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Abstract. In the realm of modern urban mobility, automatic incident detection is asCritical element of intelligent transportation
systems (ITS), since the ability to promptly identify unexpected events allows for qiick implementation of preventive measures
and efficient response to the situations as they arise. With the growing availability of traffic data, Machine Learning (ML) has
become a vital tool for enhancing traditional incident detection methods:Automated machine-learning (AutoML) techniques
present a promising solution by streamlining the machine-learning process; however the application of AutoML for incident
detection has not been widely explored in scientific research In this'paperywe propose and apply an AutoML-based methodology]
for traffic incident detection and compare it with state-ofthe-art ML approaches. Our approach integrates data preprocessing with
IAutoML, and uses Tree-based Pipeline Optimization Tool (FPQT) to refine the process from raw data to prediction. We have
tested the efficiency of our approach in two major European cities, Athens and Antwerp. Finally, we present the limitations of our
work and outline recommendations for application of AutoMLin the incident detection task and potentially in other domains.

Keywords: Incident detection, automated machinelearning (AutoML), artificial intelligence (Al), intelligent transport systems
(ITS), big data

1. Introduction

Efficient traffic incident detection in an automatic and prompt manner is paramount in urban traffic
management, directly/impacting congestion control and road safety. A traffic incident typically refers to
any unexpected event that decreases road capacity and leads to congestion. Such incidents disrupt the
flow of traffic, impede operations, and are responsible for not only delays but also increased pollution.
Consequently, Intelligent Transport Systems (ITS) are increasingly focusing on reducing the impact of such
traffic events. Thanks to the surge in available traffic data, Machine Learning has emerged as a powerful
tool to improve upon the traditional algorithmic approaches, such as the California #7 Series [1] for]
detecting these incidents. However, the variable nature of traffic flow makes immediate and precise incident
detection challenging. The widespread deployment of traffic sensors on highways has yielded extensive
traffic flow data. Common data sources for identifying traffic incidents include stationary detectors like
inductive loop detectors, GPS devices, and automatic identification systems such as Radio-Frequency
Identification (RFID). Recent advances in machine learning have led to its accelerated adoption in the field
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of transportation engineering, with popular techniques encompassing artificial neural networks (ANNs),
support vector machines (SVMs), isolation forests (IFs), and their various adaptations. While the traditional
machine learning techniques have demonstrated utility in interpreting traffic flow data, they often require
extensive domain knowledge for feature selection and model tuning, which can be a significant limitation
given the variable nature of traffic patterns.

Automated Machine Learning (AutoML) is an emerging area in ML that seeks to automate the ML
workflow from data preprocessing to model validation [2] thus enhancing performance and reducing
the necessity for constant redesign. AutoML not only automates the meticulous process of discovering
and fine-tuning the best-suited machine learning framework for the task at hand but also adapts as the
characteristics of data evolve over time. Although setting up AutoML systems may initially demand more
computational resources, the trade-off includes a substantial decrease in manual labor and the level off
expertise traditionally required to develop high-performing models. Therefore, such automation provides
robust AutoML methods that enable people, with either little or no specialized ML knowledge, to integrate
IML solutions into data-driven processes. The latter is known as the democratization of ML [2], and it is
aligned with the actual purpose of Artificial Intelligence: to learn and act automatically without human
intervention [3].

Despite the growing interest in AutoML in many fields, including tran§pettation, a notable research gap
exists in its application to traffic incident detection. To our knowledge, there are no comprehensive studies
that have specifically tackled the use of AutoML for this purpose. Whide previous research has demonstrated
the potential of AutoML in various domains such as healthcafepfinance, and manufacturing [4,5,6], its
application in the field of traffic management, particularly forincident detection, remains underexplored.
This lack of research in applying AutoML to traffic in¢ident detection presents a unique opportunity.
The challenge lies in not only adapting AutoML to effectively analyze traffic data but also in validating
its applicability across different urban settings. Our paper aims to fill this gap by proposing a novel
\AutoML-based methodology in detecting traffic incidents. Moreover, we have validated the effectiveness of
our proposed approach in two major European,cities, in Athens, Greece, and Antwerp, Belgium; however,
our methodology is generic and could potentially be replicated or adapted for other urban environments. In
doing so, this research contributes to the\broader understanding of how AutoML can be utilized in urban
traffic systems, potentially leading to“more responsive and efficient traffic management solutions.

As far as we are aware, this research’represents a novel study aiming to address the automatic incident
detection task by employing AfitoML methodologies. Specifically, the main contributions of our paper can
be summarized in the following:

— Integration of Data"Pre-processing Techniques: Recognizing the importance of data quality, we
propose a data pre-processing algorithm before employing the AutoML process using TPOT (Tree-
based Pipeline Optimization Tool). This integration aims to streamline the model development process,
from raw data handling to final prediction.

— Contrast of our AutoML-based approach with General Approach Algorithms: The paper also sets to
compare and contrast the performance and efficiency of AutoML frameworks against general machine
learning algorithms. This analysis will help to elucidate the benefits and limitations of AutoML in the
specific context of traffic incident detection.

— Assessment and comparison of our AutoML methodology across different urban contexts: Last but
not least, the paper aims to explore the differences of the proposed automatic approach across two big
European cities, Athens and Antwerp.

The rest of the paper is organised as follows: Section 2 provides a short background on AutoML and
introduces the problem of automatic incident detection, while presenting related works in the transportation
domain. Section 3 describes the proposed methodology. Section 4 presents an overview of the used datasets.
Section 5 discusses the experimental results, and finally, Section 6 lists the conclusions and proposes
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concrete suggestions to data analysts and machine learning engineers for the application of AutoML in
relevant domains and/or tasks.

2. Background
2.1. Theoretical background on AutoML

AutoML has emerged as a transformative approach in the field of machine learning, aiming to automate|
the process of model selection and hyperparameter tuning. This section will delve into the general principles
and methodologies of AutoML, highlighting its impact on accelerating and simplifying the deployment of
machine learning models. AutoML is designed to make the machine learning (ML) process more accessible
and automated, enabling experts in specific domains to leverage ML technologies without requiring
extensive knowledge or a data analyst’s assistance [4]. At the heart of AutoML lies,the challenge of Hyper
Parameter Optimization (HPO), which involves the automatic tuning of hyperparameters to enhance the
performance of ML systems across tasks like classification, regression, and time series forecasting [4].
Recent advancements in AutoML have expanded its scope to include additional functionalities such as
Data Preparation, Feature Engineering, Model Generation and Model Evaluation [4,5].

