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ABSTRACT

Stress plays a significant role in fatal accidents, highlighting the
importance of timely monitoring of driver stress to facilitate effec-
tive interventions and reduce road accidents. However, monitoring
driver stress presents numerous challenges in the context of driving.
First, state-of-the-art techniques such as self-stress evaluation and
periodic cortisol level checks are not suitable for the driving sce-
nario. Second, existing unimodal solutions does not provide a com-
prehensive and holistic assessment of the driver’s stress. Although
some research utilizes multimodal features, the use of wearables
attached to the driver’s body in real-life situations is impractical
and highly discomforting. Our proposed solution tackles these chal-
lenges by offering a contactless and non-intrusive approach that
prioritizes the driver’s comfort during the collection of multimodal
data, which includes capturing heart rate variability (HRV), res-
piration rate, and microfacial expressions. Through feature-level
data fusion, we combine and integrate these diverse modalities to
generate comprehensive insights. These insights are then utilized
by the multimodal learning pipeline to predict the driver’s stress
levels in real driving scenarios.
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1 INTRODUCTION

According to a road safety study by the World Health Organization
(WHO), traffic-related accidents result in over 1.3 million fatalities
annually [17]. Negative stress (hereinafter, stress) has been identi-
fied as a significant factor contributing to frequent road accidents
[18]. Research from the Virginia Tech Transportation Institute re-
veals that stress can increase the chance of an accident by nearly
10 times [2]. Similarly, Australian national accident reports indi-
cate that stressed condition is an important contributor to fatal car
accidents [1]. Another study assessing the European Commission’s
data estimates the economic cost of car accidents in Europe to be
around 160 billion euros, with a significant portion attributed to the
psychophysical health of drivers [21]. In summary, stress impairs
cognitive abilities and compromises driving performance, thereby
increasing the risk of road accidents [20]. The precise diagnosis
of driver stress and the implementation of effective interventions
have the potential to significantly reduce the rate of road accidents.
These proactive measures serve to enhance road safety and prevent
accidents from occurring.

However, measuring the driver’s stress is a challenging task for
two main reasons. Firstly, the existing methods are not suitable for
the driving scenario. Self-stress reporting via smartphone applica-
tions, although widely used for general cases, can be intrusive for
a driver [10]. Similarly, while detecting cortisol levels using saliva
samples is a proven technique for stress identification, however,
it is impractical for driving scenarios [4]. Secondly, the current
methods for assessing driver stress have limitations either in terms


https://doi.org/10.1145/3594739.3610691
https://doi.org/10.1145/3594739.3610691
http://crossmark.crossref.org/dialog/?doi=10.1145%2F3594739.3610691&domain=pdf&date_stamp=2023-10-08

UbiComp/ISWC ’23 Adjunct, October 08-12, 2023, Cancun, Quintana Roo, Mexico

l—*e Unusual Facial Expression

bR Abnormal Heartbeat

(a) Notable signs of stress in a driver.

Muhammad Salman, et al.

Multimodal Data

N

B

I Heartrate variability

%,

Not Stressed

Y5 Stressed

&

(c) Multimodal learning pipeline.

Figure 1: (a) Signs of a stressed driver; (b) System model for contactless stress detection.

of being unimodal or uncomfortable. Unimodal methods, such as
detecting stress through the examination of dilated pupils [15] or
analyzing facial expressions using the valence and arousal plane
[19], are subjective and lack detailed stress-related information.
They may not provide a comprehensive understanding of the dri-
ver’s stress levels. On the other hand, multimodal data obtained
from wearables that capture physiological indicators like heart-rate
variability, respiration rate, and skin conductivity offer potential
for stress diagnosis [9, 14]. However, these wearables are often con-
sidered obtrusive and uncomfortable, which may affect the driver’s
comfort and willingness to use them consistently.

In this paper, we present a novel approach for detecting driver
stress that is non-intrusive, contactless, and designed to ensure the
driver’s comfort. Our method aims to reliably detect and assess
the driver’s stress levels using multimodal features collected in
real-world driving scenarios. To achieve this, we leverage mmWave
radar to non-invasively detect vital signs such as heart-rate vari-
ability (HRV) and breathing (or respiration) rate. Additionally, we
utilize a commodity camera to capture micro-facial expressions of
the driver. By combining and analyzing the stress features from
both modalities through data fusion techniques, we derive a binary
decision indicating the user’s stress level.

2 PROMINENT SIGNS OF STRESS

Stress is a physiological and psychological response to a mixture of
internal worries and external demands. Although different people
perceive stress differently, however, their response to a stress condi-
tion referred to as the "fight-or-flight" is quite similar [13]. During
the fight-or-flight response, stress hormones such as cortisol and
adrenaline are released from the adrenal glands. This process be-
gins when the brain detects stress, leading the hypothalamus to
release hormones that stimulate the pituitary gland. The pituitary
gland, in turn, releases hormones that reach the adrenal glands.
Consequently, the adrenal cortex of adrenal glands releases cortisol
[8]. Simultaneously, the sympathetic nervous system detects cogni-
tive load (due to stress) and activates the adrenal glands to release
adrenaline (and noradrenaline) hormones [7]. These hormones col-
laborate to elevate heart rate, respiration rate, and can manifest as
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noticeable emotional changes, including facial expressions. In our
stress prediction approach, we utilize these physiological responses
exhibited by the driver!, as illustrated in Figure 1(a).

