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ABSTRACT

Stress is a problem that affects both physical and mental health, causing negative emotional
states. Stress can impair the driver’s ability to perceive and handle situations in driving safety.
Therefore, the detection and assessment of stress levels play an important role in improving
comfort, well-being, and enhancing the driving experience for drivers. Using the AffectiveROAD
dataset, this paper proposes a method of classifying stress levels through physiological signals
obtained from driving sessions. These signals are time-aligned and pre-processed to extract the
suitable features within a five-second period. Based on the obtained features, Machine Learning
models are trained to classify stress status into five levels. The tested results show that the
accuracy reaches 94% with the Random Forests (RF) when using the seven most important
features from the HR, EDA, TEMP signals, and 99% when incorporating the overlapping
technique for 10-fold cross-validation.
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1. INTRODUCTION

Stress is the body's response to any request, pressure, or impact factor affecting a
person both physically and mentally. Signs of stress include mood changes, decreased
sex drive, sleeping difficulty, low energy, muscle tension, racing heartbeat, etc. Stress
can have both positive and negative effects. On the positive side, stress helps the body
stay awake and focused, as well as stimulates strong activities of the senses, such as the
heart beating faster to supply blood to the brain and muscles. However, in most cases,
stress brings negative effects and adversely affects human health, resulting in, for
example, diabetes, hair loss, obesity, heart disease, hyperthyroidism, and sexual
dysfunction. These impacts can negatively influence daily life, including diminished
work performance and distraction, both of which lead to an increased risk of
occupational accidents and other health-related problems [1]. In recent years, the ratio of
traffic accidents related to drivers' stress problems has increased remarkably [2].
Therefore, the task of detecting and assessing an individual’s stress level makes a
significant contribution to people in modern life and has many important applications
such as monitoring, health care, ensuring safe driving [3-5]. However, implementation is
unfeasible when stress is diagnosed through signs such as psychological signals,
emotions, and behaviors. This information requires sophisticated sensors and facilities to
gather and analyze.

Currently, only physiological experts and doctors can diagnose stress levels using
random questions or tests. The disadvantages of this method are low accuracy and high
dependence on subjective opinions. However, this task has become faster and easier
thanks to the application of Machine Learning and Deep Learning algorithms. For
instance, to detect stress for students under stress due to university examinations, Paolo
Melillo [6] proposed a classifier for automatic stress detection based on nonlinear
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features of Heart Rate Variability (HRV). The author collected data from 42 students
over two time periods (one during an ongoing university examination, assumed as a
real-life stressor, and one after the holidays). The HRV signals are then extracted into
13 nonlinear features within a 5-minute period. Two labels will classify the stress level
of the students as “non-stress” and “stress” using the Linear Discriminant Analysis
(LDA) model, which enables stress detection with a total classification accuracy,
sensitivity, and a specificity rate of 90%, 86% and 95%, respectively. Unlike the above
model, which uses only the HRV signal, the classification model of Jing Zhai and
Armando Barreto [7] uses information from four signals, namely galvanic skin
response (GSR), blood volume pulse (BVP), pupil diameter (PD) and skin temperature
(ST). By using eleven extracted features and a Support Vector Machine model, a
consistent classification accuracy of 90% was achieved. The results also concluded that
the PD signal had the greatest effect on stress states. Moreover, Feng-Tso Sun [8]
proposed classifying stress according to different states of the subject, including
standing, sitting and walking. The dataset includes signals such as GSR,
electrocardiogram (ECG), and ACC data gathered from 20 participants. Classification
accuracy reaches 92.4% in mental stress for 10-fold cross-validation, and 80.9% for
between-subject classification when using activity information derived from the
accelerometer. Alberto de Santos Sierra [9] introduced a system based on fuzzy logic
that provides information on the mental state of an individual in short periods based on
the characteristics of HR and GSR signals. The stress-detection accuracy reaches
99.5% for the 10-second period classification, and 90% for the 3-to-5-second period.

Pekka Siirtola [10] compared regression and classification models for stress detection.
The dataset used is AffectiveROAD, which consists of data obtained from the Empatica
E4 sensors and continuous target variables. These signals are extracted into 119 features
with a 60-second sliding window. The author has surveyed user-independent and
personal stress detection. The results show that the performance of the regression model
outperforms the classification model in the problem of “stress” or ‘“non-stressed”
classification. The two models' best user-independent results are 82.3% and 74.1%.
Moreover, the results obtained from the personal model show that the relationship
between biological signals and stress status varies not only between the study subjects
but also between the sessions gathered from the same person.