In an effort to streamline the machine learning (ML) development process, various systems have)
been designed to reduce the manual effort needed for specific tasks=For instance, platforms like Deep-
IDive/Snorkel [7] offer comprehensive workflow support that aids'in the annotation and management off
training data, along with assisting in choosing the right medel.\Despite these advancements, manual labor
remains a significant part of crafting ML solutions. Achieving/full automation requires overcoming the cur-
rent procedural obstacles. To provide a clearer picture ‘of these challenges, we have depicted the complete
ML workflow in Fig. 1. This flowchart details eachsstep, highlighting the involvement of domain experts,
the extent of manual intervention by data scientists;7and the necessary interactions between them [6].

The steps of Data Preparation and Featdre\Engineering are crucial to setting up the data for use in
machine learning (ML) algorithms. Data/Preparation encompasses the collection, cleaning, and expansion
of the dataset, while Feature Engineering-involves the extraction, selection, and formulation of features
from the data. During Model Generation, various models are explored to identify the one that predicts
outcomes most effectively, using’techniques such as k-nearest neighbors (KNN) [8], Support Vector
Machines (SVM) [9], Neural Networks (NN), among others. Concurrently, the Model Evaluation step
assesses these models against'certain criteria, which not only helps in refining the current models but also
in developing new ones. The AutoML search process concludes once it meets specified conditions like
model performance benchmarks or time constraints.

As described above, AutoML approaches the Model Selection Problem (MSP) as an optimization|
challenge, aiming to identify the best machine learning (ML) algorithm and its ideal hyper-parameter
settings from a predefined selection to optimize an accuracy metric for a specific ML task. The goal of]
IAutoML is to simplify the ML application development process by automating the application of ML
algorithms to datasets, thereby relieving users of laborious tasks like hyper-parameter tuning. Despite
notable achievements in this area, AutoML is still evolving and is not yet fully developed.

Regarding AutoML tools, the pioneering approach in simultaneously selecting algorithms and hyper-
parameters was Auto-WEKA [10], which applies Bayesian optimization to find the optimal combination
of algorithm and settings from 39 algorithms available in WEKA, a comprehensive open-source ML
suite. Following this, Komer et al. [11] and Feurer et al. [12] introduced Hyperopt-sklearn and Auto-
sklearn, respectively, which automate the selection of ML algorithms and hyper-parameters within the
scikit-learn library. Hyperopt-sklearn employs the Hyperopt Python library, using a similar Bayesian
optimization method to Auto-WEKA. In contrast, Auto-sklearn records the most effective algorithm an
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Fig. 1. Flowchart depicting the Machine Learningproeess, while highlighting points of interaction between domain experts and
data scientists, along with bottlenecks [6].

hyper-parameter combinations for past ML tasks and uses meta-learning to inform the starting point of the
sequential optimization process.

Recently, Sparks et al. [I3\introduced an AutoML method that leverages distributed computing,
expanding the computational\wesources for the automation process. Additionally, Sabharwal et al. [14]
created a technique thatallecates training data in a cost-effective manner. This method begins by evaluating
an algorithm and its hyper-parameters on a small, randomly chosen subset of the dataset and incrementally
increases the dataset size for reassessment if the results appear promising. Following that, Olson and
Moore [15] developed a system for constructing and fine-tuning ML pipelines for both classification and
regression tasks, utilizing genetic programming to create versatile pipelines and to determine the best
algorithm for each stage of the pipeline. However, the tool employed, TPOT, does not conduct a thorough
examination of all possible hyper-parameter combinations, which means it might overlook some potentially]
effective configurations.

Lately, Swearingen et al. [16] have introduced ATM, a collaborative tool designed for crafting opti-
mized machine learning (ML) pipelines, with a strong focus on parallelization. This approach allows for|
distributing and processing individual combinations of algorithms and hyper-parameter settings across
a cluster more efficiently. ATM currently utilizes the algorithm base from scikit-learn and concludes its
optimization process after a set number of iterations or upon the completion of a time budget specified
by the user. In the following year, Mohr et al. [17] developed ML-Plan, a framework that constructs ML
pipelines using hierarchical task networks. MI.-Plan starts with a predefined selection of preprocessing an
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[Fig. 2. A temporal-spatial chart illustrating the usual decrease in roadway capacity, due to a temporary event such as a traffic
accident [23].

classification algorithms and their possible hyper-parameters,However, ML-Plan limits itself to supervised
classification tasks, not addressing the supervised regression tasks which have been previously noted as
prevalent in the field. From a technical perspective, AutoML.attracted a lot of research interest resulting in
several AutoML frameworks, including Autokeras [I'8], FEDOT [19] and TPOT [15]. Additionally, it has
been concluded by research focusing on benchmarking several AutoML frameworks [20,21] that they do
not yet outperform humans, however they give eneeuraging results [22].

In the subsequent sections, we delve into the'intricate task of incident detection using machine learning,
highlighting the specific challenges andequitements of this domain. Within this context, we employ an
\AutoML-based methodology developed based on TPOT, that approaches incident detection from both
a classification and regression perspective to offer a more holistic understanding of traffic data. TPOT)
was selected for its robust gengtie’programming algorithm which excels in discovering high-performing
pipelines by simulating evolutionary processes. This feature is particularly beneficial for incident detection
where the optimal set of preprocessing and modeling steps can significantly vary across different traffic
scenarios. Additionally; TROT’s parallel computation capabilities allow for efficient processing of vast
traffic datasets, a critieal factor in timely incident response. The methodology is outlined in detail in
Section 3.

2.2. Incident detection task using machine learning

Having established the background of AutoML in addition to some applications and technical frame-
works, the focus is now shifted to traditional machine learning techniques and their application in traffic
incident detection, which has been an area of considerable interest for many years. This section presents
various ML techniques that have been successfully applied to detect and predict traffic incidents, such as
support vector machines, neural networks, and decision trees. Studies have often focused on the ability|
of these algorithms to process and analyze large volumes of traffic data to identify patterns that precede
incidents.

When a traffic incident happens, it triggers a shift from fluid traffic to congestion, causing alterations
in vehicle speeds and traffic flow. This shift initiates what’s termed as a ‘shockwave’, which propagates
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Table 1

Indicative works in the Automatic Incident Detection domain using Machine Learning algorthims with Loop Detector data
Algorithm Data attributes Indicative works
BAYESIAN CNN Occupancy, volume for incident and incident-free conditions, [32,33]

archived data on the type, location, and severity of incidents
SVM Speed, flow, occupancy and derived features [34,35]
NEURAL NETWORKS Volume, speed, occupancy and derived features [36,33,37,38]
ISOLATION FOREST Volume, speed, occupancy and derived features [37]
LSTM Volume, speed, occupancy and derived features [39,40]

GRAPH NEURAL NETWORKS  Volume, speed, occupancy, graph traffic network and derived features  [41,42,43]

through the traffic, resulting in a queue that forms behind the bottleneck, typically where the incident
occurred. This dynamic can often be visualized in a space-time diagram, which illustrates the repeating
patterns of speed changes — cycles of speeding up and slowing down — as shown in Fig. 2. For the effective
detection or prediction of traffic incidents, it’s important to identify irregularities that signal the emergence
of queues both before and after the point of the incident. Integrating time series data from loop sensors
with the geographical layout of the road network is essential to monitor theseftraffic anomalies accurately.

