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ABSTRACT

Task demand is the objective complexity of the task and arises ouboflanation of features of
the environment, the behavior of other road users, control and performance characteristics of the vehicle
On the other handpping capacity refers to the ability of drivers and road systems to manage and respond
effectively tovarious challenges and stressful situations encountered while difiegaim of this study
was to identify crucial indicators of task complexity and coping capacity associated with crash risk through
machine learning techniques. Towards that end, data & onAroad driving experiment (involving 135
drivers) along with data from a simulator experiment (involving 55 drivers) eglected andinalysed.
In order to fulfill these objectivesa feature importance algorithm extracted from Extreme Gradient
Boosting (XGBoost) was used to evaluate the significance of variables on forecastirgdgifidnally, a
Neural Network model was implemented for réale data prediction, taking into account the most
important and significant risk indicators. Furtherma@aepomprehensive assessment of the performance of
three machine learning classifiers (i.e. Decision Trees, Random ForestdNaadelst Neighbors) across
two distinct datasets (i.e. emwad and simulator experiment dataset) was performed to predide$dlz
for headwayResults indicated that RF model outperformed the DT and kNN models across all metrics,
making it the most effective for predicting headweith accuracy up t®0% It was also revealed that
Neural Networkslemonstrated that the level 8TZ can be predicted with an exceptional accuracy of up
to 89.8%.

Keywords: Task Complexity, Coping Capacit®n-RoadExperiment, Simulator Experiment, Machine
Learning.
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INTRODUCTION

The driving task can be characterised t he oO0dynamic control task i
relevant information from a vast array of mainly visual inputs to make decisions and execute appropriate
control responsesd and oO6drivers execudtiamsoghtheanned

unfolding road, pedestrian and traffic scenario in front of them and the reality that they actually@®bserve

. Thus, it is partly determined by exogenous fac

perception, planningral execution abilities.

Task complexity is related to the current status of thewedd context in which a vehicle is being
operated. Since this context is consistent of various individual elements which, together, determine the
complexity of the taskimposed on the vehicle operator, a mditnensional approach in further
operationalizing this concept is adopted.

Learning to drive demands a lot of practice before expert levels are reached. To begin with, task
complexity is determined by goals that bdw be reached by performar({2e 3. The driving task is partly
determined by the demands of the road environment, traffic restrictions, weather conditions and time of the
day or locatior(4). However, the complexity of the driving task is also assatiatth driver performance,
such as harsh events, driving speeds and following distances or exposure indicators, such as distance
travelled and total duration.

What the driver brings to the problem of manadg
upper i mit of competence and their momentary ca

attainment in the range of skills broadly described as roadcraft, a concept which includes control skills, the
ability to read the road (i.e. hazard deitmetand recognition), and anticipatory and defensive driving skills.
Secondly, capability refers to the momentary ability of the driver to deliver their level of competence. It
refers to what the driver actually is able to do at any given moment. Thiectigst is roughly equivalent

to one made in different terms by previstsdies5).

Copingcapacity referso the ability of drivers and road systems to manage and respond effectively
to various challenges and stressful situations encountered while driving. This includes the resources, skills
and strategies that drivers, vehicles, and infrastructure emplegsiare safe and efficient travel. This
concept is dependent upon two underlying factors and it consists of several aspects of both vehicle and
operator state. These are also mdilthensional in nature.

The i-DREAMS project, funded by the European Commission Horizon 2020 initiative, aims to
address these challenges by establishing, developing, testing, and validating a 'Safety Tolerance Zone
(STZ) to ensure safe drivg behavior. By continuously monitoring risk factors associated with task
complexity (e.g., traffic conditions and weather) and coping capacity (e.g., driver's mental state, driving
behavior, and vehicle status)PREAMS aims to determine the appropri¢égel within the STZ and
implement interventions to maintain drivers' operations within acceptable safety limits. The STZ comprises
three levels: 'Normal', '‘Dangerous’, and 'Avoidable Accident'. The 'Normal' level indicates a low likelihood
of a crash, wié the 'Dangerous' level suggests an increased possibility of a crash without inevitability. The
'‘Avoidable Accident' level signifies a high probability of a crash, but it also allows sufficient time for drivers
to take action and prevent it.

Taking all he aforementioned into account, the aim of this study was to identifjal indicators
of task complexity and coping capacity associated with crash risk through machine learning techniques
comparativeassessment betweenroad and simulator dateasprovided. Towards that endiata collected
from an onroad driving experiment (involving 135 drivers) along with data collected from a simulator
experiment (involving 55 drivers) were analysed.


https://idreamsproject.eu/
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In order to fulfill these objectives,feature importance atysis (e.g. XGBoostyas implemented
in order to evaluate the significance of various variables in forecasting STZ levels in terms of headway.
This approach allowed for the selection of the most appropriate independent variables, ensuring that the
most irfluential factors were identified and prioritized in the analyBieen,machine learning analysis (e.g.
Neural Networks)was appliedto make accurate and dateven predictions by identifying complex
patterns between task complexity and coping capagitycrash risk. Furthermore, a comprehensive
assessment of the performance of three machine learning classifiers (i.e. Decision Trees, Random Forests
and kNearest Neighbors) acrogsbe abovementionedlistinct datasets (i.e. emvad and simulator
experiment datasetyasperformed to predict STZ levels for headway.

