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Exploring and Enriching the Effect of Different Road Incidents on
Traffic Spatiotemporal Characteristics

Mahsa Movaghar1, Saman Behrouzi1, Panchamy Krishnakumari1, Serge Hoogendoorn 1, Hans van Lint 1

Abstract— Road incidents, including accidents, greatly im-
pact public safety, traffic flow, and overall transportation system
functioning. Detecting and predicting incidents is crucial for
effective incident management. Accurate algorithms rely on
high-quality incident data sets. However, uncertainties exist due
to the collection and recording process. To address this, cross-
validating incident data with other datasets helps resolve inac-
curacies. Additionally, enriching incident data with additional
sources enables a more precise analysis of societal costs for
planning purposes.

In this study, we utilize traffic congestion data to examine and
quantify the consequences of incidents on the Dutch highway
network. First, we map match recorded incidents with related
traffic patterns. Then, we label incidents as ”congestion” if
significant congestion patterns were identified during or after
the incidents or as ”no-congestion” if no significant congestion
pattern occurred. For incidents labeled as congestion, we
calculate and associate records with the congestion’s dura-
tion, location, and Vehicle Loss Hours (VLH). The developed
methodology has been implemented on five months of recorded
data for the six most significant motorways in the Netherlands.
This enriched dataset can be utilized for incident detection
algorithms, analysis and management, and policy and decision-
making.

I. INTRODUCTION
Road incidents, including accidents, not only have con-

siderable effects on financial and fatality losses, but also
their effect on travel time loss and secondary incidents is not
negligible [1], [2]. They are considered one of the significant
causes of congestion and bottlenecks on the network [3], [4].

Although traffic incidents are highly likely to cause traffic
congestion, it is important to note that not all traffic accidents
lead to traffic congestion, and congestion itself does not
necessarily always stem from incidents [5]. Hence, for la-
beling the congestion patterns, it is useful to find congestion
that is caused by incidents. This labeling process is a time-
consuming but beneficial task for developing any data-driven
models.

Nowadays, data-driven models are of high interest to
researchers for developing models to predict, detect, and/or
classify incidents, including accidents [6]. The quality of
data-driven methodologies highly depends on the quality
of data sources and, moreover, on the quality of sen-
sors/equipment utilized to acquire data [7].

Traffic sensors that monitor cross-sectional traffic flow
record data separate from other data sources, such as police
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reports, surveillance cameras, global positioning systems,
and incident data. Developing multi-source data and multi-
source data fusion is beneficial for a more accurate and
reliable understanding and interpretation of the observed sit-
uation by decreasing the inherent uncertainties in individual
data sources. This leads researchers and traffic management
centers to more reliable and accurate interpretations and
decisions.

However, the inherent uncertainties in recorded databases
are unavoidable. The effect of these uncertainties is signif-
icant in the analysis process and methods, which require
estimation and judgment. The main challenge while dealing
with uncertainties in databases is handling the data while
keeping it useful for data management and further mining
applications.

This study aims to enrich the incident dataset with a new
label, congestion and no congestion. Moreover, each record
will be matched and enriched with traffic spatiotemporal
features of significant congestion. This enriched dataset
will provide insights for understanding the behavior of the
network in case of any type of incident. This leads to
better incident management and more useful action plans
and strategies on the horizon.

A. Related Work

Detecting road incidents, including accidents, at an ap-
propriate time can decrease the time lag between the time
that incident happens and any further decisions, whether
sending emergency services or much-reducing travel time by
recommending alternative routes to drivers [8]. This problem
is even more challenging due to the rareness of the incidents,
especially accidents and lack of data. So any reliable and
trustworthy datasets are of high interest for further inves-
tigations. Deep learning models have been widely used for
real-time incident detection but less for assessing road traffic
incidents [5], [9]. Haung et. al (2020) used sensor occupancy
data, speed, and volume to extract useful features for Deep
Learning models for detecting road crashes [10]. Despite
most of the recent studies which use images, Mehrannia
et. al used numerical data from automatic traffic recorders
(ATR) to detect accidents. They used an LSTM-based model
to increase the separability of accident/no-accident class [8].

One of the challenges in developing data-driven models
is dealing with incomplete or missing data due to varied
recorded features in different datasets. Moreover, integrating
different sources may be incomplete due to different data
collection techniques and strategies adopted by different
sources. These challenges lead to major problems, partic-
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ularly in nonlinear dynamic problems such as traffic flow
prediction. In most related studies, data does not contain
information about incidents and events, which lead to unre-
liable causal effects analysis and predicting long-term traffic
predictions [11].