In recent years, research efforts have been proposed to deploy Automatic Tncident Detection (AID)
Systems onto urban roads, recognizing that detecting incidents automatically and leveraging data within
Intelligent Transportation Systems (ITS) can enhance the flow of*traffic and diminish congestion and
delays. Algorithms for Automatic Incident Detection (AIDA) have-tindergone extensive research and
have been classified in numerous systematic reviews (e.g. [24,25,26]). One such review categorizes these
algorithms based on their data processing and methods used,into four categories: comparative, statistical,
artificial intelligence-based and video — image processingialgorithms [27].

Comparative algorithm techniques analyze the variances in traffic flow parameters between two consec-
utive fixed sensors, computing and contrasting these differences. Meanwhile, statistical methods typically,
utilize the time-related properties of traffic,datasto’develop models grounded in established statistical
theory. Although these conventional methods (comparative and statistical) have historically been popular
due to their simplicity and effectiveness’in ‘identifying incidents that significantly disrupt traffic flow,
there is a trend toward adopting Al-based-methods. Al approaches are favored for their adaptability and
enhanced performance. Being rooted in data, Al methods can process vast amounts of traffic data to
discern underlying patterns [28] and are adept at integrating both the time and space aspects of traffic
flow (Pan, Sumalee, Zhong,«& Indra-payoong), which is crucial for increasing the precision of incident
detection. The majority efuaesearch relies on data from Inductive Loop Detectors (ILD) for input into
machine learning algorithmss with representative studies summarized in Table 1. Additionally, there’s a rise
in research leveraging video data from CCTV cameras; recent systematic reviews reference several studies
that showcase the capabilities of video analysis and underscore the efficacy of deep learning methods in
the context of incident detection (e.g. [30,31]).

Domain reviews indicate that while advancements have been made, Al-based and data-driven algorithms
for incident detection still face significant challenges, leading to research opportunities. These challenges
include: the need for a more extensive collection of historical traffic incident data for model training and
evaluation; the creation of balanced datasets with an equal representation of incident and non-incident
cases; enhancement of the models’ ability to perform in real-time; and the improvement of methods to
capture spatial and temporal dependencies to boost the algorithms’ effectiveness [44].

2.3. AutoML in transportation and traffic prediction studies

In the transportation sector, AutoML’s application is still on the rise. This section reviews the current
state of research on the use of AutoML for traffic prediction and its role within the transportation domain
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It will highlight studies where AutoML has been employed to optimize traffic flow, predict congestion, and
improve overall transportation efficiency.

In the transportation area, to the best authors’ knowledge, only four papers have used AutoML methods
for TF [45,46,47,48]. The first study carried out by Vlahogianni et al. [47] introduced a meta-modelling
approach that employs surrogate modelling alongside a genetic algorithm that follows an island model
strategy to optimize both the selection of the algorithm and its hyper-parameter tuning. This AutoML
task uses a base of three machine learning methods — Neural Network, Support Vector Machine, and
Radial Base Function — to predict average traffic speed over a 5-minute time horizon through regression
analysis. Subsequently, Angarita et al. in [45] and [46] utilized Auto-WEKA, an AutoML method that
applies sequential model-based bayesian optimisation [49] to identify the most effective ML pipelines.
Both these studies benchmarked Auto-WEKA'’s performance against the conventional method of manually|
selecting the best algorithm from a set to predict traffic. Specifically, in the case of [46], the authors focused
on forecasting traffic Level of Service (L.oS) at a specific freeway location across various time horizons,
while in [45], they concentrated on predicting traffic speed for a group of traffie\flow (TF) regression
problems at both the point and road segment levels in freeway and urban géttings. Lastly, in [47], the
authors focus on assessing Auto-sklearn’s capability to recommend effective 'machine learning pipelines
for traffic forecasting. This task is framed as a time series (TF) multi-elass imbalanced classification
problem, examined over various time horizons, spatial scales (both ‘point and road segment), and in
different environments (freeway and urban). The study tests threedscenarios and findings indicate that
\Auto-sklearn’s meta-learning component underperforms in handling TF problems, and optimization does
not significantly enhance prediction accuracy.

All in all, it is certain that ML algorithms have played acrucial role in developing accurate models
for automatic incident detection yet they still face obstacles including steep computational demands and
superfluous model data, all while trying to reduce the neéed for human input. To address these challenges,
the use of AutoML algorithms, which feature a pipeline model capable of self-adjusting hyperparameters,
offers an encouraging approach. Under this light, our paper aims to contribute to the fast growing field off
IAutoML by:

1. Developing AutoML-based prediction‘algorithms for the incident detection task, both from a regres-
sion and a classification standpoint;

2. Conducting of a comparison between the proposed methodology for each use case with other baseline
methods; and finally,

3. Analysing and assessingithe models proposed as part of this research between different urban contexts

Last but not least, tosthe'best of our knowledge, this study is the first one aiming to tackle the challenging
problem of automatic ineident detection using AutoML techniques.

3. Proposed methodology

This paper involves developing a methodology for automatic incident detection with the goal of iden-
tifying unplanned non-recurring events promptly and thus enabling a safer and more reliable Intelligent
Transport Management system. The methodology flowchart, depicted in Fig. 3, illustrates the general
workflow of the present study. Initially, the process commences with data ingestion, followed by a thorough
data-preprocessing stage to make the dataset suitable for model deployment. Subsequently, an AutoML
framework TPOT, is used as the foundation of our approach for model development and selection.

During the prediction phase, the data is divided into two sets: one for testing and the other for validation
with unseen data. TPOT is deployed for crafting an effective machine learning model leveraging the
training data, focusing on the problem from a regression and a classification perspective. After training
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Fig. 3. The methodology flowchart as proposed.

and evaluating both the TPOT Classifier and TPOT Regressor, we compare,their performance metrics
to determine the most effective model for deployment. However, the bénefits of utilizing TPOT extend
beyond this initial selection phase.