The paper is structured in the following manrférstly, a general overview of motivation and
objectivesis highlighted.Then, the collectin process (i.e. eroad and simulator experiments) and the
processing of the dataset are descrifdek research methodology is outlined, including the explanantion
of collecting the data and the theoretical foundations of the underlying models emplogéy, the results
of the study are presented, followed by significant conclusions regarding the relationship between key
factors of task complexity and coping capacity on risk.

THE EXPERIMENTS

To begin with, lhe participant selection criteria for bath-road and simulator experiments required
drivers to have at least 10,000 km annual mileage, be at least 18 years old, hold a valid driving license and
vehicle insurance, and be mentally fit to drive. Gender representation aimed for at least 40%ever gend
with a preference for equal division. @oad trials additionally required participants to have a mixed
driving pattern with at least 20% exposure to urban, rural and highway environments.

On-road experiment

For the purpose of this analys@onroad driving experiment was carried out involving 135 car
drivers (with total duration of 4 months) and a large database of 31,954 trips was collected and. analysed
Themost prominent driving behavior indicators, including speeding, headway, durétanceé and harsh
eventswere assessed.

With regards to the eroad experiment, the field trials were structured into four phases, as depicted
in Figure 1. In particular,Phase 1 served as a reference period where driving behavior was monitored
without any interventions. Phase 2 involved a period of monitoring where onliimealvarnings from
Advanced Driver Assistance Systems (ADAre provided inside the vehicle.phase 3, these-vehicle
warnings were supplemented with feedback delivered via a smartphone app, while phase 4 introduced
gamification features in the app, supported by a web dashboard.
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4 weeks 4 weeks 4 weeks 6 weeks
No intervention real-time intervention real-time intervention real-time intervention
+ app + app & dashboard
(feedback) (feedback +

\_ J L J \ / gamification)

Figure 1 Four phases of the on-road experiment
Simulator experiment

Supplementary to the envad experimentsimulator driving experiment was carried out involving
55 drivers(with total duration of 2 months) and a database consisting of 165 trips (55 dri¥ehsving
scenarios) was createthe simulator trials consisted of three phases, as shoWwiyire 2. Two practice
scenarios were developed for all participants in order to become familiarised with the simulator, each one
with a total duration of A0 minutes. The first practice scenario did not contain traffic situations. In this
way, participants becamacquainted with driving through a scenario (e.g. visual environment, use of the
mock-up). The second practice scenario contained traffic situations (e.g. intersection with a stop sign)
requiring the execution of simple manoeuvres in order to become acqreainted with the driving
simulator (e.g. use of pedals, steering wheel to manage safety margins while driving).

15 minutes 15 minutes I1t5 mim:'tes

No interventions Interventions nerventions
fixed timing with a condition
\. R ™ Yy, variable timing

Figure 2 Three scenarios of the simulator experiment

The intervention drives then followed using a series of -higlh scenarios. The egpmental
scenarios focused on speeding, headway and fatigue as a modifying condition. Risk factors were
investigated through a series of risky events tested during theldriréve 2, and drive3 scenarios. In
total, the trials consisted of three-frtbnute drives, including a baseline monitoring scenario followed by
two intervention scenarios, one with fixed timing warnings and one with variable timing warnings and the
inclusion of a condition (i.e. fatigue). There was a break between the two intenv&eeitarios. If, for any
logistical reason, the break was extended, for example, if session 1 and session 2 were conducted on
different days, or if a break was required between scenarios, a practice drive was completed if needed to
ensure participants were-familiarized. In addition, the order of sessions, scenarios, and events within
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trials was randomized. Simulation sickness is an important consideration when conducting simulator trials.
Therefore, participants were screened for sickness throughousintiogator trials, and the trials were
stopped if symptoms of simulation sickness were apparent, or the participant reported feeling unwell.

A custom car simulator developed byDriveSimSolutionavas designedas shown irFigure 3.
The simulator is based on a Peugeot 206 and uses many Original Equipment Manufacturer (OEM) parts,
such as the complete dashboard, a working instrumenechred driving seat to recreate the cockpit of the
actual vehicle. The simulator uses fully customizable STISIM Drive 3 software, allowing for creation of
custom scenarios and data collection at every simulation update frame. It is also visualizeglen a tri
monitor setup consisting of three 49 inch 4K monitors, providing an 135° field of view.

