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Abstract: Assessment of driver stress, crucial for road safety,
can greatly benefit from the analysis of multimodal phys-
iological signals. However, fusing such heterogeneous data
poses significant challenges, particularly in intermediate fu-
sion where noise can also be fused. In this study, we address
this challenge by exploring a 1D convolutional neural net-
work (CNN) with self-attention mechanisms on multimodal
data. Electrocardiogram (ECG) signals (256 Hz) and respi-
ration (RESP) signals (128 Hz) were obtained from ten sub-
jects using textile electrodes while driving in different scenar-
ios, namely normal driving and phone usage (calling). The ob-
tained multimodal data is preprocessed and then applied to a
self-attention mechanism (SAM) CNN (SAMcNN) to identify
driver stress. Experiments are validated using Leave-one-out-
subject cross validation. The proposed approach is capable of
classifying driver stress. It is observed that shorter segments
yield an accuracy of 64.16% compared to longer segment
lengths. Thus, exploring self-attention mechanisms for mul-
timodal signals using wearable shirts facilitates non-intrusive
monitoring in real-world driving scenarios

Keywords: Driver stress, Multimodal signals, CNN, SAM,
Real-world driving, Non-intrusive monitoring

1 Introduction

One of the significant contributors to road traffic accidents,
which result in numerous injuries and fatalities, is the presence
of stress while driving. Stress can be defined as a nonspecific
physiological response to a combination of external demands
and internal concerns [1].

It is important to distinguish between two types of stress:
eustress, which is positive and correlates with life satisfaction,
and distress, which is negative and opposite in mental state
[12].

In this study, the term "stress" typically refers to negative
stress. According to the World Health Organization (WHO),
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traffic accidents cause approximately 1.3 million deaths an-
nually [2]. The European Commission estimates that the cost
of car accidents in Europe amounts to 160 billion euros, with
60%—80% attributed to drivers’ psychophysical condition [3].

Stress significantly contributes to poor psychophysi-
cal condition, increasing the risk of accidents almost ten-
fold.Stress undermines drivers’ cognitive abilities, leading to
compromised driving performance. Therefore, to mitigate the
risk of accidents and enhance driving safety, it is necessary
to develop a system capable of accurately detecting drivers’
stress levels

The literature contains numerous stress monitoring sys-
tems that analyze various physiological signals, including
heart rate, heart rate variability, pupil dilation, blood pressure,
respiration rate, and Galvanic Skin Response [4—-6]. These sys-
tems investigate the complex relationship between these phys-
iological indicators and individual stress levels.

Extensive research has established a strong correla-
tion between physiological measures like electrocardiography
(ECQG), electrodermal activity (EDA), and respiration rate, and
driver stress [7]. These studies highlight the connection be-
tween physiological responses and stress in driving scenarios,
emphasizing the importance of leveraging these signals for ef-
fective stress detection.

Utilizing these physiological markers, stress can be iden-
tified to mitigate stress-related risks on the road, contributing
to driving safety. By understanding the relationship between
physiological signals and stress levels, interventions can be
addresed to prevent accidents, monitoring drivers well-being
and reducing the likelihood of road incidents

In this paper, we introduce a Self-Attention Multimodal
Convolutional Neural Network (SAMcNN), for driver stress
detection, integrating a self-attention mechanism with convo-
lution neural network (CNN). Previous studies focusing on
multimodal signal fusion, our approach extends this by incor-
porating attentive mechanisms directly into multimodal physi-
ological signals. Our research address the following questions:
RQ1) How does the integration of self-attention mechanisms
in combining multiple physiological signals across various
segments improve the assessment of driver stress?

RQ2) How do self-attention mechanisms perform compared
to single-modality attentive mechanisms in multimodal signal
processing for driver stress detection?
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Fig. 1: Proposed SAMcNN-based Deep Learning Framework for Driver stress

2 Methodolgy

2.1 Framework

The proposed end-to-end methodology see Figure .1. The in-
put consists of ECG and RESP signals, segmented into non-
overlapping 30, 10 and 15 seconds (sec) windows, respec-
tively. These segments undergo processing by a four-layer
IDCNN network, incorporating attentive information through
a self-attention network. The resulting features are then con-
catenated and inputted into the final classifier

2.2 Dataset details

In this study, 10 male volunteers (average age: 25.1+0.9 years,
weight: 73+£11.54 kg, height: 173+5.48 cm) wore Hexoskin
Pro Kit smart shirts (Carre Technology, Canada) [8] equipped
with sensors recording single-lead ECG data at 256 Hz and
dual-channel 128 Hz breathing data. Data collection occurred
at IIT Hyderabad using a Renault TRIBER car, where volun-
teers drove in Baseline (sitting) and Calling scenarios. Prior
to participation, volunteers provided written consent and re-
ceived instructions on using the smart shirts.

2.3 Self attention based driver stress

2.3.1 Self attention mechanism

An attention mechanism in multimodal physiological signals
refers to a mechanism that allows a model to focus on relevant
parts of the input data while disregarding irrelevant parts. It as-
signs weights to different parts of the input data based on their
importance for the task at hand. Self-attention mechanism,
specifically, calculates attention weights based solely on the
input data itself, without any external context. This is achieved
by computing attention scores between each pair of elements
in the input sequence and then aggregating them to obtain the
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final attention weights. The equation for self-attention mecha-
nism [11] can be represented as follows:
KT
Attention(Q, K, V) = softmax (Q—> %
Vi
The input data is transformed into query (Q), key (K), and
value (V) matrices.The softmax function computes attention

ey

weights by applying the dot product of query and key vectors,
divided by +/dj, where dj, is the dimensionality of the key vec-
tors

2.4 Data preprocessing

The acquired signals were preprocessed using the Neurokit2
toolbox [9]. ECG signals were filtered using a fifth-order But-
terworth filter with a low-pass cutoff frequency of 0.5 Hz,
while RESP signals underwent filtering with a second-order
Butterworth filter with high-pass cutoff frequency of 3 Hz and
low-pass cutoff frequency of 0.05 Hz.