AutoML systems like TPOT offer dynamic model updating, which/Can be crucial as traffic data evolves
over time. This allows for continuous retraining and model refinement without the need to start the process
anew, ensuring that the incident detection system can adapt to new patterns or changes in traffic flow.
Furthermore, the ongoing use of AutoML provides an operational advantage in terms of parameter fine-
tuning. TPOT, with its genetic programming-based optimization, can iteratively explore the parameter space
to fine-tune the model as more data becomes available oras traffic conditions change, a process that is more
resource-efficient and potentially more effective than manual tuning efforts. Lastly, the implementation of
\AutoML for ongoing model management allows forithe incorporation of online learning techniques, where
the model can be updated in real time with‘newdata. This is particularly relevant for incident detection,
where the timeliness of model updates,can significantly impact the system’s performance and reliability.
Therefore, while the model selectedviasILPOT may be fixed during a specific period, our methodology is
designed to facilitate model evolution,.allowing for ongoing improvements and the incorporation of new|
data, which is a significant benefit over a static algorithmic approach.

It is important to highlight that in this work, the data-preprocessing step — which includes feature
extraction, data sampling{"and ‘balancing — is carried out before training the models. This pre-processing is
integral to both model§™ capability; however, a decision has been taken for pre-processing to be executed
independently to guarantee compatibility, ensure uniformity across models, and ultimately, amplify thein
efficiency. A detailed diagram, as shown in Fig. 4, provides an in-depth view of the modeling phase,
illustrating the intricate steps involved in the training of both the classification and regression models, thus
highlighting the dual approach of tackling automatic incident detection task.

3.1. Data preprocessing

The proposed methodology includes data preprocessing to prepare the loop detector dataset, which
contains traffic variables such as speed, occupancy and flow as a time series, for modeling. This process aims
to ensure the reliability and accuracy of our models in predicting unplanned incidents. The preprocessing
primarily involves feature extraction, normalization, and balancing, whenever needed. Normalization
adjusts numerical features to a uniform scale, which is vital for machine learning models that depend on
measuring distances. Data balancing is carried out to prevent a skew towards the more prevalent class, as
this can lead to suboptimal detection of the less common class. There is considerable evidence from many
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studies showing that both normalization and data balancing-can greatly enhance outcomes across a range
of applications, e.g. [50,51]. Algorithms 1 and 2 describe the steps of preparing the dataset at hand for
modeling by performing data preprocessing for classifieation and regression task accordingly This leads to
a pre-processed dataset that is suitable for use in €ither classification or regression models.

Algorithm 1: Data Pre-processing for classificationytask

Input: dataset (D), output target incidents (T)
Output: Pre-processed dataset (PD)

1. CleanData: Data cleaning (D)

2. CD <— CleanData(D)

3. ExtractFeatures: Extract feature columns (more details are described in section 6.1)
4. f <— ExtractFeatures(CD)

5. Normalize: Feature normalization (CD)

6. X+—f

7. Y+t

8. Xn <+— normalize(X)

9. Balance: Data Balancing (Xbal,Ybal)

10. Xbal,Ybal <— balance(Xn, Y)

11. Split: Dataset splitting into training, validation, and test sets (SD)

12. X_train_val, X_test, y_train_val, y_test <— (Xbal, Ybal, test_size = 0.05)
13. X_train, X_val, y_train, y_val — (X_train_val, y_train_val, test_size = 0.2)
14. Return PD <— (X_train, y_train, X_val, y_val, X_test, y_test)

3.2. TPOT models

Our approach uses TPOT to apply various machine learning strategies and optimization algorithms to
grasp and adjust to the data patterns, thereby improving the precision and effectiveness of the incident

detection. The models are designed to evolve and refine their predictions based on data, aiming to
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Algorithm 2: Data Pre-processing for regression task

Input: dataset (D) Output: Preprocessed dataset (PD)

1. CleanData: Data cleaning (D)

2. CD <— CleanData(D)

3. ExtractFeatures: Extract feature columns (more details are described in Section 6.1)
4. f < ExtractFeatures(CD)

5. Determine output target: Extract the traffic variable(s) to be predicted (e.g., flow) directly from the input dataset.
6. t < ExtractTarget(CD)

7. Normalize: Feature normalization (CD)

8. X« f

9. Y < t (where Y is the next timeseries value(s) from the dataset)

10. Xn < normalize(X)

11. Split: Dataset splitting into training, validation, and test sets (SD)

12. X_train_val, X_test, y_train_val, y_test <— (Xn, Y, test_size = 0.05)

13. X_train, X_val, y_train, y_val <— (X_train_val, y_train_val, test_size = 0.2)

14. Return PD <— (X_train, y_train, X_val, y_val, X_test, y_test)

Automated by TPOT

Feature
Selection

Raw Data

Model
Selection

Model
Validation

Parameter
Optimization

Feature
Preprocessing

Data Cleaning

Feature
Construction

Fig. 5. Example pipeline automated by TPOT [52].

reduce the time and resources needed for forecasting incidents. Central to our approach is the Tree-based
Pipeline Optimization Tool (TPOT), an intuitive machine learning library that simplifies the development
process, using genetic programming. TPOT’s automation extends through various stages of the machine
learning workflow, including data pre-processing, model selection, hyperparameter tuning, and ultimately,
deployment, all with minimal coding requirements. TPOT is an open-source project on GitHub' and an
example pipeline is illustrated in Fig. 5.

In this research, the power of the TPOT library for constructing and evaluating ML models to predict
incidents is demonstrated. For both the classification and regression models, a wide range of advanced ML
algorithms have been evaluated automatically. To assess the model’s generalization ability, the dataset was
divided into three subsets. A portion of 5% was reserved for validation to simulate the model’s performance

https://github.com/rhiever/tpot
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on unseen data. The remaining 95% was then divided into the 80% training set and 15% testing set to
ensure the model was trained on a diverse and sufficient dataset. An automated process was employed
for selecting the best algorithm and it is provided in the form of pseudocode below as Algorithm 3,
which outlines the essential steps for selecting the best model overall, which is based on a comparison off
precision, recall and Flscore.

Algorithm 3: Best Overall Model Selection in our Methodology

Input: Pre-processed dataset (PD), TPOT Classifier and TPOT Regressor models
Qutput: Best Auto Predictive Detection Model (bAutoD)

. Train and evaluate TPOT Classifier:

. TPOTClassifier = train_TPOTClassifier(X_train, y_ train)

. TPOTClassifier_metrics = evaluate_model(TPOTClassifier, X_val, y_val)

. Train and evaluate TPOT Regressor:

TPOTRegressor = train_TPOTRegressor(X_train, y_time_train)

. Predictions = TPOTRegressor.predict(X_val)

. Apply threshold to Predictions to categorize as 0 or 1:

. Threshold = learn_threshold(y_time_train)

. Predictions_binary = apply_threshold(Predictions, Threshold)

10. TPOTRegressor_metrics = evaluate_model(Predictions_binary, y_class_val)
11. Select model based on performance evaluation metrics (EM):

12. BEGIN

13. EM = (precision, recall, f1-score)

14. Best_evaluation_metrics (BEST_EM) = [0, 0, 0, 0, None]

15. bAutoD = None

16. foriin range(len(EM)):