Figure 3 Car simulator developed by DriveSimSolutions, using OEM Peugeot 206 parts

Figure 4 depicts an overview of an intersection in STISIM Drive 3 for an example of a road
environment.


https://drivesimsolutions.com/
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Figure 4 Example of an intersection in STISIM Drive 3

Participants were also requested to fill in a driving behavior questionnaire in order to gather
comprehensive data on various aspects of driving, stemeographic background, safety attitudes and
psychology. More specifically, the questionnaire included personal and vehicle details, current use of and
opinions on different ADAS, driving style andrd@ence, opinions on driving and safety, sedsessment
of dr i wakingboehaviors,hiktory of crashes and traffic violations, fatigue and sleepiness during
driving, and health and medical conditions.

Overview of the variables used

A vast libray of data from orroad and simulator experiments was created in order to investigate
the most prominent driving behavior indicators available. From task complexity, the variables used were
time indicator and wipers, for coping capadityehicle state, thenost appropriate indicators found to be
fuel type, vehicle age and gearbox, while for coping capéadityerator state, the performance measures
included speeding, headway, overtaking, duration, distance and harsh events (i.e. harsh acceleration and
harshbraking), gender and age.

METHODS
Neural Networks (NNs)

Neural Networks (NNs) represent a powerful computational model capable of capturing complex
nortlinear patterns within datasgt). These networks emulate the parallel processing of huneamns
and are commonly employed in classification tasks. The architecture used, known as thayenulti
perceptron NN, is composed of three essential layers: an input layer, one or more hidden layers, and an
output layer. In the context of analysingksidriving behavior, the input layer functions as the initial data
receiver, encompassing various driving attributes, like vehicle speed, acceleration and headway.

The hidden layer, featuring a variable number of neurons, conducts computations by @pmbinin
weighted inputs from these attributes. Each neuron in the hidden layer is equipped with an activation
function, introducing the necessary Harearity to the model. This nelinearity is crucial for capturing



O©CoOoO~NOoOOThWNPEF

Michelaraki E et al.

intricate patterns and relationships betwésse attributes and the target variable, which, in this work,
pertains to different levels of risky driving behavior. The determination of the number of neurons in the
hidden layer often involves experimentation, as it significantly impacts the aets kapacity to learn and
generalise. Simple problems may require just one hidden layer, whereas more complex tasks might demand
multiple hidden layersvioving to the output layer, it serves as the central hub for consolidating information
from the hidden n&rons to generate the final output of the network. In the context of this classification task
regarding risky driving behavior, the output layer includes multiple neurons, each corresponding to distinct
classes or levels of risk.

Decision Trees (DTs)

Decision Tree (DT) is a supervised learning technique used for both classification and regression
problems, although they are most commonly preferred for solving classification problems. The algorithm
is structured as a tree, where internal nodes représefaatures of a dataset, branches represent decision
rules, and each leaf node represents an out€@mA DT consists of two types of nodes: decision nodes
and leaf nodes. Decision nodes are used to make decisions and have multiple branches, Winedes lea
represent the output of those decisions and do not contain any further b@hches

The DT provides a graphical representation for getting all the possible solutions to a problem or
decision based on given conditions. It is called a decisienbteeause it starts with the root node, which
expands into further branches, constructing altkesstructure. A decision tree simply asks a question, and
based on the answer (Yes/No), it further splits the tree into subtrees. The tree splits byugestinogjat
each node, where the answer (typically yes or no) determines the next branch to follow. This splitting
continues until a stopping criterion is met, such as all data points in a node belonging to the same class or
reaching a prelefined depth othe tree.

In particular, the root node is where the decision tree begins. It represents the entire dataset, which
is then divided into two or more homogeneous sets. The leaf nodes are the final output nodes, and the tree
cannot be further divided onderéaches a leaf node. Splitting is the process of dividing the decision node
or root node into subodes based on given conditions. A branch orteebis formed by splitting the tree
into smaller sections.

Random Forests (RFs)

Random Forest (RF) is @owerful tree learning technique in machine learning. It combines the
output of multiple decision trees to reach a single result. Its ease of use and flexibility have led to widespread
adoption, as it effectively handles both classification and regregsaiems(9). Ensemble learning
methods, like RFs, are composed of a set of classifiers, such as DTs, whose predictions are aggregated to
identify the most popular result. The most wealbwn ensemble methods include bagging, also known as
bootstrap aggregation anddsing.

In RF, each tree is constructed using a random subset of the data set to measure a random subset of
features in each partition. This randomness introduces variability among individual trees, reducing the risk
of overfitting and improving overajprediction performance. In prediction, the algorithm aggregates the
results of all trees, either by voting (for classification tasks) or by averaging (for regression tasks) This
collaborative decisioimnaking process, supported by multiple trees with theights, provides an example
stable and precise results. RFs are widely used for classification and regression functions, which are known
for their ability to handle complex data, reduce overfitting, and provide reliable forecasts in different
environmens.
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Breiman(10) introduced the bagging method, where a random sample of data in a training set is
selected with replacement, allowing individual data points to be chosen more than once. After generating
several data samples, these models are trained independently. iDgpendhe task, regression or
classification, the average or majority of these predictions yields a more accurate estimate. This approach
is commonly used to reduce variance within a noisy dataset.