B. Study Outline
Undoubtedly, creating a reliable data set to handle uncer-

tainties, ambiguity, and consistency is the initial and most im-
portant step in developing any data-driven, specifically super-
vised learning research. Although improving data collection
techniques is essential for creating an extensive dataset, they
are typically labor-intensive, time-consuming, and expensive.
Therefore, advanced frameworks for enriching the already
existing datasets by integrating different data sources are
highly beneficial for creating a reliable and good-quality
dataset [12]. The highlights of this study can be summarized
as follows:

• A robust framework is proposed to enrich each recorded
incident in the dataset with features of traffic congestion.

• To this end, this study tries to connect and fuse the
point dataset (incident) with the spatiotemporal dataset
(traffic) with map-matching techniques.

• Few studies have focused on the spatiotemporal charac-
teristics of congestion caused by incidents.

• Finally, a better estimation and understanding of the
spatiotemporal features of the congestion caused by
different incidents will be provided.

• The enriched dataset created in this study can provide
significant information for each recorded incident.

To achieve the primal goal of this study, which is en-
riching the incident data set with spatiotemporal features
of traffic, the structure of the next sections is as follows:
First, an overview of the steps taken for integrating data
sets, and traffic spatiotemporal features added to the dataset
is explained in Section II. Then in Section III, the data sets
are introduced. The quantifiable effects of incidents on traffic
and the corresponding statistics of the added information to
the incident dataset will be presented and discussed in IV.
The summary of the study and directions for future research
are discussed in Section V.

II. METHODOLOGY

One of the approaches for reducing uncertainties in
datasets is data integration. Through data integration, differ-
ent data sources will be compared to identify matching enti-
ties. Using the matching entities (i.e., mapping), the original
data source will be enriched with additional information [13].
To do this, the main challenge is the discovery of correct and
meaningful relationships between different data sources. In
this study, the incidents point dataset will be qualitatively
integrated with the traffic spatiotemporal dataset.

A. Traffic Spatiotemporal Data
Based on the study done by Nguyen et al., clustering

methods have been employed, namely point-based and area-
based approaches, to extract visual features from each spa-
tiotemporal congestion pattern [14]. Among all the features

for each congestion pattern, three main traffic-related and
interpretable features have been chosen for enriching the
incident dataset [15]:

• Spatial-extent: length of a roadway that is affected by
the congestion. The spatial extent of congestion relies on
many variables, such as duration, severity of congestion,
and/or time of the day. This feature is obtained from
a time-space diagram using an image processing tech-
nique called contour detection as described in Nguyen
et al. [14] and is represented in Figure 1.

• Temporal-extent: duration or time period that the road-
way is affected by the congestion. The temporal extent
is also influenced by the cause of congestion, traffic
flow, and so on. This feature is also obtained using
contour detection from a time-space diagram as depicted
in Figure 1.

• Total Vehicle Loss Hour (VLH): the total amount of
time lost by vehicles because of being stuck in traf-
fic congestion. VLH is computed using spatiotemporal
maps of speed u and flow q, smoothed using the
Adaptive Smoothing Method (ASM) with equidistant
cells of length ∆x and duration ∆t [16], [17]. Total
Vehicle Loss Hour (VLH) can then be estimated as
shown in Equation 1.

V LH = ∑
ki
(T exp

ki −T re f
ki ) (1)

In which T exp
k is experienced travel time and T re f

k is travel
time with free-flow speed.

Free flow speed ure f
k , which is the maximum speed that

can be experienced by cars when there is no congestion, is
obtained based on the speed limits of motorways. However,
this can be more precisely measured by field observations or
historical data.

The spatial and temporal extent has been obtained based
on the related study conducted by Nguyen et al. [14]. For
clustering traffic patterns, they used an area-based method
based on domain knowledge. Figure 1 shows the spatiotem-
poral extent of a recorded congestion pattern with 54 km
space extent, 330 minutes temporal extent, and 11840.2
(veh∗hr) VLH.

B. Incident Point Data
It is important to record and store incident information.

However, enriching these datasets with accurate and mean-
ingful information and labels will significantly improve their
applications for developing further research or drawing any
inferences from the data and further decisions for incident
management. Handling large dataset increases the impor-
tance of an automated and robust framework in this regard.
In general, each point incident dataset record includes the
location, type of incident, start and end time. In this work,
this record is enriched with congestion information, i.e.,
spatial and temporal extents. The spatial extent of congestion
defines the total length of the road distance being reached
by traffic congestion, and the temporal extent defines the
duration of the congestion at each accident [14].
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Fig. 1: Spatiotemporal characteristics of a recorded signifi-
cant congestion on A13, A20, and A15 (October 29, 2019).