17.  if TPOTClassifier_metrics[i] > TPOTRegressor_metrics[i] and TPOTClassifier_metrics[i] > BEST_EM [i]:
18. bAutoD = TPOTClassifier

R N e N N

19. BEST_EM][i] = TPOTClassifier_metrics[i]
20. elif TPOTRegressor_metrics[i] > BEST_EM[i]:
21. bAutoD = TPOTRegressor

22. BEST_EM][i] = TPOTRegressor_metrics[i]
23. end for

24. Return bAutoD

25. END

4. Case studies

In the following section, we present case studies from two distinct urban contexts, Athens, the capital
of Greece, and Antwerp, a major city in Belgium, which validate the efficacy of our methodology within
distinct urban environments. Athens provides a complex case with its dense urban network and the
inherent challenges of a historic metropolis, while Antwerp offers a contrasting scenario with its strategic
significance as a port city and its different network intricacies. In Athens, we explore the application in a
critical urban corridor, whereas in Antwerp, the focus shifts to a pivotal route encompassing the city’s port
and major motorways. As part of this section, we detail the study area and the datasets utilized.

4.1. Athens

A corridor extending along 70 km and constituting the ring road of a metropolitan area extending from
the airport to a populated suburb has been used as study area in our experiments. The road network model
developed in the Aimsun Simulation Software [53] is approximately 30 km long and involves 569 sections
and 181 nodes and is depicted in Fig. 6
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‘:3:

Fig. 6. The network of Athens study area.

Data was collected from 591 loop detectors from October 2020 to September 2021. Among these, only
196 detectors were deemed reliable for use in out,experiments. Out of the 26,331,086 total readings taken
at one-minute intervals during the selected timeframe, various filters were applied. These filters excluded
data from detectors missing in the station-aggregation file, removed outliers in flow reliability, corrected
flow-occupancy-speed discrepancies,idisCarded detectors with over 50% missing values (NaNs), filtered
out constant readings over time, eliminated isolated values, and corrected for uncharacteristic profiles.
To address missing or unreliabl€ data, which affected around 35% of the readings, several imputation|
methods were employed, including polynomial, time-based k-nearest neighbor (KNN), free-flow speed,
spatial KNN, PPCA-based,.and weekday-based imputation. Given the low reliability of the loop detectors’
occupancy and speed data, flow was the variable chosen for use in the experiments.

Beyond the Inductive Loop Detectors dataset, which records network attributes such as speed, occupancy,
and flow, we also utilize a critical dataset of labeled incidents supplied by the highway authority in our area
of study. This dataset is essential to our research as it contains 34,652 recorded incidents across 34 features.
It is invaluable for gauging our models’ performance since it provides a benchmark of actual events, or
“ground truth,” for comparison. Utilizing this dataset allows us to verify the precision and reliability of our
incident detection methods, thereby guiding us to make well-founded choices and ensuring the predictions
that are obtained are of high quality. The feature columns of this dataset include information regarding
‘timestamp’, ‘source’, ‘start_time’, ‘end_time’, ‘direction’, ‘intersection’, ‘toll_station’, ‘branch’, ‘posi-
tion_(pk)’, ‘type’, ‘subcategory’, ‘outcome’, ‘deaths’, ‘injured’, ‘queue_start_time’, ‘queue_end_time’,
‘queue_length_cars’, ‘queue_length_time’, ‘weather’ among others. During an exploratory data analysis,
certain discrepancies in the dataset were discovered, particularly regarding incidents that were recorded
but did not noticeably affect traffic flow. To maintain the integrity of our experiments, we’ve instituted a
filtering process to exclude these anomalies, thus preserving the uniformity of the loop detector data for
analysis. Noteworthy findings include:
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Fig. 7. Locations of loop detectors in Antwerp study afea.

— Two particular sections of the highway were found to have theimostincidents, with counts of 13,829
and 13,757 respectively. Given that these incidents predominantly occurred on the main segments of
the highway, our analysis will specifically concentrate©n these areas.

— The incident data was refined to consider only instances of Traffic Congestion and Traffic Accidents,
aligning with the primary interests of our research.

— Additionally, we refined the incident data based on/the length of the resulting traffic queue. After
consulting with stakeholders, we lowered the.queue length criterion from 200 meters to 50 meters,
acknowledging their expertise and the raritysof 200-meter queues on this particular highway under
normal circumstances, even when incidents occur.

Post-filtering, the refined dataset largely,derives from the closed-circuit television (CCTV) system,
containing a total of 1,786 recorded incidents for the two main highway sections, with 763 incidents
coinciding with the traffic measurement period. After cleansing and refining the dataset, we reformatted it
for use with our algorithms. The data was arranged in 5-minute intervals, with rows indicating time stamps,
columns representing loop sensor IDs, and matrix values set to 1 for timestamps and locations with an
incident, and O where nodneident occurred.

4.2. Antwerp

For the city of Antwerp, there is a multitude of inductive loop detectors available which provide one-
minute readings regarding the network conditions, however, the area which has been deemed suitable to be
used as a test bed of our incident detection task represents the corridor between the port of Antwerp and
Eindhout including E313 motorway in both directions. This area includes 103 nodes in Direction 1 and
164 nodes in Direction 2 and in Fig. 7 the locations of the sensors are depicted on a map.

The traffic data for E313 highway collected by loop detectors include the number of vehicles and the)
average speed, occupancy and flow, in addition to other traffic measurements, such as statusDescription,
faultDescription and regularity, for 5 different vehicle classes/categories, aggregated per minute and the
location of the measurement points. Loop detector data from 267 units was gathered from end of October
2022 to end of August 2023 The analysis of raw data yielded acceptable results in terms of quality of
detectors’ measurements, where one can observe some data gaps around May-June 2023 and a couple off
missing days in Oct-Nov 2022. There are seven detectors that do not provide consistent readings over the
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whole period and those have been excluded from the analysis. In the pre-processing phase of our analysis,
we employed a meticulous filtering and cleaning process to ensure the integrity and quality of the data.
Initially, we identified and rectified any anomalies in the data, such as outliers or incomplete records.
Subsequently, to streamline the dataset for more coherent analysis, we aggregated the different vehicle
categories into a single, consolidated attribute. This means that we only kept the sum of vehicleFlowRate
and the average of the speed, in addition to the supplementary attributes mentioned above. This aggregation
enables a more generalized assessment of traffic patterns while maintaining the robustness of the data.
Moreover, several other cleaning processes have been employed, as described in the Athens’ case study,
above in Section 5.1. After cleaning, aggregation and filtering the resulting data show acceptable reliability
scores (overall above 0.4 in a scale from 0 to 1, where 1 is the highest reliability), and then it was necessary
to transform the loop detector data and split in three distinct datasets, for speed, flow and occupancy|
respectively. Moreover, resampling of the dataset every 5 minutes has been performed.