K-Nearest Neighbors (KNNs)

The kNearest Neighbors (kNNalgorithm is a popular machine learning technique also used for
classification and regression tasks. It relies on the idea that similar data points tend to have similar labels
or values. During the training phase, the kNN algorithm stores the entiimdraiataset as a reference.
When making predictions, it calculates the distance between the two points of the input data and all the
training examples, using a chosen distance metric.

In the case of classification, the algorithm assigns the most comiass label among the K
Neighbors as the predicted label for the input data point. As per regression, it calculates the average or
weighted average of the target values of the K Neighbors to predict the value for the input data point. It
should be noted thahe kNN algorithm is straightforward and easy to understand, making it a popular
choice in various domains. However, its performance can be affected by the choice of K and the distance
metric, so careful parameter tuning is necessary for optimal results.

The accuracy of the kNN algorithm can be severely degraded by the presence of noisy or irrelevant
features, or if the feature scales are not consistent with their importance. Much research effort has been put
into selecting or scaling features to impralassification. A particularly popular approach is the use of
evolutionary algorithms to optimize feature scalftd).

Model evaluation metrics

In order to compare the classification performance of the several configuratehestablished
model evaluatiormetrics were calculated. The following metrics were utilized, basethe confusion
matrix, which provides True Positive (TP), True Negative (TN), False Positive (FP) and False Negative
(FN) metrics. The classificatiorgmrithmswereevaluated using thaccuracy, precision, recall,-Ecore,
and false alarm rate defined below.

Accuracy, which represents the proportion of correctly classified observations, is defined as:
B OOOT ere—— 1)

Precision, which quantifies the number of positive class predictions that actually belong to the
positive class, is defined as follows:

01 QOQi &t 2)
Recall, also known as True Positive Rate, is definddlasvs:
YQOO&— (3)

F1-score, which combines precision and recall into a single measure, is defined as follows:

10
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P i 0Eil @ (4)

False alarm rates defined as follows:
"OMad DIYD O O—— (5)

RESULTS

The structure methodology along with the proposed characteristics to estimate the STZ headway is
depicted inFigure 5.

{ Dependent Variable: Headway }

| \ ‘ , |

headway < 2 sec
{ headway > 2 sec [ & headway > 1.4 sec J headway < 1.4 sec J

Class 1: Normal phase Class 2: Dangerous phase Class 3: Avoidable Accident phase
STZ=0 STZ=1 STZ=2

A

A feature importance algorithm extracted from XGBoost was used
to evaluate the significance of variables on forecasting STZ

l

Machine learning algorithms and Neural
Networks were developed to predict STZ level

|

Classification metrics
accuracy, recall, precision, false alarm rate, F1-score

Figure 5 Proposed methodology for the definition of the STZ headway
On-road driving analyses

A feature importance algorithm derived from Extreme Gradient Boosting (XGBoost) was
implemented in order to evaluate the significance of various variabfesetasting STZ. This approach
allowed for the selection of the most appropriate independent variables, ensuring that the most influential
factors were identified and prioritized in the analysis.

It was revealed that duration, average speed, vehicletiage jndicator, overtaking, gearbox,
forward collision warning and car wipers found to be the most influential factors among all examined
indicators. Conversely, parameters such as pedestrian collision warning, harsh events (i.e. harsh
acceleration and hsin braking) and gender were less significant. Lastly, variables related to distance
travelled and fuel type had a negligible impact on STZ headkigyre 6 provides an overview of the
feature importance of independent variables for headway based on XGRmothm.

11
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Feature Importance

grpby_seconds

GPS_spd_mean

VehicleAge
ME_AWS_time_indicator_median
iDreams_Overtaking_Map_level_0_sum
Gearbox

ME_AWS_fcw_mean

Feature

ME_Car_wipers_median
ME_AWS_pcw_mean
DrivingEvents_Map_evt_ha_mean
DrivingEvents_Map_evt_hb_mean

Gender

GPS_distances_sum

Fuel_type

w

1000 1500

o
4

o
=]

Importance

Figure 6 XGBoost feature importance of independent variables for headway

Based on the feature importance and the significance of the relevant inded&teset of 998,358
rows from the ofroad experiment was used and a fé@wvard multilayer perceptron NN model was
implementedThere were ten neurons in the input layer (i.e. distance travelled, duration, headway, harsh
acceleration, harsh braking, tirmglicator, gearbox, fuel type, gender and wipers) and three neurons in the
output layer (i.e. STZ1, STZ2, STZ3), as showkrigure 7. It should be noted that STZ1 headway refers
to normal phase, STZ2 headway refers to danger phase, while STZ3 headveaip rafeidable accident
phase.

