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Abstract

Incident detection is a key component in real-time traffic management systems that allows
efficient response plan generation and decision making by means of risk alerts at critical
affected sections in the network. State-of-the-art incident detection techniques traditionally
require: i) good quality data from closely located sensor pairs, ii) a minimum of two re-
liable measurements from the flow- occupancy-speed triad, and iii) supervised adjustment
of thresholds that will trigger anomalous traffic states. Despite such requirements may be
reasonably achieved in simulated scenarios, real-time downstream applications rarely work
under such ideal conditions and must deal with low reliability data, missing measurements,
and scarcity of curated incident labelled datasets, among other challenges. This paper pro-
poses an unsupervised technique based on univariate timeseries anomaly detection for com-
putationally efficient incident detection in real-world scenarios. Such technique is proved
to successfully work when only flow measurements are available, and to dynamically adjust
thresholds that adapt to changes in the supply. Moreover, results show good performance
with low-reliability and missing data.
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1 Introduction

Road operators and traffic authorities need to face and adapt to the increasingly complex
scenarios of the 21% century. Data shows that immediate action is of paramount importance:
traffic accidents in the European Union caused 22.800 deaths and 120.000 seriously injured
people in 2019 [EC019]; traffic congestion costs represent 1% of GDP each year [ECA19];
and 80 % —-95 % greenhouse gas (GHG) emissions need to be reduced by 2050 [EEA21]. In
this context, real-time situational awareness systems emerge for traffic management systems

to react. Non-recurrent situations, such as incidents, appear as outliers or anomalies in the
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real-time traffic data feeds. Hence, outlier detection becomes a key task for road traffic
incident detection systems' that has been considered in the state of the art.

Road traffic incident detection as reviewed by [Pay76] has traditionally been regarded as
the start of the California series algorithms. California #7 (probably the best well known in
the series) aims to detect incidents comparing occupancy levels between consecutive loop
detectors. A modified version of California #7 is proposed in [Sail8], which includes also
flow differences between consecutive detectors. Both approaches are limited to highways
with sensors measuring occupancy (and flow) with consecutive sensor-pairs close enough to
each other to detect differences caused by incidents. California #7 and its derivates rely on
static thresholds to detect incidents. Despite these thresholds are robust, a good adjustment
of these represents a significant boost in the performance [Nat17]. Therefore, California #7
and its derivates need to be adjusted in a supervised way to reach top performance.

To overcome California #7-related algorithms’ limitations, [Zhul9] propose to use con-
volutional neural networks (CNN), multi-layer perceptron, or random forest to build a su-
pervised model to transform timeseries data to another space where anomaly detection is
made easier. The authors test different approaches with synthetic data and found CNN to
outperform the others. However, labelled incident data is scarce and prone to errors (e.g.
lack of starting or ending time of the incidents, among others). As supervised incident detec-
tion models have a low chance of being applied in the real world, unsupervised techniques
need to be explored.

[Her18] use flow and occupancy data between consecutive sensors to build gaussian
mixture models (GMM) for unsupervised incident detection. Scarce outliers are detected
according to the GMM and a threshold. Despite the advantage of the unsupervised approach,
its application is limited to highways with sensors measuring flow and occupancy and that
are close enough so that the impact of incidents can be detected as differences between
sensor-pairs. Similarly, [Men19] propose a similar approach but first converting flow and
occupancy data to a 5-level quantization (or congestion rank) of the traffic state. Then,
incidents are detected as traffic state differences between sensor-pairs that are non-existent
or have a very low probability according to the training dataset.

With the vision to have an unsupervised incident detection system that can work with
only flow, [Yan20] used an autoencoder trained over all sensors of the network. The au-
toencoder reduces the dimensionality. Under the assumption that incidents are structurally
different to the normal data and scarce, they would appear as outliers in the space of the
autoencoder. However, setting the parameters of an autoencoder is not easy specially when
input dimensionality can range from tens of sensors to tens of thousands or even more. Be-
sides, training an autoencoder becomes challenging because it easily finds non-generalizable
correlations that overfit the model requiring an amount of data that may not be available.

The above brief literature review shows that efficient incident detection systems are not
yet available for downstream application in traffic management systems. To overcome such
limitation, this paper presents an incident detection component included in Aimsun Live with

1 In this paper, we refer to road traffic incidents as sudden changes of the supply.
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the following characteristics: i) the system is trained and works in an unsupervised way;
ii) it works independently on different timeseries (e.g. traffic flow, or speed, or occupancy);
and iii) it works without the need of close sensor-pairs.

2 Methodology

2.1 Data Transformation

In general, one can distinguish between two types of anomalies or outliers: distributional
outliers and structural outliers [Her22]. Distributional outliers look like normal data (i.e.
inliers), but are in a low-density region in the data (or embedding) space. Since distribu-
tional outliers are structurally like inliers, their detection requires a lot of normal data for
an accurate estimation of the probability density function and the setting of the probability
threshold that defines the frontier of inliers. On the other hand, structural outliers are those
that belong to a manifold? different from the one formed by inliers. Road traffic incidents
belong to the latter category, whose detection is not equally easy for all traffic variables.
For example, road traffic occupancy usually offers easier incident detection than traffic flow.
Similarly, occupancy difference between sensor-pairs offers an easier detection than single-
sensor occupancy. Moreover, different embedding spaces can offer distinct levels of detection
power.