3 DEMONSTRATION SYSTEM

Our driver stress detection system consists of three components:
multimodal data acquisition, signal processing and data fusion, and
a multimodal learning pipeline. These components work together
to gather comprehensive driver data, integrate valuable information
from different sources, and derive insights related to driver stress.
We describe each component below. The testbed setup is shown in
Figure 2.

3.1 Multimodal Data Acquisition

The stress-related data collection system includes two main cap-
turing devices: mmWave Radar and a commodity camera. The
mmWave Radar captures the driver’s heart and breathing rates,
while the commodity camera captures facial expressions. In the
following sections, we will provide detailed descriptions of each
data-capturing device.

Data captured by mmWave radar. To capture the user’s vital
signs in a contactless manner[16], we utilize the IWR1642 mmWave
sensor (or radar) from Texas Instruments (TI), operating at a fre-
quency range of 77 ~ 81 GHz. This radar system consists of four
transmitting and two receiving antennas. To handle the high data
transmission rate (approximately 600 Mbps in our case), we em-
ploy the DCA1000EVM high-speed transmission adapter by TL It
uses the LVDS data interface to efficiently collect the data from the
IWR1642 radar and transport it to the computer via an Ethernet
interface. The transferred raw data is saved in binary format on the
PC. Since the device does not come with a built-in cover, therefore

!Please be aware that while there are additional symptoms such as dilated pupils [15],
sweating, and suppressed digestion, they are either less prominent or necessitate long-
term medical monitoring. In this research, we concentrate on significant observable
stress signs that can be monitored without causing inconvenience to the user.
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Figure 2: Car testbed setup: (a) mmWave device linked to
laptop via Ethernet for vital sign capture; (b) Front glass-
mounted video camera for facial expression capture; and
(c) Polar-H10 device for acceleration-based heart rate and
breathing capture.

we have created a 3D-printed case to ensure device protection and
proper holding in the vehicle?.

Data captured by camera. For capturing the driver’s facial expres-
sions, we utilize a standard commodity camera positioned to record
the driver’s field of view, ensuring clear visibility of their face from
a front-facing angle. To optimize resource usage, we deliberately
choose to record in standard definition (480p), even though higher
resolutions were supported. The recording is set at a frame rate of
30 frames per second (fps) to maintain smoothness and accuracy in
capturing the driver’s facial expressions.

3.2 Signal Processing and Data Fusion

The raw data obtained from the mmWave radar requires signal
processing to extract precise vital signs, while the video footage ne-
cessitates processing for emotion detection and classification. Since
the data from the radar and camera differ significantly, data fusion
is employed to create a comprehensive and accurate representation
of the combined data. The following section provides a detailed
explanation of this process.

mmWave Signal Processing. The raw data acquired from the TI
mmWave radar consists of ADC samples representing the Interme-
diate Frequency (IF), which is obtained by calculating the difference
between the transmitted and received FMCW chirp signals. To pro-
cess and analyze the IF data from the binary file effectively, we need
to organize it in a properly structured format. Initially, we separate
the data for each received channel. Then, for each channel, we
arrange the data by grouping the chirps per frame3. Once the data
is arranged, we focus on tracking the specific chirp or range-bin
associated with minute movements such as breathing and heart-
beat, while discarding the irrelevant bins. This is accomplished by
performing a Fast Fourier Transform (FFT) on the time-domain

2This allows us to properly attach the device to the mirror or the front glass using a
holder.
3Note that each chirp contains multiple ADC samples.
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Figure 3: Challenges in measuring heart rate.

data and selecting the chirp with the highest magnitude variations.
We particularly leverage the phase information of that specific bin,
as it has shown effectiveness in capturing subtle movements like
heartbeat motion, as expressed in the following equation:

50 =222 0
where d(t) represents the sensor’s distance from the human body
(i.e., chest). This distance varies over time as a result of the chest
vibrations induced by respiration and heartbeat.

By analyzing the phase information, we extract the breathing
and heart rate (HR). The process of obtaining the breathing rate
is relatively straightforward compared to the heart rate. For the
breathing rate, we apply a bandpass elliptic filter with frequency
limits 0of 0.12 Hz to 0.6 Hz, as described in [11]. This range effectively
captures breathing rates ranging from 7 to 36 breaths per minute.
In contrast, the detection of HR presents two main challenges, as
illustrated in Figure 3. The first challenge arises from the motion
resulting from breathing, which can effectively mask the minute
vibrations of the heartbeat. To address this, we employ a second-
order differential FIR filter to convert the distance information into
acceleration. This allows us to distinguish the distinct patterns of
heartbeats from breathing.