The model was run with deep neural networks, making use of two hidden layers (represented by
circles in the middle of the diagram) where the computations take place. Each hidden layer node receives
inputs from the previoukyer, processes them, and passes the output to the next layer. The connections
between nodes have weights (shown as numbers on the connecting lines), which are adjusted during training
to minimize prediction error. In addition, weights represent thegttnesf the connection between nodes.
Positive weights (black lines) indicate a positive influence, while negative weights (blue lines) indicate a
negative influence on the connected no&ggure 7 illustrates the NN model used to predict Sieadway
basedn various input features.

12
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GPS_spd_mean

‘O STZ1 headwa

VehicleAge
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STZ3 headway
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Figure 7 The multi-layer Neural Network model layout for STZ headway — on-road experiment

Based on the confusion matrix calculated, the variable STZ headway holds the result of dividing
the sum of True Positives and TiNegatives over the sum of all values in the matrix. The data were split
into 80% train and 20% test in order to evaluate the models. The confusion matrix illustrates the

©O©Oo0O~NO O WNE

classification performance for three classes: class 0 (normal level), class 1 (darigeet), and class 2
(avoidable accident level), as showrFigure 8. The model correctly classified 8,343 instances (31.75%)

in the normal phase, 6,129 instances (23.33%) in the dangerous phase, and 6,986 instances (26.59%) in the
avoidable accident pise. Misclassifications include 1,397 instances (5.32%) in the normal phase
misclassified as dangerous, and 642 instances (2.44%) as avoidable accidents. For the dangerous phase,

1,284 instances (4.89%) were misclassified as normal, and 214 (0.81%) @debkv@iccidents. In the

avoidable accident phase, 570 instances (2.17%) were misclassified as normal, and 711 instances (2.71%)
as dangerous. Overall, the model shows a reasonable performance, with the highest accuracy in the normal

and avoidable accidephases.

13
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Confusion Matrix

1397 642
(5.32%) (2.44%)

Freq
8000

214 - 6000
(0.81%)

1284

(4.89%) 4000

True Class

2000

570 711
(2.17%) (2.71%)

0 1 2
Predicted Class

Figure 8 Confusion matrix for the test dataset for Neural Networks — headway

Table 1 provides the assessment of classification model for headway. Focusing on the results of
all classes combined, the classifiers achieve 81.7% accuracy, 80.8%o0me83.4% recall and an £1
score of 81.9%. The overall accuracy indicates that the model is 81.7% accurate in making correct
predictions. The precision of 80.8% shows that the model is highly accurate regarding positive samples.
The recall of 83.4% deomstrates the model's ability to detect safatiical classes (i.e., "dangerous" and
"avoidable accident") effectively. It should be noted that normal driving comprised the majority of the data,
predicted with 86.3% accuracy, 84.5% precision and 89.X#lr&he dangerous driving classification
showed 80.5% precision and 81.8% recall, while the avoidable accident phase presented the lowest rates,
with 80.3% precision and 74.4% recall. Overall, these findings indicate that the NN model can adequately
predct the STZ for headway.

TABLE 1 Evaluation metrics for NN for headway

Model Fit measures 0 1 2 Total
Accuracy 0.863 0.852 0.819 0.817
Precision 0.845 0.805 0.803 0.808
Recall 0.891 0.818 0.744 0.834
F1 Score 0.867 0.811 0.773 0.819
False alarm rate 0.317 0.413 0.348 0.392

*Q refers to normal phase, 1 refers to dangerous phase, 2 refers to avoidable accident phase

Table 2 presents the evaluation metrics for each level of headway (0: normal, 1: dangerous, 2:
avoidable accident) along with thetal values. The comparison of classification models (DT, RF, kNN)
for predicting headway reveals key differences in performance metrics across three phases (0: normal, 1:
dangerous, and 2: avoidable accident). The RF model outperforms the othersng¢hetiighest overall
accuracy (86.9%), precision (88.7%), recall (90.7%), and F1 score (85.5%). The DT model shows moderate
performance, with an overall accuracy of 84.4%, precision of 84.6%, recall of 85.6%, and F1 score of
83.8%. The kNN model has ttmvest performance, with an overall accuracy of 78.4%, precision of 72.0%,
recall of 74.9%, and F1 score of 71.7%. These results highlight that RF is the most effective classifier for
predicting headway, followed by DT, with KNN being the least effective.

14
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TABLE 2 Evaluation metrics for classification models for headway

Model Fit measures | 0 | 1| 2 | Total

Accuracy

DT 0.858 0.847 0.826 0.844

RF 0.890 0.867 0.849 0.869

kNN 0.817 0.784 0.751 0.784
Precision

DT 0.842 0.871 0.841 0.846

RF 0.903 0.888 0.852 0.887

kNN 0.787 0.737 0.716 0.720

Recall

DT 0.897 0.857 0.801 0.856

RF 0.936 0.875 0.861 0.907

kNN 0.772 0.746 0.697 0.749
F1 Score

DT 0.863 0.846 0.817 0.838

RF 0.879 0.857 0.828 0.855

kNN 0.752 0.734 0.693 0.717

*0 refers to normaphase, 1 refers to dangerous phase, 2 refers to avoidable accident phase

Figure 9 presents the comparison of classifier metrics of the three machine learning techniques for
headway. In summary, RF exhibits the best performance, leadingunacy, precision, and F1 score, while
showing competitive recall scores. DT and kNN show similar performance, though kNN tends to lag
slightly behind in precision.

