non-Recurring Congestion in Small to Medium Sized
Urban Areas; University Transportation Center for Alabama: Tuscaloosa, AL, USA, 2013.
Chung, Y. Identifying Primary and Secondary Crashes from Spatiotemporal Crash Impact Analysis.
Transp. Res. Rec. 2013, 2386, 62–71. [CrossRef]
Chung, Y. Identification of Critical Factors for Non-Recurrent Congestion Induced by Urban Freeway Crashes
and Its Mitigating Strategies. Sustainability 2017, 9, 2331. [CrossRef]
Schaefer, B.; Vanderzwan, N.; Cechvala, M.; Paxton, W.; Seidensticker, D.; Replinger, J.; Krejny, M. Congestion
Management Process for the Madison Metropolitan Planning Area; Madison Area Transportation Planning
Board—An MPO: Madison, WI, USA, 2011.
Downling, R.; Skabardonis, A.; Carroll, M.; Wang, Z. Methodology for Measuring Recurrent and Nonrecurrent
Traffic Congestion. Transp. Res. Rec. 2004, 1867, 60–68. [CrossRef]
Caltrans. How Congested Are the Freeways in California? Available online: https://www.dot.ca.gov/hq/
paffairs/faq/faq77.htm (accessed on 16 August 2017).
Raub, R.A. Occurrence of Secondary Crashes on Urban Arterial Roadways. Transp. Res. Rec. 1997, 1581,
53–58. [CrossRef]
Chou, C.S.; Miller-Hooks, E. Simulation-Based Secondary Incident Filtering Method. J. Transp. Eng. 2010,
136, 746–754. [CrossRef]
Zhang, H.; Khattak, A. Spatiotemporal Patterns of Primary and Secondary Incidents on Urban Freeways.
Transp. Res. Rec. 2011, 2229, 19–27. [CrossRef]
Zhang, H.; Khattak, A.J. Analysis of Cascading Incident Event Durations on Urban Freeways. Transp. Res. Rec.
2010, 2178, 30–39. [CrossRef]
Yang, H.; Bartin, B.; Ozbay, K. Investigating the Characteristics of Secondary Crashes on Freeways; Transportation
Research Board: Washington, DC, USA, 2013.
RITIS. Regional Integrated Transportation Information System. Available online: https://www.ritis.org
(accessed on 23 June 2017).
TRB. Highway Capacity Manual; Transportation Research Board: Washington, DC, USA, 2010.
Moore, J.E.I.; Giuliano, G.; Cho, S. Secondary Accident Rates on Los Angeles Freeways. J. Transp. Eng. 2004,
130, 280–285. [CrossRef]
Hirunyanitiwattana, W.; Mattingly, S.P. Identifying Secondary Crash Characteristics for the California Highway
System; Transportation Research Board: Washington, DC, USA, 2006.
Zhan, C.; Shen, L.; Hadi, M.; Gan, A. Understanding the Characteristics of Secondary Crashes on Freeways;
Transportation Research Board: Washington, DC, USA, 2008.
Zhan, C.; Gan, A.; Hadi, M. Identifying Secondary Crashes and Their Contributing Factors. Transp. Res. Rec.
2009, 2102, 68–75. [CrossRef]
Khattak, A.; Wang, X.; Zhang, H. Spatial Analysis and Modeling of Traffic Incidents for Proactive Incident
Management and Strategic Planning. Transp. Res. Rec. 2010, 2178, 128–137. [CrossRef]

Appl. Sci. 2020, 10, 2583

40.
41.

15 of 15

Vlahogianni, E.I.; Karlaftis, M.G.; Golias, J.; Halkias, B. Freeway Operations, Spatiotemporal-Incident
Characteristics, and Secondary-Crash Occurrence. Transp. Res. Rec. 2010, 2178, 1–9. [CrossRef]
Vlahogianni, E.I.; Karlaftis, M.G.; Orfanou, F.P. Modeling the Effects of Weather and Traffic on the Risk of
Secondary Incidents. J. Intell. Transp. Syst. 2012, 16, 109–117. [CrossRef]
© 2020 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access
article distributed under the terms and conditions of the Creative Commons Attribution
(CC BY) license (http://creativecommons.org/licenses/by/4.0/).