The second challenge stems from the motion originating from
both the human body and car vibrations, which significantly con-
taminate the HR signals. To overcome this challenge, we utilize a 1D
Convolutional Neural Network (CNN) to accurately identify the re-
curring peaks that correspond to the heart rate. This is achieved by
leveraging the local similarity property, where the motion caused
by the target individual and car vibrations is considered as noise
and discarded. The 1D CNN computes the HR based on the iden-
tified recurrent peaks, allowing for an accurate assessment of the
heart rate variability.

Emotion detection for facial expression. Previous research has
demonstrated that facial expressions can reveal emotions related
to stress [6]. However, there are two main challenges in detecting
the driver’s stress-related emotions. Firstly, there is ambiguity in
expressions, for instance, emotions like "fear" can be similar to
"disgust" or "surprise". Secondly, cultural biases play a role, as the
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expression and interpretation of emotions can vary across different
cultures. To address the first challenge, we can simplify the classifi-
cation by categorizing emotions into positive and negative. Positive
emotions like smiles, satisfaction, and laughter can be associated
with non-stress situations, while negative emotions like anger, dis-
gust, sadness, and fear can be classified as signs of stress. As for
the second challenge, while it is indeed difficult, our initial focus is
to train the model on diverse datasets from Asian regions such as
[3, 12] to ensure accuracy for local regions. In the future, we plan
to expand the model’s training to include other regions as well.
Data Fusion. As aforementioned, we have data from different
modalities, including mmWave data for vital signs features (such
as heart rate variability and breathing rate) and video data for
extracting facial expressions of the driver during driving. To inte-
grate these modalities effectively, we plan to employ feature-level
fusion. This approach involves extracting relevant features from
each modality and then combining them to create a joint feature
representation. The fused feature representation will be utilized
in the subsequent phase of multimodal learning, enabling a more
comprehensive analysis of the data.

3.3 Multimodal data learning

The fused feature representation is fed into a deep neural network
model for multimodal learning, which is trained on a labeled dataset
with ground truth annotations for stress and non-stress instances.
Extensive model evaluation will be conducted, and the model pa-
rameters will be optimized through techniques like fine-tuning
hyperparameters, applying regularization, and exploring ensemble
methods. Once the model achieves satisfactory performance, it will
be deployed in the wild for stress detection, where new data in-
stances can be classified as stress or non-stress, providing valuable
insights for stress monitoring in driving scenarios.

4 DISCUSSION AND FUTURE WORK

In this paper, we introduce a prototype system for non-contact
measurement of driver stress to assess it in real-time and offer
interventions to prevent potential road accidents. Our system uti-
lizes off-the-shelf commodity devices, including mmWave radar
for capturing vital signs and a camera for recording facial expres-
sions displayed by the driver. Through data fusion and multimodal
training, our system accurately determines the driver’s stress state.
It is important to acknowledge that the experiment involves hu-
man subjects, and as such, we intend to seek approval from the
Institutional Review Board (IRB).

In the subsequent parts, we will address the limitations and
challenges associated with our system, as well as outline our future
plans for overcoming them.

Impact of the road surface. In scenarios where the vehicle is
traveling on a rough surface road, the significant vibrations present
can have a detrimental effect on the accuracy of vital sign measure-
ments obtained using the mmWave device. These vibrations are
external factors that are beyond our control and can potentially re-
sult in false positives in stress detection. To tackle this challenge, our
future work will concentrate on implementing a shock-absorbent
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cover, such as a cover with dampers, for the radar device. By em-
ploying this measure, we aim to minimize the disruptive effects of
vibrations and enhance the reliability of vital sign measurements.

Vibration from the Car. In certain instances, the mmWave device
may vibrate as a result of car vibrations, which can potentially
disrupt vital sign measurements due to the device’s higher intensity
of vibration compared to the vital signs themselves. To enhance
system resilience to car vibrations and improve efficiency in detect-
ing vital signs, we aim to adopt the concept of Self-Similarity?, e.g.,
[5].

Driver’s Stress Inducing Scenarios. Stress can arise from internal
concerns, such as negative feedback from a boss, as well as external
factors like heavy traffic or unfavorable road conditions. Designing
appropriate scenarios for data collection is challenging, and we
plan to carefully craft scenarios that induce both types of stress in
the driver.

Impact of driver’s clothes. Thanks to the efficient climate control
systems in modern vehicles, drivers often prefer to wear comfort-
able clothing during long drives. However, in certain scenarios
where drivers wear heavy and thick outfits, such as thick leather
jackets with metallic tags, it can partially obscure the detection of
vital signs. Addressing this challenge remains a focus for future
research and development.

Impact of body wearing accessories. Some drivers, especially
females, wear accessories like metallic ear tops that can introduce
additional contamination to the mmWave signals. The vibrations
caused by these accessories can be filtered out if they have a non-
repetitive pattern. However, if their vibrations exhibit a periodic
pattern, it may lead to errors in vital signs measurement. Addressing
this issue is part of our future work.
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