Comparison of Classifier Metrics for Headway
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Figure 9 Comparison of classifier metrics of machine learning techniques for headway

Simulator analyses

With regards to headway, it was revealed that TTC, average speed, duratiomrandat and
fatigue found to be the most influential factors among all examined indicators. Conversely, parameters such
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1 as LDW was less signifamt, while FCW had a negligible impact on STZ headwayure 10 provides an
2 overview of the feature importance of independent variables for headway based on XGBoost algorithm.

Feature Importance
TTC_mean
Speed_mean
grpby_seconds

HandsOnEvent_mean

Feature

FatigueEvent_median
ME_LaneDepartureWarningActive_mean

ME_ForwardCollisionWarning_mean

0 100 200 300 400 500
Importance

Figure 10 XGBoost feature importance of independent variables for headway

Based on the feature importance and the significance of the relevant indeedtdeset of 745,251
rows from the simulator experiment was used and affmeeard multilayer perceptron NN model was
implementedThe multilayer NN model applied consisted five neurons in the input layer (i.e. TTC,
average speed, duration, haimatisevent and LDW) and three neurons in the output layer (i.e. STZ1, STZ2,
STZ3). It should be noted that STZ1 headway refers to normal phase, STZ2 headway refers to danger phase,
while STZ3 headway refers to avoidable accident phHEse.model was run with deep neural networks,
making use of two hidden layers (represented by circles in the middle of the diagram) where the
computations take place. Positive weights (black linesgatdia positive influence, while negative weights
(blue lines) indicate a negative influence on the connected rieidese 11 illustrates the NN model used
to predict STzheadwaybased on various input features.
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Based on the confusion matrix calculated, the variable STZ headway holds the result of dividing
the sum of True Positives and True Negatives over the sum of all values in the matrix. Thercaomditrso
illustrates the classification performance for three classes: class 0 (normal level), class 1 (dangerous level),
and class 2 (avoidable accident level), as showigare 12.

For the normal class, 408 instances (35.02%) were corrdasgified, while 7 instances (0.6%)
were misclassified as dangerous, and 69 instances (5.92%) as avoidable accidents. In the dangerous class,
334 instances (28.67%) were correctly identified, with 12 instances (1.03%) misclassified as normal and 7
instanes (0.6%) as avoidable accidents. For the avoidable accident class, 266 instances (22.83%) were
correctly classified, while 58 instances (4.98%) were misclassified as normal, and 4 instances (0.34%) as
dangerous. Overall, the model shows reasonable pafmewith the highest accuracy in classifying the
normal phase, despite some misclassifications, particularly between the normal and avoidable accident
phases. The model demonstrates a balanced performance but could improve in distinguishing between
similar classes.

Confusion Matrix

69
(5.92%)
Freq

- 400
7 o 300

(0.6%) 200

12
(1.03%)

True Class

100

58 4 266
(4.98%) (0.34%) (22.83%)

0 1 2
Predicted Class

Figure 12 Confusion matrix for the test dataset for Neural Networks — headway

TABLE 3 Evaluation metrics for NN for headway

Model Fit measures 0 1 2 Total
Accuracy 0.907 0.973 0.915 0.898
Precision 0.876 0.968 0.853 0.912
Recall 0.899 0.946 0.842 0.906
F1 Score 0.887 0.957 0.847 0.899
False alarm rate 0.287 0.114 0.257 0.153

*Q refers to normal phase, 1 refers to dangerous phase, 2 refers to avoidable accident phase

Table 3 provides the assessment of classification model for headway. The overall model metrics
are as follows: an accuracy of 89.8%, precision of 91.2%, recall of 90.6%, F1 score of 89.9%, and a false
alarm rate of 5.3%. The overall accuracy indicates that theeime 89.8% accurate in making correct
predictions. The precision of 91.2% shows that the model is highly accurate regarding positive samples.
The recall of 90.6% demonstrates the model's ability to detect saitdtgl classes (i.e., "dangerous" and
"avoidable accident") effectively. It should be noted that normal driving comprised the majority of the data,
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predicted with 90.7% accuracy, 87.6% precision, and 89.9% recall. The dangerous driving classification
showed 96.8% precision and 94.6% recall, @/thle avoidable accident phase presented the lowest rates,
with 85.3% precision and 84.2% recall.

