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Abstract: Stress is a naturally occurring psychological response and identifiable by several body signs.
We propose a novel way to discriminate acute stress and relaxation, using movement and posture
characteristics of the foot. Based on data collected from 23 participants performing tasks that induced
stress and relaxation, we developed several machine learning models to construct the validity of
our method. We tested our models in another study with 11 additional participants. The results
demonstrated replicability with an overall accuracy of 87%. To also demonstrate external validity,
we conducted a field study with 10 participants, performing their usual everyday office tasks over a
working day. The results showed substantial robustness. We describe ten significant features in detail
to enable an easy replication of our models.
Keywords: stress sensing; smart insoles; smart shoes; unobtrusive sensing; stress; center of pressure

1. Introduction
Stress has a direct impact on our well-being [1]. Although stress is often perceived negatively,
it can have positive aspects. For instance, acute stress aims to mentally and physically prepare our
body to accomplish a demanding task. In contrast, episodic occurring acute stress can cause a variety
of negative symptoms, such as sleep disorders, headache, stomach pain and exhaustion. A constant
elevated stress level may even result in chronic stress [2], which can lead to severe health conditions,
such as depression, anxiety, hypertension and cardiovascular diseases [3]. Therefore, it is imperative
to identify stressful situations to prevent resulting illnesses.
Previous studies have demonstrated the capability of identifying stress based on physiological
parameters [4], such as electrodermal activity (EDA) [5], heart rate variability (HRV), brainwaves
via electroencephalography (EEG) [6–8], muscle tension [9,10], facial expressions [11] and body
language [12,13], as well as self-reporting [14,15]. Although these methods provide reliable stress
indicators, there are drawbacks. For instance, sensing physiological parameters are sensitive to
movement artifacts. The sensing device also needs to be instrumented tightly on the user’s body,
resulting in low comfort. An alternative method is contact free sensing, such as using cameras [16–18].
However, these systems suffer from varying lighting conditions, require line of sight, and typically
create privacy concerns.
Manual approaches, such as having an experimenter interpret facial expressions and body
language or relying on self-reporting, are prone to issues such as scalability and subjective bias.
Several other studies explore stress detection based on smartphone usage [19–21] by correlating
screen-time with daytime, and utilising the phone’s sensor data. These studies show the capability of
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detecting stress over long periods of time. Identifying and predicting acute stress in the short-term
may also be possible, although still problematic [21].
Smart shoes, in particular insoles, have been used in a variety of scenarios, such as to analyse
gait [22], identify postures [23], calculate walking speeds [24], determine the ground surface [25]
and recognising foot tapping gestures for an interaction control [26]. These smart insoles provide an
unobtrusive way of collecting data. However, to our knowledge, insole-based tracking has not yet
been proposed to identify stress.
Motivated by the fact that feet and legs may carry essential information about a person’s
stress level [12,27] and the widespread availability of shoes, we present StressFoot. Our prototype
encapsulates a smart shoe system that incorporates a pressure-sensitive insole based on force-sensitive
resistor (FSR) technology and an inertial measurement unit (IMU). We drive a machine learning
approach to reliably detect acute stress situations in sitting postures, such as sedentary office work.
To scientifically validate this, we followed the standard research design process [28] by Constructing
Validity—Study 1 developing a machine learning model based on the data of 23 participants,
evidencing Empirical Replicability—Study 2 with 11 participants showing a distinguishability between
stressed and relaxed conditions and finally, testing for External Validity—Study 3 showing the
generalisability in terms of robustness of our model for office workers during a typical 8 h work
day with 10 participants. In summary, we contribute:
•
•
•

a novel way to discriminate acute stress and relaxation by four distinct foot movements and
posture characteristics,
ten mathematical features to train machine learning models,
and design implications for future applications in ubiquitous computing.