C. Map Matching

The main challenge in integrating incident datasets with
traffic characteristics is the inherent differences between
these two datasets. The incident dataset is a point data set.
However, a traffic dataset includes spatiotemporal character-
istics since speed and flow change both in time and location.
To overcome this challenge, a robust framework is developed
in this study. The summary of the framework used in this
study is depicted in Figure 2. For each recorded incident, the
two most important features have been stored: location and
time. This procedure is more challenging for recorded traffic
data. Traffic data collected by multiple sensors is recorded
per minute and per sensor. To deal with the large recorded
traffic dataset, only notable congestion patterns within the
dataset have been stored, and the free-flow patterns are
disregarded.

To align the incident data with the corresponding speed
data from each congestion pattern, we adopted a map-
matching approach. Firstly, each incident was associated with
the speed data of the motorway segment on which it oc-
curred. For this purpose, we considered the time span during
which each incident occurred. By matching the incident time
with the recorded speed data timestamps, the appropriate
speed dataset for each incident was identified. This step
was an exhaustive search that enabled us to precisely link
incidents with the corresponding motorway segments and
temporal context. To visualize the speed congestion patterns
and overlay the incident locations and times, we calculated
the distances of the incident locations from the starting point
of each motorway segment. This allowed us to effectively
represent the relative position of the incident along the
motorway. Utilizing this distance information, we plotted
the speed congestion patterns and superimposed the incident
locations and times onto this speed congestion visualization,
providing a comprehensive view of the incidents’ spatial
distribution and temporal correlation with speed variations.

Based on the observations, two noteworthy scenarios are
feasible:

• The recorded incident is before or within a significant
recorded congestion pattern. This incident will be la-

Fig. 2: Developed framework for integrating accident and
traffic datasets.

beled ”Congestion”, and the incident can be considered
as one of the probable reasons for this congestion.
Moreover, each record will be enriched with three new
features: the temporal extent of the related congestion,
the spatial extent of the related congestion, and total
Vehicle Loss Hour (VLH).

• There is no recorded congestion pattern close (in terms
of recorded space and time) to the recorded incident.
This incident will be labeled ”No-congestion”, and no
additional feature will be added to the dataset.

It is worth noting that although a congestion pattern is
recorded for the first scenario, the incident may be only
one of the causes of identified congestion. This labeled
category can be later investigated to estimate the contribution
of incidents to congestion.

III. CASE STUDY

In the Netherlands, NDW (Nationaal Dataportaal Wegver-
keer) is a national authority responsible for collecting road
traffic data, including speed, flow, and travel time [18].
The data has been recorded for over ten years and is
available in open source both in real-time and historically.
The historical data is being used for traffic analysis and
research. Alongside traffic data, there are also extensive
records for road incidents for almost ten years of the network

4020

Authorized licensed use limited to: TU Delft Library. Downloaded on February 21,2025 at 15:32:17 UTC from IEEE Xplore.  Restrictions apply. 



available as open data. This dataset comprises data primarily
gathered by the road authority through manual methods and
integrated with information extracted from police reports,
phone calls, and emergency centers. The dataset provides
details regarding incidents occurring on national roads within
the Netherlands, categorized into three distinct groups:(1)
Accidents: including any collision, fire, etc., (2) Vehicle
obstruction: including any car or vehicle immobilized in
the middle of the road or on the emergency lane, and (3)
General obstruction: which is any sudden obstructions that
can not be categorized in the other two groups. The incident
dataset includes all the unplanned, unexpected, and sudden
happenings on the network. Thus, other road disruptions,
such as roadwork and bridge openings, are not included in
this dataset. For each incident following features have been
recorded in the raw dataset: ID, Type, Start time, End time,
Longitude, and Latitude.

In this study, a dataset encompassing the entire network
in the Netherlands will be explored and analyzed. The data
covers a time range of five months, starting from August and
concluding in December 2019. Figure 3 shows the frequency
of each incident category in the studied dataset.

Fig. 3: Frequency of different types of incidents in the
Netherlands (August-December 2019).

