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Abstract: This article uses machine learning analysis of wearable sensor data to explore the topic of driver
differentiation. The study focuses on using detailed analyzes of data collected from wearable sensors to identify
patterns that differentiate skilled drivers from inexperienced ones. On a predetermined driving route, participants
experienced a variety of driving conditions, including parking, navigating cities, driving on highways and driving
through residential neighborhoods. The gathered data was analyzed using machine learning techniques, yielding
a classification accuracy of 94% overall. The results highlight important differences in sensor data between
inexperienced and experienced drivers, providing insight into possible uses for improving safety protocols, driver
education, and personalized feedback systems. The article fosters improvements in traffic safety and driver

education by offering insightful information on the link between driver behavior analysis and machine learning.
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1. Introduction

Road safety is a critical issue around the world, and driver errors are the predominant factor in
road accidents. In 2021, 813,169 road accidents were reported in the European Union [1], and 21,322
and 20,936 were reported in Poland in 2022 and 2023, respectively, with an alarming 90.9% attributed
to the actions of drivers [1-3]. This underscores the urgent need to explore the root causes of these
errors and implement effective preventive measures.

A category of strategic errors that contribute significantly to road accidents includes driving in
challenging conditions, operating damaged vehicles, or driving in compromised physical, mental, and
intoxication states [4-6]. Deliberate distractions, such as mobile phone use, further compound the risks
associated with these errors [7-10]. A growing area of research focuses on the discourse surrounding
age limitations for drivers and the development of systems to prevent the exclusion of senior drivers
from road activities[11-14]. These discussions highlight the need for comprehensive approaches to
improve road safety, considering both human factors and technological interventions [15-17].

In response to the imperative of road safety and recognizing the limitations of traditional methods,
researchers have turned to non-invasive techniques to identify factors that may compromise a driver’s
focus [18-21]. Among these techniques, electrooculography (EOG) emerges as a promising method [22].
EOG is a non-invasive approach that monitors eye movements, providing valuable insights into a
driver’s visual attention and cognitive processes during vehicle operation [23-27].

The primary objective of our conducted research was to assess the potential for classifying driving
styles, considering the levels of driver experience and the challenges they face during vehicle operation.
To achieve this, EOG signals were captured using smart glasses, specifically JINS MEME ES_R. Signals
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were collected during driving in various scenarios encountered in real traffic, including different road
conditions and three types of parking [28-32].

The significance of the study lies in its comprehensive examination of various aspects that influ-
ence driving skills. By assessing potential distractors, especially during periods of lost concentration,
the research contributes to a deeper understanding of the complexities associated with driving be-
havior. In the realm of artificial intelligence, a Neural Network was employed for the classification of
driving styles. This approach allows analysis, capturing patterns in signals associated with different
driving behaviors [28-30].

In this study, we seek to contribute to improving road traffic safety in Poland by unraveling the
intricacies of driver behavior [33-35]. By leveraging technologies such as EOG and machine learning
algorithms, we aim to pave the way for effective interventions and strategies that mitigate the risks
associated with driver errors [36-38]. The findings hold implications not only for Poland but can also
inform global efforts to create safer road environments [39-41].

1.1. Related work

In [42], Feng et al. evaluated the association between speeding events and cognitive status among
older male and female drivers. Their findings revealed valuable insights into the impact of cognition and
gender on speeding behavior in the elderly. Various studies contribute to addressing the gap in empirical
research concerning high-range speeding behavior among older drivers, shedding light on the predictors
and characteristics of such events among individuals aged 75-94 years [43—45]. The investigation by
Ludenberg et al. focused on examining the correlation between cognitive impairments, as assessed by
a set of neuropsychological tests, and traffic violations among elderly drivers [46]. In [47], the authors
aimed to explore the correlation between gait speed and cognitive function in older adults, acknowledging
the common decline in both domains with advancing age. This analysis seeks to elucidate potential
preclinical indicators and enhance diagnostic evaluations within this demographic context. A critical gap
in research by investigating the relationship between cognitive and visual function decline and speeding
behavior among older drivers, shedding light on potential self-restrictive driving patterns in response to
functional limitations [48].