1.1. Background
1.1.1. Physiological Responses
The most common approach in stress sensing is interpreting physiological responses, such as
EDA [29], heart rate [30] (HR), HRV [31], pupil dilation [32] (PD), skin temperature [33,34] (ST) or
EEG [6,8,35]. In addition, muscle activity, such as microvibrations [9] and muscle tension [10,36],
is affected by stress. The Sympathetic Nervous System (SNS) of the Autonomous Nervous System
unconsciously controls these vital signs and are thus considered reliable sources [37]. Prior work
demonstrated EDA as being linearly related to arousal and widely used in the context of stress
sensing [38–40]. More specifically, EDA has been used to measure stress in applications, such as
measuring the stress of call centre agents [39] and the discrimination of stress from the cognitive
load [40]. In addition, in many laboratory and field studies, EDA is considered one of the gold-standard
methods to sense stress [41]. As the SNS mainly controls EDA, it is regarded as a reliable physiological
sign for acute stress [42].
Furthermore, prior work revealed that mental stress related to cognitive load has an impact on
HRV [6,8], in particular towards reduced HF components [43–45]. Measurable changes in HR has also
been observed during high attention tasks [44]. Electrocardiography (ECG) and Photoplethysmogram
(PPG) [46,47] are the earliest technologies used in literature to measure HR and HRV. High power
consumption and tight sensor placements are the major draw back of these technologies. Meanwhile,
various studies, such as BioWatch [48], SenseGlass [49], SeismoTracker [50], investigated smart devices
capable of measuring HR and HRV based on ballistorcardiography (BCG). Although BCG can compete
with state-of-the-art techniques [51], it is susceptible to unwanted motion artifacts and thus only
reliable in resting states, such as sleeping, standing or sitting. In summary, wearable sensing using
wristbands, nail clips, vests and headbands are often uncomfortable, given the bulkiness and tight
sensor mounting.
Another option is contact-free sensing of physiological data [52], such as using thermal
cameras [53,54] or Doppler radar [55]. As cameras are typically expensive, webcams are a low-cost