Similar to the orroad experiment dataset, the same machine learning classifiers, mmEy
and kNN were developed and a comprehensive evaluation of pgeformance was implemented.
Recognizing the limitations posed by the "accuracy paradbg"assessment utilized multiple metrics,
including accuracy, precision, recall, and$€bre, to provide a more reliable evaluation. Given that risky
driving occus less frequently than normal driving, and because classification algorithms typically assume
an equal distribution of samples, the ADASYN technique was employed to address the issue of data
imbalance.

Table 4TABLE 4 presents the evaluation metrics for each level of headway (0: normal, 1:
dangerous, 2: avoidable accident) along with the total values. RF consistently outperforms the other
classifiers, achieving the highest overall accuracy at 90.1%, precision at &n@%] score at 84.7%,
with a solid recall of 84.1%. DT shows moderate performance with an accuracy of 87.1%, precision of
83.0%, recall of 82.6%, and an F1 score of 80.4%, while KNN demonstrates the lowest performance, with
an accuracy of 85.0%, precigiof 76.3%, recall of 78.6%, and an F1 score of 77.9%. These results suggest
that RF is the most effective classifier among the three, followed by DT, with kNN lagging behind.

TABLE 4 Evaluation metrics for classification models for headway

Model Fit measures | 0 | 1 | 2 | Total
Accuracy

DT 0.959 0.846 0.807 0.871

RF 0.961 0.884 0.858 0.901

kNN 0.922 0.833 0.795 0.850
Precision

DT 0.865 0.832 0.826 0.830

RF 0.902 0.887 0.834 0.872

kNN 0.790 0.781 0.707 0.763

Recall

DT 0.835 0.771 0.766 0.826

RF 0.865 0.735 0.704 0.841

kNN 0.795 0.725 0.679 0.786
F1 Score

DT 0.810 0.793 0.780 0.804

RF 0.830 0.849 0.811 0.847

kNN 0.793 0.771 0.752 0.779

*Q refers to normal phase, 1 refers to dangerous phase, 2 refers to avoidable accident phase

Figure 13 presents the comparison of classifier metrics of the three machine learning techniques
for headway. In summary, the RF model outperforms the DT and kNN models across all metrics, making
it the most effective for predicting headway. The DT motieis moderate performance, while the KNN
model consistently has the lowest scores, indicating that it is the least effective for this task.
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Comparison of Classifier Metrics for Headway
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Figure 13 Comparison of classifier metrics of machine learning techniques for headway
DISCUSSION

Within the framework of the machine learning analysigy NNs were conducted for the STZ
headwayprediction. It should be noted that among several machine learning algorithms, NNs proved to be
the best approach for capturing complex relationships ameimsalriving parameters and predicting the
likelihood of potential risks or crashes.

The results of predictive analyses demonstrated that the level of STZ can be predicted with an
exceptional accuracy of up to 89.8%. Additionally, the models exhibitad talse alarm rate, maxing out
at 4%, showcasing their ability to minimise incorrect predictions andegessary alertén the onroad
experiment with regards to STadway the NN exhibited an overall accuracy81f.7% The precision
of 80.8% showethat the model was highly accurate regarding positive samples, while the recall of 83.4%
demonstrated the model's ability to detect safeitycal classesln the simulator experimenthe overall
model metrics were impressive, with an accuracy of 89.8%, precision of 91.2% and recall of 90.6%. These
metrics indicated that the modehshighly accurate in making correct predictions and excels in identifying
positive samples, as evidenceg its high precision. The model's ability to detect satatifcal classes
effectively was also demonstrated by its high recall. This performance suggestedreungdid and
effective predictive capability for headway in the simulator environment.

Overdl, all models showed a reasonable performance with the highest accuracy in the normal
phase, probably due to several key factors. Firstly, normal driving conditions likely constituted the majority
of the training data, providing the model with more exaspb learn from and thus improving its accuracy
for this phase. Additionally, normal driving behavior is generally more consistent and predictable compared
to dangerous or avoidable accident scenarios, making it easier for the model to identify afyd classi
correctly. The lower complexity and less varied nature of normal driving conditions, compared to the erratic
changes often seen in hazardous conditions, further contributed to the model's accuracy. Lastly, the features
and indicators of normal drivingea likely more distinct and less ambiguous than those of dangerous or
avoidable accidents, reducing the chances of misclassification.
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The effectiveness of the NN models in predicting headway levels was encouraging. The high
accuracy, precision, and relcedtes observed demonstrated the potential of these models fovorgl
applications. NN models from the -voad experiment, while strong, presented difficulties in achieving
high precision. As for simulator models, the headway level metrics showdaskd findings, with the
headway incidents having slightly higher results. In addition, in the simulator experiment, the model for
STZ headway showed a balanced performance, with the highest accuracy in classifying the normal phase.
NN models, with theifeedforward structure, offer distinct advantages in capturing patterns within data
and excel at discerning intricate relationships, making it effective when temporal dependencies are not
prominent.