Together with the loop detector dataset which contain information of the traffic characteristics, we
have managed to acquire an Excel file with details for the incidents which had/been registered in E313
Antwerp highway. The labelled incidents dataset includes 5774 incident oceusrences in total, spanning
from 2011-04-26 11:29:19.647 until 2023-08-29 13:29:52.907 and more specifically for our case and the
dates selected (2022-10-27 to 2023-08-29), it contains 526 incidents for 2023 ‘and 136 incidents for 2022.
This dataset contains the following fields: segment_id, incident_id, registration_time, duration, direction
and location of the incident (kmptl and kmpt2). Based on the startg¢imestamp and duration of the incidents
specified in the relative columns of the dataset, we have mappéd.these timestamps to the corresponding
start and end time. However, it is impossible to perform further filtering of this dataset based on its impact
in traffic or severity from the information available. Thus/allithe incidents reported in the dataset are kept
in the evaluation dataset. Finally, the filtered incidents(dataset has been transformed in 5-minute intervals
where rows refer to timestamps and columns were‘theids of the segments and the values of the matrix
were 1 if this location and time corresponds to an in¢ident occurrence, or 0 otherwise.

5. Results and analysis

This section presents the data preparation process and the results obtained with the experimental set-up)
described in the previous section'for/both case studies. In both metropolitan contexts, Athens and Antwerp,
our approach was benchmarked,against established baseline methodologies. Moreover the limitations off
our methodology are presented as part of this section.

5.1. Data preparation'process

The loop detector datasets need to be prepared in order to be fed to the pipeline described in Section 4.
First of all, data cleaning is performed and the respective features are extracted. Moreover, the loop detector
datasets for both case studies suffer from imbalance issues, as the majority of samples belong to the
Normal class. The challenge of working with imbalanced datasets is that most machine learning techniques
will ignore, and in turn have poor performance on, the minority class, although it is the performance on
the minority class that is mostly important. To address this issue, the Synthetic Minority Oversampling
Technique (SMOTE) [54] and Tomek link [55] is frequently employed. In our experiments, we have
chosen to combine SMOTE with Tomek links technique, as it has been shown that this method is much
superior compared with that of using only one of the two. To mitigate this issue, the Synthetic Minority|
Oversampling Technique (SMOTE) [54] and Tomek link [55] are often used. In our experiments, we opted
to integrate SMOTE with the Tomek links method, as this combination has proven to be substantially more
effective than utilizing either approach independently [56,57]. Afterward, the data were normalized by the
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Table 2
Preprocessing operations applied in the loop detector datasets

Preprocessing operation  Details

Data cleaning A series of filters was applied to the data to:

Exclude detectors absent from the station aggregation file,

Eliminate outliers that affect flow reliability,

Rectify mismatches between flow, occupancy, and speed,

— Remove detectors where over half the data entries were non-numeric (NaNs),
— Filter out detectors showing unchanging (stuck) values over time,

— Discard isolated values and atypical profiles.

To address segments of the data with missing or unreliable values, a range of imputation techniques
was employed, including: time k-nearest neighbor (KNN), polynomial, free-flow speed imputation,
weekday-based imputation, spatial KNN and Probabilistic Principal Component Analysis (PPCA)-
based imputation

Resampling Resampling to 5-minute intervals.

Features extraction The following features have been extracted for the classification task; Traffic_Variables*', Up-
stream and downstream Traffic_Variables for adjacent detectors,{Mean upstream and down-
stream Traffic_Variables of detector [5, 10, 15] minutes before, Mean ‘upstream and downstream
Traffic_Variables of detector [5, 10, 15] minutes after, Mean upstream and downstream Traf-
fic_Variables of adjacent detectors [5, 10, 15] minutes before, Mean upstream and downstream
Traffic_Variables of adjacent detectors [5, 10, 15] minutes after, time_of_day, day_of_week,
is_weekend, is_holiday.

For the regression task, the same set of features have been extracted, with the exception of:
Mean upstream and downstream Traffic_Variables of detector [5, 10, 15] minutes after and Mean
upstream and downstream Traffic_Variable§ of adjacent detectors [5, 10, 15] minutes after.

*1 {Flow} for Athens case study; {Flow, Occupancy, Speed} for Antwerp case study.

Data balancing™? SMOTE with Tomek Link.
*20nly used for the classification task
Normalization Robust Scaler.

Robust Scaler, which scales the features using statistics that are robust to outliers. Table 2 summarizes the
steps involved in the data-preprocessing process used in this research.

Regarding the processing of the targetdataset, the labelled incidents’ dataset, as it has thoroughly been
described per case study in Section 5;we.would like to acknowledge that there are certain limitations in
our methodology, particularly in tefmstof data filtering and the intrinsic constraints of the data collected.
First, it’s possible that not all in¢idenfs were captured and logged in the dataset. Despite indications that
incidents were manually recotrded; primarily through CCTV surveillance, there’s still a risk of missing
some occurrences. Secondsthe exact timing of the recorded incidents might not be accurate. An incident
that happens at a given.moment might be recorded with a delay, affecting the assessment of our algorithms’
performance. Lastly, our filtering process is not exempt from potential errors. Despite basing our criteria
on stakeholder expertise and the nature of the data, it’s conceivable that some significant incidents could
have been inadvertently excluded from our analysis.

5.2. AutoML classification and regression validation models

The scoring function was used to evaluate multiple machine-learning algorithms using predefined metrics,
including recall, precision, and F1 score. These metrics can be defined and calculated as follows [58]:

The precision of an automatic incident detection algorithm is the ratio of correctly predicted positive,
observations (incidents) to the total predicted positive observations (incidents)

Number of correctly detected incidents

(D

The recall is the ratio of correctly predicted positive observations to all observations in the actual class.
Recall is also commonly referred to as the detection rate. The Recall metric measures the model’s abilityi

Precision = ; .
Total number of samples predicted as incidents
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Table 3
Comparison of our approach with baseline methods — Athens
Algorithm Precision Recall Fl-score
AutoML (per timestamp) 0.83 0.62 0.71
Isolation Forest (per timestamp) 0.012 0.44 0.023
AIMSUN (per timestamp) 0.08 0.50 0.14

to accurately identify all positive cases. A model will be judged as correctly detecting an incident if an
alert was raised at any point during an incident.

Number of correctly detected incidents
Recall =

(2)

Total number of actual incidents in the dataset

The F1 Score is a metric that combines precision and recall into a single value by taking their weighted
average. It considers both false positives and false negatives in its calculation. While it may not be as
straightforward to perceive, the F1 Score is often a better measure than accuracy, pasticularly when dealing
with datasets that have an unequal distribution of classes.