In the study period, the location of incidents in the
Netherlands is depicted in Figure 4.
The density of accidents in the Netherlands in the time
range of August to December 2019 is depicted in Figure
5. Despite the dispersed location of incidents in Figure
4, Figure 5 vividly depicts three significant regions in the
Netherlands: Rotterdam, Amsterdam, and Utrecht. To have a
comprehensive overview of congestion related to incidents,
6 important motorways have been picked for further analysis
and comparison: A2, A4, A12, A13, A15, and A20. These
motorways hold great significance for transportation planners
due to their high density of disruptions and their proximity
to major cities and regions. Figure 6 shows the studied
motorways in the Netherlands. The next section will present
map-matched results of incidents recorded on the studied
motorways, focusing on traffic spatiotemporal features. This
will be done using the developed methodology, providing
visualizations and discussions.

Fig. 4: Density visualization of incidents in the Netherlands
(August-December 2019). Warmer hues represent a higher
concentration of incidents.

Fig. 5: Density visualization of accidents in the Netherlands
(August-December 2019). Warmer hues represent a higher
concentration of incidents.

IV. RESULTS AND DISCUSSION

As mentioned previously, all recorded incidents will be
categorized into two distinct groups: Congestion and No-
Congestion. In this section, results will be shown in three dif-
ferent categories: accidents that are matched with significant
congestion patterns, percentage of incidents matched with
significant congestion, and spatiotemporal characteristics of
the congestion matched with incidents.

Figure 7 shows an accident (horizontal line) matched dur-
ing an identified significant congestion pattern on the time-
space diagram. The horizontal line indicates the location,
start time and end time recorded in the incident database.
This congestion is stored with 29 km space extent and a time
horizon of 377 minutes. Also, 5535.54 (veh∗hr) total Vehicle
Loss Hour (VLH) is estimated based on Equation 1 for this
congestion. This accident is recorded during a significant
congestion which is probable to be its effect. However, to
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Fig. 6: Location of studied motorways in this research.

estimate the more precise contribution of this accident to
the congestion, further analysis is required. For instance, the
historical and seasonal patterns should be checked on the
same day to be able to relate the congestion to peak hours
or the geometry of the highway. Moreover, new datasets
like weather variables can add insightful information for
understanding the contribution of the accident to identified
congestion.

Fig. 7: Example of an accident matched with an identified
significant traffic congestion on road number A13 (December
06, 2019).

When estimating VLH, two conditions should be taken
into account. First of all, as is shown in Figure 7, only part
of the recorded congestion is during the accident period.
Therefore, we are probably overestimating the VLH, space,
and time extent associated with an incident. On the other
hand, since incidents are being matched with only signifi-
cant congestions, the VLH may be underestimated for the
accidents causing insignificant congestion. Another group of
accidents, labeled ”No-Congestion”, highlights the fact that
not all accidents will be associated with significant conges-
tion. Analyzing the whole accident data for five months in
2019 for the selected motorways reveals that a significant

congestion pattern can be recognized after or during 86
percent of recorded accidents (Figure 8). Therefore, only for
86 percent of accidents, congestion can be considered as one
of the effects. And for the other type of incidents (vehicle
and general obstructions), this percentage is similar, implying
that most incidents have significant congestion associated
with them. It is also worth noting that although accidents
are showing a notable impact in causing congestion, their
exact contribution among other causes, i.e., peak hour, bot-
tlenecks, geometry, and so on, requires further investigation.
Conversely, it has been observed that almost 14 percent of

Fig. 8: Incidents matched with congestion (August-December
2019).

recorded accidents do not exhibit any notable congestion
patterns. This indicates that these accidents cannot be directly
linked to significant instances of traffic congestion. Figure
9 illustrates these categories across different incident types
and motorways, shedding light on how incident types and
specific characteristics of each motorway contribute to sub-
stantial congestion. Among the three types of incidents exam-
ined—accident, vehicle obstruction, and general obstruction
— accidents demonstrate a higher likelihood of associat-
ing with significant congestion compared to the other two
categories in all the studied motorways. In addition, Figure

Fig. 9: Percentage of matched incidents with significant con-
gestion per incident category on studied motorways (August-
December 2019).

10, demonstrates the box plots for estimated total VLH per
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incident type. Examining the box plot, the medians, and the
spread of estimated VLH among three incidents, insights
into their respective impacts on transportation efficiency can
be gained. Vehicle obstructions with a median of 1311 and
an average of 2698 (veh ∗ h) play the most significant role
among the other two incidents. Then, accidents with an
average VLH of 2639 (veh∗h) can be considered as the most
and general obstruction with an average of 2527 (veh ∗ h)
as the least costly incidents. This highlights the effective
incident management policies in the studied corridors during
accidents and vehicle obstructions.