In general, very few studies have examined changes in stress over short periods of
time. In most of the published studies, authors investigate stress classification with a
period longer than one minute. Furthermore, these methods classify only two statuses:
"stress" and ""non-stress".

In this paper, we propose an approach to the classification of five stress levels. The
dataset is similar to [10], including signals such as Temperature (TEMP), Heart rate
(HR), Electrodermal Activity (EDA) and Accelerometer (ACC). We implement a
procedure to extract suitable features in 5-second intervals. Then, the cross-validation
technique is applied for training/ validating/ testing machine learning models.

The following sections of this paper are organized as follows: Part Il introduces the
dataset, preprocessing, and feature extraction; Part Il implements multi-class
classification models using a 5-second sliding window and optimizes the subset of
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features with the most significant effect on stress; Part IV presents some conclusions and
our future works.

2. PREPROCESSING AND FEATURE EXTRACTION

2.1. Experimental Dataset

AffectiveROAD dataset consists of data collected from nine drivers, whose names are
NM, RY, BK, MT, EK, KGS, AD, GM, and SJ. However, GM’s data was collected
twice, and RY’s and NM’s were done three times. Therefore, the dataset contains data
from 13 data-gathering sessions. Each participant wore three devices to collect biological
signals. The two Empatica E4 were worn on the left and the right wrist. Zephyr
Bioharness 3.0 chest belt was worn on the driver's chest. The data gathered by Bioharness
contains HR, breathing rate (BR), posture, and activity. The E4 measures TEMP, HR,
EDA, Blood volume pulse (BVP), ACC, and the time between individuals' heartbeats
(IBI). The same as in [10], only Empatica E4 data from the right wrist is chosen to use in

this paper.
City 1 High- City 2
way

Figure 1. Description of the Route.

Data is collected on various road sections in normal traffic conditions, including rest
periods (baseline), city driving and driving on the highway (figure 1). The stress level is
assessed by continuous values between 0 (no stressful) and 1 (extremely stressful).
Because there are no stress estimates available from baseline, we assume that during the
whole baseline session, the level of stress is 0.

2.2. Training target

In the entire driving process, the stress level will fluctuate. Theoretically, when
drivers are in complex traffic situations, such as in the city, where there are many other
vehicles, traffic signals, and pedestrians, they are easily stressed. By contrast, they tend
to loosen on a highway or in smooth traffic. However, the actual experiment shows that
the stress index varies randomly depending on the characteristics of each individual as
well as the gathered session as shown in figure 2. The stress s index of AD1 during
highway sessions is higher than NM1 during city driving. Furthermore, the stress index
tends to vary. Therefore, using multiple levels to assess stress values helps to track stress
in @ more detailed way compared to two levels (no stress and stress). This is different
from [10], in which data from baseline are labeled as 0 and data from driving as 1.

In our work, stress values are classified into five groups (or five training targets):
e Non-stress (NS): stress metric from 0 to 0.2;

e Low stress (LS): stress metric from 0.2 to 0.4;

e Medium stress (MS): stress metric from 0.4 to 0.6;
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e High stress (HS): stress metric from 0.6 to 0.8;
e Very high stress (VHS): stress metric from 0.8 to 1.

Figure 2. Stress metric of AD1 and NM1 in Cityl and Hwy session.
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The stress index often changes quickly in a short period, as in figure 2. Therefore, to
ensure the output closely matches the signals used as model inputs, we divide the
signals into small windows of the 5-second size. We also use the overlapping technique
for data augmentation and reduce the gap between windows (with an overlapping rate
of 80%). For a short window length, the stress values are guaranteed not to change so
much in the whole window. The output value of the model will be the stress value at
the end of the window.

2.3. Preprocessing

We concentrate on investigating the relationship between physiological signals on the
right-hand Empatica E4 meter sensors and stress levels, including EDA, HR, TEMP, and
ACC. The HRV signal is only meaningful when examined over a minimum period of a
few minutes and is therefore not used [8]. Table 1 shows four used signals in our study.

Table 1. Biologicals were used in this study.