The study conducted by Feng et al. involved a naturalistic driving approach, wherein objective
driving data were collected over a two-week period from 36 older drivers with suspected mild
cognitive impairment and 35 older drivers without cognitive impairment. The outcome of interest was
the number of speeding events, defined as traveling 5+ km/h over the posted speed limit for at least
a minute. Most of the participants did not show speeding events during the monitoring period, but
notable differences were observed between older male and female drivers. Interestingly, suspected
mild cognitive impairment was significantly associated with a higher rate of speeding events among
older male drivers.

This finding suggests a possible link between cognitive decline and unsafe driving practices in
this demographic [44,49,50]. In contrast, for older female drivers, no significant factors were identified
to be associated with the rate of speeding events [51-53]. This gender-specific variation highlights the
need for targeted interventions and safety measures tailored to different demographic groups [54,55].
Contrary to the prevalent belief that most participants did not speed during the monitoring period, the
study revealed significant differences, particularly when analyzing the demographic variables of older
male and female drivers. These distinctions became important when placed in the broader context
of research on experienced older drivers and provide detailed insight into the potential influence of
cognitive status on speeding behavior.

This project contributes to the broader academic discourse on older drivers by presenting a
focused examination of the relationship between cognitive impairment and the tendency to speed.
Integrating our findings with existing research on older drivers provides a basis for comparative
analyzes that shed light on potential patterns and differences between drivers with diverse cognitive
profiles within the older demographic group. Such observations make a substantive contribution to
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the ongoing scientific discussion on the interplay of cognitive factors and driving behavior among
older people, especially those with extensive driving experience. The importance of this study lies
not only in its novel insight into the dynamics of speeding behavior among older drivers, but also in
its methodological alignment with prior research, which promotes a coherent narrative in the field of
aging driver research. Comparison with similar studies allows a more detailed understanding of the
complexities associated with cognitive status and its potential consequences on driving performance
among older adults with extensive driving experience.

Aksjonov’s work emphasizes the use of machine learning and fuzzy logic for detecting and
evaluating driver distraction [56]. Similarly, Sun et al. proposed a method for online distraction
detection using kinematic motion models and a multiple model algorithm, focusing on abnormal
driving states induced by distractions [57]. The relevance of these studies lies in the broader context
of improving road safety by understanding and mitigating the factors that lead to unsafe driving
behaviors. Additionally, studies exploring the detection of distracted driving based on physiological
signals, such as EEG, add another dimension to the discourse.

Wang et al. proposed an EEG-based brain-computer interface to detect distracted driving, achiev-
ing an accuracy of approximately 90% in recognizing distracted and concentrated driving epochs [58].
The temporal-spatial deep learning approach for driver distraction detection based on EEG signals
further contributes to the growing body of literature exploring diverse methodologies for identifying
distracted driving behaviors. Similarly, the use of algorithm-based on actigraphy for the evaluation
of sleep in older adults, as demonstrated by Regalia et al., showcases the potential of wearables
and multi-sensor information to monitor various aspects of health and behavior [59]. Other studies
demonstrate the use of smartphones, wearable sensors and machine learning techniques for evaluation
of driver’s state and behavior [60-64].

The literature reveals a consistent relationship between cognitive function and driving perfor-
mance in various age groups, with recent evidence suggesting its relevance for middle-aged drivers,
an area that remains underexplored [65]. This study aims to address this gap by investigating the
association between overall cognitive function and driving behavior in middle-aged drivers, as well as
the specific cognitive domains relevant to driving. Methodologically, 89 drivers aged 25 to 65 years
underwent cognitive evaluations alongside a driving simulator task, with driving performance metrics
that included speeding and lane deviation. Results indicate that overall cognitive function, alongside
specific domains such as mental status, executive function, and memory, significantly predict driving
behavior in this cohort. These findings underscore the importance of cognitive abilities in driving
across the lifespan, although the generalizability of the results may be limited due to the sample’s
predominantly university-based composition, necessitating replication in more representative samples.
Future research should aim to develop comprehensive models that clarify driving performance in all
age groups and traffic psychology domains, noting that in the future, with the advent of autonomous
vehicles, such models may serve as a basis to detect anomalies related to vehicle operation [66-68].

In conclusion, the multiple studies discussed the importance of the driver, including their behavior,
which encompasses factors such as cognitive status, gender, distraction detection, and sleep assessment.
These insights are crucial to the development of advanced driver assistance systems and policies aimed
at improving road safety. Integration of real-time detection systems, as exemplified by Scopus-indexed
research, underscores the importance of leveraging technological advancements to improve road safety.
Future research should continue to explore innovative methodologies and interdisciplinary approaches
to fully address the complexities of driver behavior in diverse populations.