The incident detection analyzed in this paper transforms individual timeseries to a space
where the distance between structural outliers in the timeseries are magnified. Note that the
algorithm applies the same kind of transformation to different input variables, but it works
independently on each timeseries.

2.2 Outlier Detection

Structural outliers occur separately from processing normal data. For example, traffic flow is
created with the interaction of traffic demand and traffic supply. Traffic demand and supply
can change over time and so does the flow. But when there is a sudden change like a lane
occlusion due to a breakdown vehicle, this represents a structural change of the process, and
it is an infrequent event. Taking advantage of this, we propose a dynamic boundary to detect
incidents based on the assumption that incidents are rare. Therefore, we propose to analyze
D days (e.g. 30 days of data) for each timeseries, and set the boundary based on where most
data are located for all analyzed days.

2.3 Incident Affectation

Since incidents affect traffic in the location of the incident, outlier detection should report
outliers for all measured traffic variables recorded by sensors at such specific location. Ac-
cording to this, we propose merging outlier detection from different timeseries in the same

2 Atopological space that is modeled closely on Euclidean space locally but may vary widely in global properties.
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segment. Thus, an incident is detected if there is enough outlier detection support. This
bottom-up approach enables the system to run independently on what is measured in each
segment of the network, but at the same time, to take advantage of the fact that various

timeseries are measured in the same segment.

2.4 Incident Duration, Localization, and Severity

The end of an incident is established when traffic returns to normality, i.e. to what is ex-
pected in recurrent conditions. According to this, once incident affectation is estimated, the
end of the incident is computed as that timestamp after the start of the incident when outly-
ing timeseries return to expected values. Note that the concept of expected values requires
an accurate prediction of the timeseries before the incident, i.e. in recurrent conditions or in
normal conditions. The presented results are achieved using the data-driven traffic predic-
tion of Aimsun Live.

The system also backpropagates incident trail throughout the network graph to detect the
origin of the incident. Severity is estimated considering the difference between what was
expected in normal conditions and what is measured with the incident. Incident severity
can also be estimated using the distance of the outlier in the embedding space. However,
this often leads to results that are difficult to interpret or cause confusion amongst traffic
engineers.

3 Results and Discussion

The case of a highly transited highway is presented as an illustration of the proposed method-
ology. The highway is mostly three or four lanes wide in either direction which carry con-
stant heavy traffic (bound to congestion) during daylight hours, seven days a week. Data
from loop detectors as well as labelled incidents from April and May 2022 have been used
in this experiment.

Figure 1, Figure 2 and Figure 3 show the measured flow by three different loop detec-
tors, the predicted flow, and the incident detection output as a binary variable to represent
whether there is or not an incident. All three examples show how incidents cause a drop
of flow (structural outlier) which is detected as an incident. Moreover, Figure 1 shows the
ability of the incident detection of working on a timeseries with gaps of data and high vari-
ability.

The analyzed period included eight labelled incidents with an impact on the traffic flow.
All of them were detected, meaning a recall of 100%. It is worth mentioning that three
of the eight incidents had an impact in the magnitude of the inherent variability of the
timeseries, demonstrating the robustness of the system to detect incidents with less severe
road affection. Specificity is hard to estimate in this use case, because not all incidents in
the period were labelled incidents. Therefore, not all negatives in the ground truth were

negatives. However, the positive rate in the period (rate of incident detection) was 0.23 %.
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Figure 1: Incident detection of one occurred at 1% of May at 13:46. Top: Measured and
predicted flow of the loop detector 1406497 st0. Bottom: incident detection.

This value means a detection of 1 incident every five days in each detector. Such value
may rise the suspicion of false positives, however, the lower bound (assuming all positives
as false positives) of the specificity is 99.76 %. Results proof the ability of the proposed
incident detection methodology of (all) detecting true incidents while keeping the rate of
false positives very low.

4 Conclusions

The task of automatically detecting road incidents poses great challenges to both research
and industries in the traffic management sector still now-days. Literature in the area often
neglects the fact that real-world systems are to deal with unreliable and missing data in a

computationally efficient way. Robust unsupervised techniques like the one proposed in this
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Figure 2: Incident detection of one occurred on 6% of May at 17:28. Top: Measured and
predicted flow of the loop detector 1470340 _st0. Bottom: incident detection.

paper aim to tackle such problems, and yet, the challenge remains to rely on a common
benchmarking system for the scientific community to advance in a steady direction.

This paper proves that incident detection is more robust when methodologies that adapt
to the needs of downstream traffic management systems (being flexible, unsupervised, and
computationally fast) are integrated. Our future work will explore the combination of several
modalities (e.g. data sent by drones) and big data to provide a scalable incident detection
module that can be deployed in both traditional and smart cities.
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Figure 3: Incident detection of one occurred on 6% of May at 17:49. Top: Measured and
predicted flow of the loop detector 1471226 st0. Bottom: incident detection.
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