Sensors 2020, 20, 2882

3 of 24

alternative to measuring HR and HRV from the human face [17,18]. Inspired by previous studies,
COGCAM [16] measured cognitive stress with digital cameras, placed 3m away from the user.
In these studies, participants are instructed not to move their head, which restricts natural behaviours.
An ambient light source ensuring constant light conditions is essential. Privacy concerns may arise
when using cameras for tracking.
An increased muscle activity can also indicate stress. For instance, an increased amplitude of
the muscles’ microvibrations [9] and an increased muscle tension can provide stress indicators [10].
Other researchers [41,56,57] have detected some types of muscle tension implicitly by analysing
keyboard and mouse control. An increased typing pressure and a greater contact with the surface
of the mouse has been observed in stressed conditions [41]. We believe such implicit sensing is an
unobtrusive and thus desirable approach we would also like to explore.
1.1.2. Facial Expressions
In recent years, identifying affective states based on facial expressions has been widely explored in
the area of affective computing [58]. Technology-wise, vision-based camera tracking, including depth
cameras [59], are the most commonly used technologies in identifying facial expressions [60]. A recent
work [61] investigated stress and anxiety sensing using facial cues, in which the authors’ induced acute
stress by internal and external stressors. All videos recorded were analysed posterior and a machine
learning model scored between 80–90% accuracy in recognizing stress tasks. Although vision-based
identification is demonstrably effective, unfavourable light conditions and movement artifacts easily
affect detection accuracy.
Other researchers identify facial expressions based on skin-contact electrodes, such as piezoelectric
sensing [62], EMG [63,64], capacitive sensing [65,66] and electric field sensing [67]. These researches
demonstrate the detection of facial gestures, such as frowning, eye wink, eye-down, mouth movements,
etc. and infer on emotions such as frustration, confusion and interest engagement. Although the
identification of emotions and facial expressions seem reliable, the outcome may differ in real-life
scenarios given that facial expressions are known to deceive easily [68].
2. StressFoot
In this paper, we explore the feasibility of utilising foot movements and posture characteristics to
identify acute stress.
2.1. Concept
Previous studies demonstrate that body expressions are as powerful as facial expressions in
conveying emotions [13,69,70]. Body expressions can play an important role in non-verbal communication
than previously thought [69,71]. Studies have also utilized body expressions to detect stress [72].
According to Wallbott et al. [73], changes in body posture provides a strong indication for the changes
in affective states. Body expressions are stated as being greater in revealing a deception than relying on
facial expressions [68]. Some affective expressions may even be better pronounced using body posture
than facial expressions [74]. Recent advances in ubiquitous computing enable the recognition of these
body expressions. For instance, computer games such as Nintendo Wii and Microsoft Kinect [13,75]
not only utilise body movements as a means to control the game but also to capture the emotional
and cognitive performance of the player. The majority of previous works on affective recognition
systems utilising body postures and body expressions rely on vision-based techniques that analyse
motion data by rgb and depth cameras [75,76]. For instance, Kleinsmith et al. [75] classified four
affective states (concentration, defeat, frustration and triumph) with people playing a sports game
on Nintendo Wii, and achieved an accuracy of 50%. Another work demonstrates the detection of
sadness, joy, anger and fear with a 84–94% accuracy using a 6-camera Vicon motion tracking system.
Although vision-based systems seem promising in identifying body postures, these are impractical
to integrate into one’s daily routine when aiming to identify emotions, such as those induced by
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acute stress. As an alternative for vision-based approaches, inferring stress based on posture has been
explored previously by embedding pressure sensor in chairs [77]. In this work, authors identified
fast movements of Centre of Pressure as a valuable feature in detecting stress. A similar approach
was used to detect interest levels of students [78]. This approach required instrumenting chairs with
high-resolution pressure sensors, which may not be scalable. However, we believe the sitting posture
variations should reflect from the foot posture and motion variations. In literature, smart insoles has
been used to detect postures unobtrusively [23,79]. Hence, a smart insole-based solution could be a
practical and unobtrusive solution to identify stress that is induced by body language, such as through
tracking leg movements and posture characteristics.
2.2. Prototype
The base of the StressFoot prototype is a pair of sport shoes (Figure 1A). To sense the pressure
distribution of the foot, we insert a pair of pressure sensitive insoles (UK size 9–10). These insoles are
commercially available from sensing.tex [80] and offer 16 pressure sensors that rely on a force sensitive
resistance technology (Figure 1B). In addition, the sensor placement is aligned with the critical pressure
points discovered in previous work [81,82]. To drive the insoles, we developed a voltage divider circuit
interfacing the insole with the Sparkfun Razor board that consists of an SAMD21 microprocessor
manufactured by Atmel Corporation in San Jose, CA, USA. To greater understand the angle and
motion of the leg and feet, we also queried the accelerometer of 9 DOF IMU (MPU-9250) manufactured
by InvenSense in San Jose, CA, USA that comes with the microcontroller board, which was tied to the
user’s ankle. We decided to only utilise the Accelerometer (X,Y,Z) data, since it provides sufficient
information. The prototype has a 3.7 V, 400 mAh LiPo battery and an SD card, to allow a fully wireless
operation, without constraining the user’s movements. The prototype can be used for approximately
16 h when it is fully charged.

C

B

A
D
E

Figure 1. Prototype: (A) shoe, (B) sensing.tex insole, (C) ankle strip, (D) SAMD21 microprocessor
board with inertial measurement unit (IMU), secure digital (SD) card, voltage divider circuit and
(E) 400 mAh Battery.

2.3. Features
We ran a pilot study with 5 participants, in which we asked the users to complete the minesweeper
game in a limited time. We presented a clock to the user, and an observer was also present to
make negative comments on the user’s performance. Among all participants in the stress situation,
we observed a change in leg posture and a different foot contact with the floor. Two participants
demonstrated a nervous leg shaking and foot tapping. Our prototype is designed to identify these
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unique characteristics by sensing plantar pressure distributions of the foot, as well as tracking the foot
angle and motions. We defined 10 low-level features reflecting these behaviours, which are:
2.3.1. A: Foot Pressure
The forefoot pressure was calculated by adding the pressure of 12 sensor points located at the
forefoot area of the insole. To calculate rear-foot pressure, the sensor readings of 4 sensors located at
the heel area were added together. The sensor layout is depicted in Figure 2.
If the ith sensor is Pi :
12

PF =

∑ Pi

(1)

i =1
16

PR =

∑

Pi

(2)

i =13

Before summing the raw data, we applied a moving average filter of a 1 s window size to filter out
high frequency noises. Finally, we calculated the total foot pressure by summing up all pressure points.
16

PT =

∑ Pi

(3)

i =1

Since the features are independent from previous data points, all pressure features were segmented
into 10 s non-overlapping windows. Then, the mean of each window is used for the model training.