2.4.1 Architecture details

The analysis utilizes an SAMcNN framework, see Figure. 1,
incorporating self-attention network (SA) layers. CNNs are
chosen for their effectiveness in capturing temporal patterns,
while SA is employed to extract attentive information from
multimodal physiological signals. In the proposed framework,
the CNN consists of four convolutional blocks with a kernel
size of 9 and filter numbers of (16, 32, 64, 128), followed
by batch normalization, average pooling layers of size 2, and
a dropout rate of 0.3. Fully connected layers with sizes of
128, 64, 32, and 16 follow, utilizing ReLU activation. The
softmax output layer identifies two classes using categorical
cross-entropy loss and the RMSPROP optimizer. Training is
done for 30 epochs with a batch size of 9 and a learning rate
of 0.001. Model is evaluated using Leave-One-Subject-Out-
Cross-Validation (LOSOCYV) [10].
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Fig. 2: Raw ECG and RESP signals with observed artifacts in ECG signals: (a) ECG of Baseline class, (b) ECG of Calling class, (c)

RESP of Baseline class, (d) RESP of Calling class.

3 Results

See Figure .2 for raw ECG and RESP signals, categorized into
baseline and calling classes, where ECG signals reveal charac-
teristic waves (P, QRS, T) and RESP signals exhibit rhythmic
breathing patterns. During our analysis, we identified artifacts
such as motion, loose contact, and muscle interference, which
are crucial considerations for signal processing. To mitigate
class data imbalances, we uniformly sampled data across sub-
jects and tasks, aligning with the shortest time interval of 3
minutes.

Our proposed framework’s performance (see Table .1)
across various segment lengths, employing LOSOCV. Utiliz-
ing multimodal ECG and RESP signals, processed by SAM-
cNN, we classify driver stress during for baseline and calling
classes. Results indicate the highest performance with a 10-
second segment, achieving an average precision of 0.70, recall
of 0.64, F-score of 0.57, and accuracy of 64.16%. Performance
slightly declines with longer segment lengths

Tab. 2: Model performance for different SA connection for 10 sec
model

SA connections Precision Recall F-score Accuracy (%)
Tab. 1: Proposed framework performance on different segment ECG with SA 0.49 0.58 0.50 59.33
lengths by using LOSOCYV validation RESP with SA 0.57 0.60 0.54 60.00
ECG,RESP with SA 0.70 0.64 0.57 64.16
Segment length  Precision Recall F-score Accuracy (%) ECGRESP without SA 958 060 054 80.27
10s 0.70 0.64 0.57 64.16
15s 0.58 0.62 0.56 62.91 . )
30s 0.30 0.51 0.36 51.66 The performance of different self-attention (SA) connec-

tions within the SAMcNN framework for 10 sec model (see
Table .2). It assesses ECG with SA, RESP with SA, and com-
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bined ECG and RESP with SA, alongside a scenario without
SA. Notably, combining ECG and RESP with SA yields the
highest with an average precision (0.70), recall (0.64), F-score
(0.57), and accuracy (64.16%).

4 Discussion

In this study, during the sessions stress is induced through
phone conversations while driving, with each session lasting
approximately an hour from overall data.

In response to RQI, integrating self-attention mechanisms
to combine multiple physiological signals across shorter seg-
ments significantly enhances the assessment of driver stress.
Results in Table 1 indicate that incorporating self-attention
mechanisms within the SAMcNN framework substantially im-
proves stress detection accuracy. Specifically, combining ECG
and RESP signals with self-attention achieves an average pre-
cision, recall, F-score, and accuracy, indicating the effective-
ness of self-attention in capturing relevant features for stress
detection during driving scenarios, such as phone usage while
driving.

In response to RQ2, self-attention mechanisms offer advan-
tages over single-modality attentive mechanisms in multi-
modal signal processing for driver stress detection. These
mechanisms enable dynamic weighing of input signals, fo-
cusing on the most relevant information for stress detection,
which is particularly beneficial in the context of monitoring
multiple physiological signals for stress assessment during
driving.

Results in Table 2 show that integrating information from di-
verse sources yields the highest with an average precision,
recall, F-score, and accuracy, underscoring the superiority
of self-attention mechanisms over single-modality attentive
mechanisms in improving stress assessment performance dur-
ing driving scenarios.

Our findings shows the importance of integrating self-attention
mechanisms in multimodal signal processing for driver stress
detection in real-world driving scenarios. Despite encounter-
ing artifacts during data collection, such as motion and mus-
cle interference see Figure .2. The integration of self-attention
mechanisms proved effective in discerning relevant features
from noisy data, contributing to improved accuracy levels
ranging from 60 to 64 %.

5 Conclusion

In this study, we assessed self-attention mechanisms for ECG
and RESP signals collected using a textile wearable device
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for unobtrusive driver stress monitoring. Conducted with 10
subjects in a controlled environment, our pipeline achieved
64.16% accuracy, demonstrating the effectiveness of self-
attention for classification.
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