The performance of three machine learning classifiees DT, RF, KNN) across two distinct
datasets (i.e. arpad and simulator experiment dataset) was thoroughly assessed in order to provide insights
into the complex relationship between risk and the interdependence of task complexity and coping capacity.
It is worth noting that these classification models were selected due to their strong performance and
widespread use in the literature for identifying unsafe driving patterns artimeaisk prediction.

The evaluation of the three machine learning diess (DT, RF, kNN) revealed varying
performance across the two datasets. In theoad experiment for STheadway RF exhibited higher
performance, leading in satisfactory accuracy (86.9%) and precision (88.7%), while showing competitive
recall scores90.7%). DT and kNN showed similar performance, though kNN tended to lag slightly behind
in precision.The results from the simulator were similar to those observed in theadrexperiment. In
particular, in the simulator experiment for STZ headway, Rérged as the teperforming model with an
accuracy of 90.1%, demonstrating its ability to accurately classify driving behavior in a controlled
environment. Following the DT model which also performed well scoring a notable 87.1% accuracy.
Regarding kNN moel, they underperformed compared to the other two, displaying a lower weighted
accuracy (85%) and recall (82.6%). Among the different algorithms, RF stranded out with the highest
accuracy of 90% in STZ headway, indicating its ability to accurately cladsifing behaviors in a
controlled environment. RF also achieved a wellnced precision (87.2%) and recall (84.1%),
demonstrating its robustness and versatility.

CONCLUSIONS

The present researandeavoredo identify crucial indicators of task complexity and coping
capacity associated with crash risk through machine learning technyuesmparative assessment
between omroad and simulator data was providéthr that purposedata from an omoad driving
experiment iovolving 135 drivers) along witldata froma simulator experiment (involving 55 drivers)
werecollected andnalysed.

In order to fulfill these objectives, a feature importance analysis (e.g. XGBoost) was implemented
in order to evaluate the significano&various variables in forecasting STZ levels in terms of headway.
This approach allowed for the selection of the most appropriate independent variables, ensuring that the
most influential factors were identified and prioritized in the analysis. Therhinglearning analysis (e.g.

Neural Networks) was applied to make accurate and-diatean predictions by identifying complex
patterns between task complexity and coping capacity on crash risk. Furthermore, a comprehensive
assessment of the performancetiofee machine learning classifiers (i®@T, RF, kNN across the
abovementioned distinct datasets (i.eroad and simulator experiment dataset) was performed to predict
STZ levels for headway.

It was revealed that duration, average speed, vehicle age, time indicator, overtaking, gearbox,

forward collision warning and car wipers found to be the most influential factors among all examined
indicators.NNs demonstrated that the level of STZ can bedrted with an exceptional accuracy of up to
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89.8%.It was revealed thahe model was highly accurate in making correct predictions and excels in
identifying positive samplesThe model's ability to detect safetyitical classes effectively was also
demonstrated by its high recall. This performance suggested aowetled and effective predictive
capability for headway in the simulator environment.

Results indicated th&F modek outperformed the DT and kNN models across all metrics, making
them the most effective for predicting headwayth accuracy up to 90%The DT model showed
satisfactory performance, while the KNN model consistently had the lowest but moderatdrstioegtisg
that it is the least effective for this taskverall the threanachine learning classifiers (DT, RF, kNhgd
insightful results in terms of accuracy, precision and recall. The performance variations observed
underscored the importance of stileg the right model based on data characteristics and preogsiath
tradeoffs, essential for realorld applicationsEvaluating the results of both approaches (i.eraad and
simulator experiment), the RF model emerged as the most efficient loege Tindings are essential for
advancing the understanding of driving behavior across various contexts, ultimately contributing to the
development of safer and more efficient transportation systems.

Despite the robust analytical methodologies employeds crucial to acknowledge certain
limitations of thisstudy.Firstly, one primary limitation of this study is the simulator experimental sample
size of drivers which may impact the generalizability of the findings. While the data collected provided
valuable insights, a larger sample would strengthen the reliability and applicability of the results. Secondly,
although the developed models showcased strength, the integration of deep learning approaches, such as
Recurrent or Convolutional Neural Networks, could have potentially enhanced predictive capabilities.
Moreover, incorporating interpretative machine leagrtechniques like LIME12) alongside SHAP might
have provided additional insights. Moreover, the performance of the KNN model was comparatively lower
than that of the RF model, suggesting the need for additional optimisation and tuning to enhanceoutcome

As per future research directions, the examination of additional methods of analysis could be
applied. In particular, imbalanced learning, factor analysis and models taking into account unobserved
heterogeneity could be explored for the understanditigearelationship between task complexity, coping
capacity and crash risk. Additional methodologies, such as econometric techniques could be also
implemented. Future studies may consider delving into advanced deep learning models, such as Long Short
TermMemory (LSTM), which, based on relevant studies, have demonstrated superior perfolrasihge.
future research endeavours should focus on integrating contextual information such as road infrastructure
or traffic patterns to enhance the accuracy and eplity of the models.
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