2 x (precision x recall)

F1 Score = 3)

(precision + recall)

These standard performance metrics have been widely utilized in/the Machine Learning domain due
to their effectiveness in assessing algorithm performance [59]. It 'should be acknowledged that there
exists a interconnecting relationship among these metrics, whereby an enhancement in one may lead to a
degradation in another [60].

5.3. Results for the case studies

In this subsection, the comparison between our, Automated Machine Learning approach and baseline
IML methods are presented for each case studyyAthens and Antwerp.

5.3.1. Athens

For the use case of Athens, the resultsjare depicted in Table 3. We have made the decision to compare the
outcome of our methodology with-an Unsupervised method (Isolation Forest) and a data driven AIMSUN|
algorithm [61].

The algorithm which hasbeen selected as the optimal from our methodology is the following:

LinearSVR(GradientBoostingRegressor(input_matrix, alpha=0.95, learning_rate=1.0, loss=huber,
max_depth=1, max_features=0.6000000000000001, min_samples_leaf=15, min_samples_split=11,
n_estimators=100, subsample=1.0), C=20.0, dual=False, epsilon=0.001, loss=squared_epsilon_|
insensitive, tol=0.0001)

Regarding the two baseline approaches, Isolation Forests are generally used in an unsupervised manner
and only require a few conditions to separate anomalies from normal observations when compared to other
imethods which use basic distance and density measures. There are several works in the field of AID which
use Isolation Forests, including [37]. Their low linear time complexity and small memory requirements aid
in eliminating major computational cost of distance calculation in all distance and density-based methods
and can perform well in a multi-dimensional feature space.

Aimsun’s baseline has been built upon the assumption that incident detection can be regarded as
a transformation of individual timeseries to a space where the distance between structural outliers is
magnified independently on each input variables, aiming to create a with a methodology that is able to
cope with current limitations in the area by being trained in an unsupervised way (i.e., independently of




463
464
465
466
467
468
469

470
471
472
473
474

475
476
477
478
479
480

481
482
483
484
485
486
487
488
489
490
491
492
493
494

495

496
497

Galley Proof 28/03/2024; 16:28 File: idt—1-1dt240231.tex; BOKCTP/yn p. 17

Table 4
Comparison of our approach with baseline ML methods — Antwerp
Algorithm Precision  Recall ~ Fl-score
AutoML (per timestamp) 0.77 0.52 0.54
SVM (per timestamp) 0.62 0.96 0.753
Autoencoder (per timestamp) 0.03 0.48 0.056

having labelled datasets), working independently on different timeseries (e.g., traffic flow, or speed, or]
occupancy) and working without the need of close sensor-pairs. According to [62], two types of anomalies
or outliers can be distinguished: distributional outliers and structural outliers. 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. Preliminary results of this
work have been presented in the MFTS symposium? beginning of December, 2022.

5.3.2. Antwerp

For the use case of Antwerp, the results are depicted in Table 4. A decision‘te’compare the outcome of
our methodology with a Supervised method (Support Vector Machine),and“a Generative Neural Network
(AutoEncoder).

The pipeline which has been selected as the optimal from our methodology is the following:

Pipeline(steps=[( ‘stackingestimator’,
Stacking Estimator(estimator=GaussianNB())),
(‘decisiontreeclassifier’,
DecisionTreeClassifier(criterion= ‘entropys max._depth=9,
min_samples_leaf=3, min_samples=split=7,
random_state=42))])

Regarding the two baseline approaches, support vector machine (SVM) is a supervised approach which
is constructed from a unique learning,algoérithm that extracts training vectors that lie closest to the class
boundary and makes use of them to/Construct a decision boundary that optimally separates the different
classes of data) [9]. Results from yarious studies have shown that SVM offers a lower misclassification rate,
higher correct detection rate, Jower false alarm rate and slightly faster detection time than other models
in traffic incident detection‘{63]: An Autoencoder is a generative unsupervised deep learning algorithm
used for reconstructing high-dimensional input data using a neural network with a narrow bottleneck layer
in the middle which contains the latent representation of the input data. It consists of an Encoder and a
Decoder. The Autoencoder accepts high-dimensional input data, compress it down to the latent-space
representation in the bottleneck hidden layer; the Decoder takes the latent representation of the data as
an input to reconstruct the original input data. Therefore, Autoencoders have been used for Anomaly
Detection tasks (for instance [64,65]), by comparing the output from the Decoder and the input to the
Network and using a threshold, either manually set or learnt from the data itself. If the loss value exceeds
the threshold, then the instance is categorised or classified as an anomaly.

5.4. Discussion of results and comparison between different urban environments

The results of our experiments show variability among the different techniques applied, underscoring
the necessity for more in-depth research. It is pertinent to note that the labeled incidents were limited to

%hitps://tu-dresden.de/bu/verkehr/veranstaltungen/mfts-2022




498
499
500

502
503
504
505
506
507
508
509
510
511
512
513
514
515
516
517
518
519
520
521
522
523
524
525
526
527
528
529
530
531
532
533
534
535
536
537
538
539
540

541

542
543

Galley Proof 28/03/2024; 16:28 File: idt—1-1dt240231.tex; BOKCTP/yn p. 18

the network’s visible areas, which has a significant impact on the false positive rate. It remains uncertain
whether false positives are attributable to incidents that were undetected by the data provider (hence, an
incident did occur but was not labeled) or if they are genuinely incorrect predictions by the algorithm.
\Additionally, it is important to bear in mind that the dataset used for evaluation was structured into five-
minute intervals for algorithmic processing. Consequently, in calculating precision, a true positive is only]
recognized when an event is detected at the precise timestamp it was recorded.

In this light, among the algorithms tested, for the Athens dataset, we observe significant performance
superiority of our approach compared to the baseline methods. On the other hand, while the Isolation
Forest algorithm demonstrated a satisfactory recall, its precision was notably poor, leading to a substantial
quantity of false positives that adversely affected the resulting F1-score. Aimsun’s model, despite displaying
relatively low performance on a per-timestamp basis, showed improved outcomes when evaluated on an
event-based approach, considering a 15-minute window around the labeled incident. Within this framework,
our analysis for the month of May 2021 identified 11 out of 15 events, achieving a recall rate of 73%. This
level of recall is deemed satisfactory for the detection of non-recurrent events.