) Information
Signal : :
Sampling Frequency (Hz) |Unit, Number of Features
HR 1 Hz 2
EDA 4 uS 11
TEMP 4 °C 6
ACC 32 ig 15
64
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The raw signal is divided into several segments corresponding to the route, such as
Rest, Cityl, City2, Hwy. They are divided into subsegments (windows) and then
extracted from all desired features.

2.4. Feature Extraction

The HR, TEMP and ACC signals are extracted with the same features as in the paper
[11]. The EDA signal is analyzed with the same statistical characteristics as the ST signal.
In addition, the EDA signal is split into two signals: tonic (SCR) and phasic (SCL)
signals. The SCR component exhibits a fast response to the stimulus, whereas the SCL
component shows a stable and slowly variable composition [11]. The remaining features
are the area under the identified SCRs, mean, std of SCR, and SCL. Details of EDA
decomposition and algorithms to calculate features are available in the Neurokit 2 library
[12]. The sum of all extracted features is 34. The features extracted from the different
modalities are shown in table 2.

Table 2. List of extracted features.

Signal |Features Description
HR  |uug, Our Mean, standard deviation of the HR
TEMP|urgmp, OtEMP Mean, standard deviation of the TEMP,
n]inTEMP, maXrgmp: 'ANZeTEMP 6TEMP’ mln, max TEMP, dynamIC I’ange, S|0pe
ACC |paccir Gacc; .1 € {x,v,2,3D} Mean, standard deviation for each axis
o separately and summed over all axes,
H [ ACC,1||,1€ {xy,z 3D} Absolute integral for each/all axes
fﬁg?ﬁ.i € {x,y,2) Peak frequency for each axis i
EDA |pgpa; Ogpa, Mean, standard deviation of the EDA,
MiNngpa, MaxXgpa, FrANEeEpa, O5pa min, max EDA, dynamic range, slope,
Hscry OscLs Hscory OscRs SCRAI"EEU Mean, standard deviation of the
SCL/SCR, Area under the identified
SCRs

3. IMPLEMENTATION, RESULTS AND DISCUSSIONS

In this work, we use multi-label classification models because they are suitable to the
data and our training targets. Furthermore, we focused on investigating the relationship
between biological signals and stress levels. The ACC signal is for reference and
comparison with the original paper [10]. Since the ACC signal is specifically related to
subject activity, this removal helps to generalize the application of the problem to more
than just driving.

To find the optimal model, we survey machine learning models, including Random
Forests (RF), Linear Discriminant Analysis (LDA), K-nearest neighbors algorithm
(KNN), Quadratic Discriminant Analysis (QDA), Support Vector Machine (SVM),
Multilayer Perceptron (MLP), etc (as listed in table 3). The data is divided into 5-
second sliding windows without overlapping, and includes 34 features extracted from
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HR, EDA, TEMP and ACC signals. Data important features selection and model
formulation - training - testing are carried out in a Python environment with the help of
“Sklearn”. 10-fold cross-validation was performed five times to evaluate the
classification performance.

Table 3. Accuracy of classification models.

Accuracy (%)
Model Number of features
34 30 25 20 15 10 7 5

RF 87.14 |88.23 |89.14 | 89.8 |91.19 |92.88 |93.61 |93.17
LDA 63.51 | 63.32 | 63.55 | 63.27 |62.74 | 62.79 | 58.63 | 58.68
QDA 1996 | 253 |18.25 |18.77 |60.7 |62.12 |67.71 |68.01
KNN 76.37 | 73.37 | 76.42 | 78.13 | 78.37 |81.84 | 89.93 | 89.88
SVM 67.41 | 67.46 |67.46 |68.51 |68.51 |68.51 |68.11 |68.35
MLP 75.55 | 76.46 | 68.65 | 75.04 | 74.85 | 71.61 | 70.69 | 71.67
Bagging 77.22 | 77.17 | 787 |78.8 |78.13 |77.37 |86.01 |80.21
Decision Tree 82.08 | 81.66 | 82.04 |82.47 |85.61 |86.23 |88.39 |88.34
Extra Trees 844 |83.84 |86.2 |87 88.61 | 88.23 |59.61 | 61.51
AdaBoost 71.13 | 70.95 | 71.53 | 71.09 | 71.32 | 72.42 | 66.25 | 65.33
Gradient Boosting | 78.08 | 76.66 | 78.04 | 78.13 | 78.08 | 76.99 | 88.39 | 77.33