Fig. 10: Estimated total Vehicle Loss Hour (VLH) for
different incidents (August-December 2019).

Figure 11 demonstrate the joint distributions for spatiotem-
poral characteristics of congestion matched with incidents. In
this Figure, the plot area is divided into hexagonal bins and
shows the number of data points falling into each bin with
color intensity. Darker colors indicate a higher density of data
points. Based on Figure 11, accidents show a high probability
of being associated with congestion within a 5-kilometer spa-
tial extent and a 100-minute time extent. Vehicle obstructions
are more likely to be matched with congestion of less than
5 kilometers and 100 minutes. Despite almost similar space
and time extent characteristics of the congestion associated
with all the incidents, their imposing cost to the network, as
estimated in VLH, is not negligible. This finding reveals the
importance of considering VLH as a significant parameter
for any incident management policy and decision-making.

To validate the efficacy of our proposed method, we
initially undertook a qualitative analysis to ascertain whether
accidents were associated with significant congestion pat-
terns within the motorways under study. It’s important to note
that this approach does not distinguish between incidents that
arose due to congestion and those that subsequently led to
congestion. Following the preliminary labeling of incidents
associated with congestions, we proceeded with a rigorous
validation phase, leveraging both expert domain knowledge
and established traffic flow theory.

Besides the approach taken in this study, social media and
news can also be interesting sources for enriching incident
datasets. For example, on Friday morning, August 02, 2019,
a huge traffic jam was recorded on A20 between two cities,

(a) Vehicle Obstruction

(b) General Obstruction

(c) Accident

Fig. 11: Spatiotemporal characteristics of significant conges-
tions matched with incidents (August-December 2019).

Hoek van Holland to Schiedam. A delay of around 1 hour in
travel time is also reported for this accident at 8:50 a.m. in the
news. When looking at the incident dataset, the location and
duration of the accident can be easily validated. However,
there might be a couple of accidents reported in the news
but not accurately recorded in the dataset. For example, on
December 11, 2019, a long traffic jam on A15 after an
accident between several vehicles around half past three was
reported. However, there are no incident records between
10:00 to 20:00. This highlights the importance of using other
data sources for validating the dataset, specifically social
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media and news, for future studies and investigations.
Although in this study, interesting insights have been

extracted, the following limitations should be taken into
account:

• Incident dataset is map-matched with significant con-
gestion patterns. This highlights that added label ”No-
Congestion” means that no significant congestion has
been recognized close to the incident duration.

• Although matched incidents with congestion patterns
add valuable spatiotemporal information for each inci-
dent to the dataset, the exact contribution of the incident
to the congestion is not clear. To estimate the contribu-
tion of the incident to the matched congestion pattern
among other factors such as peak hour, bottlenecks, and
so far, further investigation is required.

• Estimated VLH may be overestimated since the inci-
dents may cover only part of a matched congestion
pattern. And it may be underestimated due to the
fact that only significant congestion patterns have been
recorded in the traffic spatiotemporal dataset.

• Many other data sources, such as social media and news,
can play a significant role in validating and enriching
the current dataset.

V. CONCLUSION

Understanding incidents, including accidents, play a vital
role in effective incident management. By gaining insights
into accident details, incident management teams can re-
spond promptly and provide necessary assistance, leading to
improved public safety. Additionally, understanding incidents
helps in implementing efficient traffic control measures,
reducing congestion and societal impacts, and minimizing
disruptions to maintain smooth traffic flow. The quality
of datasets plays an important role in incident detection
algorithms and any other data-driven models and inferences.
To make accurate datasets, the incident point dataset is
map-matched with traffic spatiotemporal characteristics. To
do this, significant congestion patterns recorded within or
after recorded incidents have been identified. Then, for
each matched congestion, space and temporal extents were
recorded. Moreover, the total Vehicle Loss Hour (VHL) due
to each incident has been estimated.

Results show among different types of incidents; acci-
dents are more likely to be associated with congestion than
other types of incidents. Although longer congestion, both
in time and space, is expected during general obstruction,
accidents and vehicle obstructions contribute to more vehicle
loss hours. In summary, this study concludes that various
incidents and road disruptions affect traffic spatiotemporal
characteristics quite differently. The precise contribution of
each incident to the recognized congestion, among other
factors, such as peak hour, bottlenecks, and geometry, pro-
vides interesting possibilities for future studies. In addition,
validating incident datasets with other data sources, such
as social media and news, would be a beneficial area for
incident management and analysis.
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