For the Antwerp dataset, among the algorithms tested, the Support Vector Machine (SVM) emerged as
the most effective technique, showing both high precision and recall. Thesewesults are consistent with the
findings reported in the literature, which indicate that SVM tends to excelyin scenarios where a labeled
incidents dataset is used, due to its supervised learning characteristics [66,27]. Nonetheless, it’s important
to consider that this method may be prone to overfitting and couldpotentially lack the ability to generalize
to new, unseen data. On the other hand, the Autoencoder achieved.high levels of recall but did not perform
as well with regards to the precision metric

All in all, one of the limitation of our analysis in both ¢ases is the fact that these techniques are bound
to produce a high number of false positives as shown’by, the precision results, thus the concept of false
positives is hard to really assess in the incident detection task due to possible blind spots in the network
which remain undetected. It is evident that each eity presented unique challenges and outcomes in incident
detection. In Athens, our approach outperformed baseline methods in terms of all the established metrics.
Conversely, in Antwerp, the SVM algorithm, was superior in terms of F1-score and recall, but at the same
time, our approach outperformed it regarding precision metric. The Autoencoder, while achieving high
recall, fell short on precision and, like in,Athens, the discernment of false positives was complicated by
potential blind spots in data coverage./These variations underscore the necessity for tailored algorithmic
strategies and the considerationf/local data specificities in incident detection across different urban
environments.

Lastly, It is important(to\récognize that while AutoML aims to streamline and optimize the model
selection and training proeess, it does not negate the value of understanding specific ML techniques’
performance in targeted  applications. Our comparison seeks to highlight how our AutoML-powered
approach stand against manually tuned and selected models in the specific domain of incident detection
using loop detector data, emphasizing the efficacy, adaptability, and performance in real-world scenarios.

However, we acknowledge that our evaluation primarily focuses on conventional metrics such as
precision, recall, and F1-score. While these metrics provide valuable insights into the models’ performance
in detecting incidents accurately, they do not fully encapsulate the operational context within which
these detection models are deployed. Factors such as the mean time to detect an incident, the speed of
propagation of detected incidents, and the practical implications of false positives and false negatives on
traffic management and response strategies are not directly addressed in this paper.

5.5. Limitations

Our research acknowledges certain constraints, particularly in data collection and processing. Limitations
arise from the manual registration of incidents by operators, potentially leading to omissions or timing
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inaccuracies in the dataset. Consequently, such discrepancies can significantly skew the performance
evaluation of our algorithms. The filtering process specifically for the Athens labelled incidents’ dataset is
susceptible to errors, and despite being informed by stakeholder operator expertise, the risk of overlooking
significant incidents cannot be ignored. Additionally, the decision to format the evaluation dataset in
S-minute intervals may seriously have affected the precision metric, as it requires the detection of events at
their exact recorded timestamps.

Moreover, our analysis is contingent upon the quality of the input datasets and their respective reliability,
and more specifically on the measurements of the detectors, and the accuracy and completeness of incident
reporting, the basis of our evaluation. False positives within our model outcomes may not solely represent
algorithmic inaccuracies but could also reflect events unlabelled due to visibility issues within the network’s
coverage. The reliance on a single data source, CCTV footage, limits our ability to comprehensively capture
all incidents, suggesting that incorporating diverse data types could enhance detection and reduce false
positives. The challenge of accurately determining false positives due to potential network blind spots
is recognized and underscores the need for a multifaceted approach in future réSearch to mitigate such
issues. One way to decrease the false alerts generated is to incorporate various types,of data, such as CCTV
cameras which is also the vision of our work for the future, to train the algoxsithms. Despite the abundance
of available data and the advanced capabilities of machine learning algorithms, only a limited number off
studies have effectively utilized the combination of multiple data sources; as'stated by the review conducted
by Kashinath et al. [67].

Lastly, we recognizethat our paper’s scope is limited by itssfocus on immediate detection metrics
(precision, recall and f1-score), which, while crucial, do not encompass the broader operational implications
of deploying such technologies in real-world traffic management systems. As such, we propose that future
work should extend beyond traditional performance metriesto evaluate AutoML and other ML techniques
within the context of their downstream applications: Specifically, research should explore the operationall
impact of these detection technologies, includingjtheir effect on mean time to detect incidents, the
propagation speed of detected incidents through traffic networks, and their integration into comprehensive
traffic management strategies. Such an approachiwill provide a more holistic understanding of the value and
limitations of AutoML and other ML techhiques in traffic incident detection, guiding both technological
development and strategic implementatien in this critical domain.

6. Conclusions

This study presented-a novel automated approach designed to enhance predictive quality in automatic
traffic incident detection.using Automated Machine Learning (AutoML). Our proposed system minimizes
human intervention by utilizing AutoML algorithms to dynamically optimize prediction models regarding
the early detection of incidents. The reduced need for manual model construction allows data analysts to
focus on case-specific requirements and interpretive tasks. This paper delved into the benefits of AutoML
in traffic incident detection, while a comparative analysis was conducted to determine how AutoML results
differ from traditional baseline ML approaches in both Athens and Antwerp use cases, and the experimental
results have affirmed the efficacy and superior performance of our methodology.

Incorporating AutoML into the automatic incident detection process presents an opportunity to signifi-
cantly enhance predictive accuracy and operational efficiency. Based on our conducted work, in addition to
the lessons learnt and gaps identified, we hereby shortly present our recommendations for data scientists
and/or machine learning engineers interested in applying AutoML in the domain of transportation and
specificallty incident detection. The selection of an appropriate AutoML platform should be meticulously|
aligned with the specific demands of the task, while preprocessing and ensuring the quality of data form
the foundation for reliable model training, while special attention must be given to the challenge pose
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by imbalanced datasets encountered in this task. Furthermore, the AutoML system must be capable of
conducting extensive model experimentation and hyperparameter optimization to ascertain the most suit-
able predictive model. Feature engineering and selection, facilitated by AutoML, can uncover influential
predictors that may otherwise be overlooked. An open issue in the field of AutoML is the fact that most
algorithms focus on solving a specific task at hand. Thus, a future direction could be that a high-quality
IAutoML system should have the capability of lifelong learning, i.e., it should be able to: (1) efficiently
learn new data and (2) remember old knowledge [68], thus adapting to new patterns and anomalies as
they emerge, ensuring the model remains current and accurate over time. Additionally, scalability and
performance considerations ensure that the system can grow and respond swiftly as data volume escalates.
Last but not least, seamless integration with existing systems is vital to facilitate smooth operations and
sustain the flow of insights derived from the AutoML-powered incident detection system.

As AutoML continues to refine its automated processes, its capacity for customization and integration off
domain-specific constraints is expected to expand, offering vast potential in predictive analytics. Future
work is set to explore integrating advanced feature-engineering techniques and ‘domain knowledge to
further enhance the model’s performance within the context of incident detection and extend the set of
performance metrics beyond the traditional ones, with the goal of enhancing, the’set of guidelines already
provided for its future application in this critical domain. This paper contributes to the field of intelligent
traffic systems by demonstrating the efficacy of AutoML in improving-utban traffic management, while the
findings underscore the versatility and effectiveness of AutoML in, incident detection, setting the stage for
its application as a transformative tool in urban centers worldwide.
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