2. Materials and Methods

2.1. Data Acquisition

The research involved two sets of participants: a group of twenty skilled drivers aged between
40 and 68, each having a minimum of ten years of driving experience, and another group consisting
of ten novice drivers aged between 18 and 46, who were currently undergoing driving lessons at a
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driving school. All participants gave their informed consent to participate in the study. According
to Article 39j of the Act on Road Transportation of the Republic of Poland and Chapter 2 of the Act
on Vehicle Drivers of the Republic of Poland, the drivers must undergo a medical examination before
starting driving lessons [69,70]. Thus, we operate under the assumption that participants in the study
group did not have any health conditions that could directly pose a risk while driving [71].

For data acquisition, we decided to use JINS MEME ES_R smart glasses produced by JINS, Inc.
(Tokyo, Japan), which are technologically advanced eyewear that goes beyond traditional eyeglasses
to offer additional functionality. The key features of the glasses include three-point electrooculography
and a six-axis inertial measurement unit (IMU) with an accelerometer and a gyroscope [72]. Glasses,
as a daily accessory, serve as an excellent tool for research while driving, as they allow minimizing the
driver’s distractions regardless of their level of experience. At the same time, glasses equipped with
sensors can capture significant physiological data on eye and head movement, which play a crucial
role in driving activity and provide valuable information on individual driving styles.

The data were recorded during the drive by a third person seated in the rear seat with a sampling
frequency of 100 Hz. Figure 1 presents the experimental setup. Each of the volunteers drove the same
route, including several maneuvers evaluated during the practical driving exam, including parking,
city driving, highway navigation, and passing through a residential area. The route was 28.7 km long
and lasted approximately 75 minutes. A detailed description of the route can be found in [28].

Figure 1. Experimental setup. In the driver’s seat, a driving school student wearing smart glasses. in
the front passenger seat, a driving school teacher. In the back seat, a person collecting the data.

The study adhered to the guidelines outlined in the Declaration of Helsinki of 1975, revised
in 2013, and received approval from the Provincial Police Department in Katowice. The research
protocol, sanctioned by resolution KNW /0022/KB1/18, was approved by the Bioethics Committee
of the Medical University of Silesia in Katowice on 16 October 2018. To maintain confidentiality, the
identities of both learner drivers and experienced drivers were not disclosed, according to agreements
established with the driving school.

2.2. Pre-Processing

The preprocessing of the recorded data involved several steps to enhance the quality and relevance
of the information collected. The raw data was sampled at a frequency of 100 Hz and consisted of ten
channels, including three from the accelerometer (ACC_X, ACC_Y, ACC_Z), three from the gyroscope
(GYRO_X, GYRO_Y, GYRO_Z), and four from the EOG sensor (EOG_L, EOG_R, EOG_H, EOG_V).

The first step of pre-processing was to apply a third-order median filter. Then, a global min-max
normalization was performed by identifying the minimum and maximum values within the entire


https://doi.org/10.20944/preprints202404.1424.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 23 April 2024 d0i:10.20944/preprints202404.1424.v1

50f 15

dataset. Subsequently, we segmented the signals into windows of 100 samples (1 s) with a 50-sample
(0.5 s) stride. The next step involved the calculation of the features for each window. Based on previous
studies [29,32,73], we calculated a vector of the following ten features:

. mean value of a normal distribution fitted to the signal (i),

. standard deviation of a normal distribution fitted to the signal (¢),
minimum value (min),

maximum value (max),

. skewness (skew),

. kurtosis (kurt),

sum of the sample values (area),

. entropy,

. width of the widest peak (w),

. prominence of the widest peak (p).
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Figure 2 visualizes the determination of the aforementioned features.
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(a) Features calculated from the signal (b) Features calculated from signal’s histogram
Figure 2. Visualization of signal features.

For each vector of features, we assigned a class label: 1 for experienced drivers and 2 for inexperi-
enced drivers. These pre-processing operations resulted in a feature matrix comprising 61,927 rows
and 100 features (ten for each of the ten signal channels). Specifically, 37,062 data points were derived
from experienced drivers, while 24,865 were from learner drivers.