Figure 2. The sensor layout of the insole.

2.3.2. B: Centre of Pressure
Literature has shown the Centre of Pressure (CoP) as an interesting feature to understand different
postures and motion while standing [23], as well as sitting [77]. Therefore, we calculated the CoP for
both dimensions (X-axis and Y-axis—see also Figure 3B) by using a weighted average calculation as
mentioned in prior work [23]. The CoP was also calculated over 10 s of non-overlapping windows
since it is independent from the previous window.
YCoP =

16
∑12
i =1 Pi yi + 3 ∑i =13 Pi yi
PF + 3PR

(4)

XCoP =

16
∑12
i =1 Pi xi + 3 ∑i =13 Pi xi
PF + 3PR

(5)
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Feature Models

A: Forefoot Pressure

B: Center of Pressure

C: Foot/Leg Posture

D: Foot Tapping

Accelerometer

Study 1 :
Plantar Pressure
Insole

Study 2 :
Emperical
Replicability

Constructing
Validity

Study 3 :
External
Validity

Figure 3. To detect acute stress, we present a shoe prototype incorporating a pressure sensitive insole
and an IMU worn around the ankle. Based on literature research and observations, we propose four
features that can reveal the user’s stress level. We show that a significant forefoot pressure, deviations
in the centre of pressure, different foot/leg postures, and tapping of the foot, can indicate an elevated
stress level. To validate generalisability, we conducted three studies: Study 1—Constructing Validity,
Study 2—evidencing Empirical Replicability and Study 3—testing for External Validity. Our proposed
models score reasonable accuracy and show robustness across different users.

2.3.3. C: Foot/Leg Posture
The acceleration data of each axis (aX, aY, aZ) primarily indicates the leg/foot posture defined by
the knee angle as seen in Figure 3C. Similar to the above mentioned features, the raw data stream of
each axis was segmented into non-overlapping 10 s windows and the mean of the each window was
used in model training. Since the sampling rate was 50 Hz, the mean of 500 data points were taken in
each 10 s window for all 3 axes. If the number of data points per window is W where W = 500:
aXmean =

aYmean =

aZmean =

1
W
1
W
1
W

500

∑ aX

(6)

i =1
500

∑ aY

(7)

i =1
500

∑ aZ

(8)

i =1

2.3.4. D: Foot Tapping
The dominant and the median frequency of each axis are used to describe foot motions, such as
foot tapping, waving and leg shaking. We recognised that some motions may be very minimal.
To avoid cancelling out these low-amplitude motions when calculating a 3D vector-norm, we deployed
the axis-inversion algorithm Matthies et al. introduced [83]. For instance, if we inverted X axis of
the accelerometer the inverted axis aXinv would be: aXinv = 2MAX ( aX ) − aX. After segmenting
the signal into 10 s non-overlapping windows, we calculated three 3D norms, each with a different
inverted axis. From the resulting signals, the 3D-norm with the highest peak-to-peak, V3D was selected
for further processing. Then, FFT was used to identify the frequency components of the signal before
we extract the dominant and median frequency [84].
FD = FMaxEnergy ( FFT (V3D ))

(9)

FM = FMedianEnergy ( FFT (V3D ))

(10)

3. Construct Validity—Study 1
As elaborated before, conceptual-wise leg/foot postures and movements should yield information
that could indicate stress. Therefore, in our first study, we aim to construct the validity of this concept
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by developing a machine learning model that aims to distinguish acute stress and relaxation. The study
protocol was approved by the University of Auckland Human Participants Ethics Committee.
3.1. Participants
The participants had to be at least 18 years of age, English speaking and able to provide written
consent. In addition, participants needed to have a foot size of UK 9–10 to match the size of the
prototype. Participants with prolonged foot-related injuries were excluded. We recruited 23 healthy
participants (12 Males and 11 Females) aged between 21–32 years old (M = 26.4, SD = 3.17).
3.2. Apparatus
To collect the data, we used the StressFoot prototypes. In addition, the Empatica E4 wristband [85]
was used to collect the participant’s EDA. All the study tasks were executed and visualised on a 13”
Macbook Pro, which was connected to an extended DELL LED monitor. (see Figure 4).