Table 3 shows that the Random Forests model has the highest classification accuracy
of 93.61% when using the seven most important features shown in figure 3. For these
features, we do not use the ACC signal, which proves that our model does not need to use
information from the ACC signal. The ACC signal received from the sensor on the
wristwatch greatly depends on the activities of the drivers. For the most part, the driver's
hand condition on the baseline and highway is usually stable, leading to a relatively small
stress level. In contrast, on roads like Cityl and City2, the driver must change the
movement of his hands on the steering wheel constantly as he must focus on observing
pedestrians, lights, and other traffic, which may relate to a high level of stress (but not
always correct). So, detecting stress levels without using ACC signals also opens more
real-world applications beyond just driving.

Because the number of training/testing data for each stress level is different and is
shown in the confusion matrix in figure 4, we also use F1-score as an evaluation metric.
F1-score is the harmonic mean of precision and recall and gives a better measure of the
incorrectly classified cases than the accuracy metric, so it is recommended for unbalanced
classification tasks.

As shown in figure 4, when applying an overlapping technique with a distance
between predictions of 1 second, the RF model gives an improved accuracy result of up to
98.96% and an F1-score of 99% with the same optimized feature set (including seven
most important features). The Fl1-score results are very high, demonstrating the good
performance of the model.
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Figure 3. The importance of features. Figure 4. Confusion matrix with
overlapping technique.

4. CONCLUSION AND FUTURE WORKS

In this paper, we present an approach to assess the stress level of drivers using only
the biological signals HR, TEMP and EDA without the ACC signal. This means that the
model can be applied to many different contexts, such as stress prediction in school,
work, etc. The paper also shows the different influences of signal features and shows our
optimized set of features which gives high accuracy of classification results. This helps
to reduce the complexity of the model and the amount of computation, making the model
capable of embedding directly on wearable devices.

For our problem of five-level stress detection, we analyzed and worked on short
(few-second) data segments. Tested results show a classification accuracy of 94%
when using the optimal set of features and up to 99% when combined with the data
overlapping technique.

In fact, the relationship between biological signals to stress status depends on the
context and other conditions, so the coefficients of the classification model need to be
updated and adapted quickly over time. This may require a continuous evaluation from
the surveyor, and the data gathered increases continuously over time. In the next studies,
we will focus on studying this kind of problem, using adaptive and semi-supervised
algorithms for unlabeled data. In addition, the relationship between stress and other
biological signals such as RES, EMG, will also be explored.
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TOM TAT
Phat hién cing thang trong qua trinh lai xe
str dung cac tin hi¢u sinh hgc va hoc may

Cang thang (stress) la mot van dé dnh hwéng toi cd sikc khée thé chat va tinh
than, gdy ra cdc trang thai cam xiic tiéu cwc. Cang thang cé thé lam suy yéu kha
nang nhdn thire va xir 1y tinh huong ciia nguoi ldi trong viéc ldi xe an toan. Do
vdy, viéc phat hién va danh gia mirc do cang thcfng dong mot vai tro quan trong
trong viéc cai thién sy dé chiu va ndang cao trai nghiém diéu khién phuwong tién cua
nguwoi ldi. Véi bo dir liéu AffectiveROAD, bai bdo nay dé xudt mét phiwong phdp
phdn logi muc do cang thcfng dwa vao cac tin hiéu sinh hoc. Nhitng tin hiéu nay
diege hidu chudn thoi gian va tién xir Iy dé trich xudt cdc ddc tring phit hop trong
chu ky 5 gidy. Dva vao cac ddc trung thu dwoc, cac mo hinh hoc may dwgc hudn
luyén dé phan logi trang thdi stress thanh 5 mirc d¢ khac nhau. Két qua kiém
nghiém cho thdy @ chinh xdc dat dén 94% véi mé hinh Random Forest (RF) khi
sir dung 7 ddc trung quan trong nhat tir cac tin hiéu HR, EDA, TEMP, va téi 99%
khi tich hop thém ky thudt chong chdp dit liéu.

Tir khoa: Phat hién cing thing; Wearable sensors; Trich xuit dic trung; Hoc may; Random forests.
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