To test the importance of the calculated features, we performed one-way analysis of variance
(ANOVA). In this case, for each feature, ANOVA tests the hypothesis that mean values of the specific
feature are equal in two groups (classes). In addition to ANOVA, we performed multiple comparisons
analysis, as pairwise comparisons of the group means with Scheffe’s procedure [74]. The result of the
tests performed are presented in Figure 3.
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Figure 3. Results of the feature importance analysis. Bottom row: ANOVA F-scores, middle row:
p-values associated to ANOVA, top row: p-values associated to multiple comparisons analysis. The
features are sorted according to F-scores descending order. Red line indicates the threshold of p = 0.05.

Analysis reveals that ten features exhibit p-values grater than 0.05 in both the ANOVA and the
multiple comparison test, indicating that their means are statistically equivalent. Consequently, we
will omit these features from further analysis. According to the tests, the remaining features present
significantly different means and can be taken into account for the classification problem.

2.3. Classification

Initially, 10% of the data were set aside for the test set to assess the performance of the model.
Furthermore, data were divided into training and validation sets using a five-fold cross-validation
scheme.

To enhance the classification process, various feature sets were tested for classification. Initial
testing involved 90, 50, 40, 30, 20 and 10 the most important features according to the ANOVA F-scores.
The best results were achieved with the set of 40 features. Specifically, the chosen features were:

¢ ACC_X: y, 7, min, max, area, p;

e ACC_Y: y, 0, min, max, area, p;

e ACC_Z: u, 0, min, max, area, p;

¢ GYRO._Y: ¢, min, max, p;

e EOG_R: y, 0, skew, max, area, w, p;
e EOG_H: y, o, skew, min, area, p;

e EOG_V: y, 0, min, area, p;

We experimented with various configurations of neural networks. The final neural network was
configured as follows:

¢ Number of fully connected layers: 3,

e First layer size: 40,

* Second layer size: 20,

e Third layer size: 2,

¢ Activation function: ReLU (Rectified Linear Unit),
e Jteration limit: 500,

* Validation frequency: 10 iterations.

These hyperparameters were determined by iterative testing to achieve the best classification per-
formance, as well as keeping the computational complexity low. The detailed model architecture is
presented in Figure 4.
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Figure 4. Structure of the deep neural network.
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In addition we chose the LBFGS (Limited-memory Broyden-Fletcher-Goldfarb-Shanno) solver
with cross-entropy loss function. LBFGS is a popular optimization algorithm that is used to solve
unconstrained optimization problems. It operates by iteratively updating the parameters (weights
and biases) of the model in the direction that reduces the value of the objective function. LBFGS
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typically incorporates a line search procedure to determine the step size along the search direction
that minimizes the objective function. Line search ensures that each step taken during optimization is
meaningful and leads to a reduction in the objective function. This algorithm process data in a single
batch.

The selected configuration demonstrated superior results in accurately distinguishing between
experienced and learner drivers based on the feature matrix derived from the pre-processing stage.

Training process lasted for 3 min 44 sec on average per training operation. Figure 5 presents the
averaged learning curves among iterations.
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Figure 5. Average values of accuracy and loss among training iterations.

3. Results

For evaluating the model’s performance, we used the previously prepared test dataset. The
confusion matrix provides a clear visual representation of the outcomes, as illustrated in Figure 6. A
confusion matrix is a visual representation that summarizes the classification results and showcases
the true positive, true negative, false positive, and false negative instances. This matrix provides an
overview of the model’s ability to correctly classify instances and identify misclassifications. In this
case, we present the confusion matrix as an average of values from five learning iterations + standard
deviation.

Predicted class

1 2

1 | 348932 | 189+£32

True class

133+14 | 2381+t14

Figure 6. Confusion matrix on test dataset.
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Table 1 contains the standard performance metrics derived from the confusion matrix. These
metrics include accuracy, precision, recall, and the F1 score, providing a detailed understanding of the
effectiveness of the model to distinguish between experienced and learner drivers.

Table 1. Classification results.

Training iteration =~ Accuracy Recall Specificity —Precision Fl-score = AUC
1 0.9495 0.9481 0.9515 0.9662 0.9570 0.9892

2 0.9422 0.9386 0.9475 0.9632 0.9507 0.9873

3 0.9430 0.9418 0.9447 0.9614 0.9515  0.9870

4 0.9557 0.9579 0.9527 0.9673 0.9626 0.9909

5 0.9499 0.9573 0.9391 0.9584 0.9578 0.9898
Average 0.9480 0.9486 0.9471 0.9633 0.9559  0.9917

Furthermore, in Figure 7, the Receiver Operating Characteristics (ROC) curves are presented
along with the Area Under the Curve (AUC) values. ROC curves illustrate the trade-off between the
true positive rate and the false positive rate across various classification thresholds. AUC quantifies the
overall performance of the classifier, with a higher AUC indicative of better discriminatory capabilities.

,
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Figure 7. Receiver Operating Characteristic (ROC) curves on test dataset.

The combined presentation of the confusion matrix, performance metrics, and ROC curves
provides a comprehensive evaluation of the model’s effectiveness in driver classification, highlighting
its strengths and areas for potential refinement.

The operations were performed on a personal computer equipped with an Intel(R) Core(TM)
i5-9300H CPU running at 2 GHz, 16 GB of RAM (random access memory) and a single 8 GB NVIDIA
GeForce GTX 1650 GPU. Pre-processing, classification and analyses were executed utilizing MATLAB
2023b software with the Deep Learning toolbox. The model underwent training utilizing the “trainnet’
function in MATLAB.
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4. Discussion

The high accuracy rate of 94% achieved in differentiating between experienced and novice drivers
using machine learning analysis of wearable sensor data in real-world conditions is notable. This
proves the robustness and adaptability of the developed classification model, despite the inherent
challenges posed by the unpredictable nature of real-world driving environments. Our ability to
achieve such accuracy highlights the potential of wearable sensor technology coupled with advanced
machine learning techniques to effectively monitor and classify driver behavior.

Our results are slightly higher compared to those reported in Chen et al. [75] study on risk level
recognition in distracted drivers based on video and vehicle sensor data (accuracy of 94% vs. 92%) and
similar to those reported in [76] in four impairments of attention (84.1%-100% correct detection rate vs.
94% accuracy). With our study, we prove that the differences between experienced and inexperienced
drivers lie in eye fixations, as reported by Falkmer and Gregersen in study [77], and head movements.

It is important to acknowledge that while our study demonstrates promising results, there are
limitations to consider. Despite efforts to standardize testing conditions, factors beyond our control,
such as varying road conditions, traffic density, and weather conditions, may have influenced the
accuracy of our classification model. Furthermore, the generalizability of our findings may be limited
by the specific characteristics of the study population and the driving environment.

Moving forward, future research could explore ways to mitigate the impact of external factors on
classification accuracy, such as incorporating real-time data streams and adaptive learning algorithms.
Furthermore, investigating the potential integration of additional sensor modalities, such as video
or audio data, could provide more comprehensive information on driver behavior and improve
classification performance.

In terms of practical applications, our findings hold promise for the development of intelligent
driver monitoring systems aimed at improving road safety. By accurately identifying the differences
in driving behavior between experienced and novice drivers, such systems could provide valuable
feedback and interventions to improve driver training programs, promote safe driving practices, and
mitigate the risk of accidents.

In general, our study contributes to the growing body of research on driver classification and
intelligent transportation systems, underscoring the potential of wearable sensor technology and
machine learning approaches to revolutionize the way we monitor and understand driver behavior in
real-world settings. Through continued research and innovation, we can strive towards creating safer
and more efficient transportation systems for all road users.

5. Conclusions

For both experienced and learner drivers, smart glasses can collect data on driving behaviors
and patterns. This information can be used for performance analysis, helping drivers identify areas
for improvement and adopt safer driving habits. In the case of learner drivers, smart glasses can
be a valuable tool during driving lessons. Instructors can use the collected data to provide targeted
feedback and tailor their teaching approach based on the individual needs of the learner.

The unpredictability and complexity of real-world driving environments introduce numerous
variables beyond our control, making the achievement of such high accuracy particularly noteworthy.
Despite efforts to standardize testing conditions, external factors inherent to real-road scenarios
inherently contribute to the challenge of precise driver classification. In conclusion, achieving a 94%
accuracy in classifying drivers based on data from wearable sensors under real-world conditions
represents a commendable success.
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