Figure 4. Experimental setup: (A) StressFoot prototype, (B) Empatica E4 wristband, (C) Macbook Pro,
(D) Dell LED monitor and (E) adjustable chair.

3.3. Procedure & Tasks
After explaining the aim of the study, participants were required to fill out consent forms.
Participants were informed that the study aims to explore behavioural changes while performing tasks
which induce stress and relaxation. We then collected demographic data and asked the participant to
wear the apparatuses. The participants were then asked to sit in-front of the Macbook Pro with an
extended display as shown in Figure 4. We allowed the user to adjust the chair and the distance of the
table according to their personal preference. During the study, they were also allowed to cross their
legs. However, we asked them not to take the foot up to the chair. Once the setup was complete and
the user was comfortable, we asked them to complete four tasks. The first, as well as the third task,
were stress-inducing tasks, while the second and fourth tasks intended to create relaxation. The task
order remained consistent for all participants. After the completion of each task, the participant had
to fill a questionnaire. On a 7-point Likert scale, the users had to rate their perceived stress level,
energy level and how pleasant they found the task. A NASA Task Load Index (NASA TLX) [86] was
conducted to calculate the overall workload per task.
3.3.1. Task 1 [Stress]: Stroop Color and Word Test
The Stroop color and word test is a common stress test (Stroop Test) [87] used in many previous
works [10,88,89]. For our study, we customised an open source MatLab-based Stroop Test tool to
display four words (“Red”, “Magenta”, “Green” and “Blue”) on the screen. Participants were then
asked to type the first letter of the colour (‘R’, ‘M’, ‘G’, ‘B’) the displayed word was coloured with.
After each answer, the program provides the result by displaying the word “correct” or “incorrect”.
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The participant has to perform 5 rounds. Each round has 20 words with a mismatch of 80% between
the word and the colour it is printed with. We use several tactics to induce stress among participants.
As participants were required to provide answers as quickly as possible, we first induced stress
by providing performance feedback on their speed and accuracy. We further elevated stress levels
by exposing the participant to loud traffic noises through a headset. Moreover, an experimenter
continuously observed the participant, and verbally commented on the participant’s performance.
Completing the stress task took 5 min.
3.3.2. Task 2 [Relaxation]: Minesweeper Introduction Video
The second task aimed to induce relaxation among the user after the stress task. It was also
intended to provide an introduction to the game, Minesweeper. For this, we selected an entertaining
Minesweeper Let’s Play Video from the platform youtube.com. The selection of this video was
completed beforehand with 3 pilot study participants. We explicitly informed the user that the video is
purely for relaxation purposes and also encouraged the user to relax and enjoy the video. The video
took 5 min.
3.3.3. Task 3 [Stress]: Minesweeper
Previous studies already utilized Minesweeper to induce a stress condition [90,91]. Therefore,
we used an implementation, in which the user had to find 10 mines in an area of 10 × 10 fields within
a time frame of 100 s. The user had to complete 10 rounds. To increase the stress level, the given time
was reduced by 10 s every round the user successfully completed the task. The score was indicated at
all times, and the user was challenged to complete at least 7 rounds successfully, which was deemed to
increase stress. Moreover, similar to task 1, the experimenter provided verbal comments aiming to
further elevate the stress level.
3.3.4. Task 4 [Relaxation]: Nature Video
This is the second relaxation task, in which we presented a relaxing nature video for 5 min.
Similar to the previous relaxation task, we selected this video based on user feedback from a previous
pilot study.
3.4. Data Gathering
The participant’s plantar pressure data, as well as the accelerometer data, were collected as a time
series with a sampling rate of 50 Hz and stored with the timestamp on an SD card. The EDA data
was collected with a sampling rate of 4 Hz at the Empatica E4 wristband. From this data, the mean
EDA and the average slope over a non-overlapping windows of 10 s were calculated. In addition
to collecting sensor data, the questionnaire collected the user’s perceived stress level, energy level
and the level of pleasantness: “How much did you feel stressed during the task? How energetic did
you feel during the task? How pleasant did you find the task?” We quantified the answers by letting
participants rate their answer on a 7-pnt Likert scale (1: low, 7: high). Moreover, we conducted the
NASA TLX to account for the induced task load. It consists of 6 questions which are equally weighted.
3.5. Data Analysis
To identify whether our task induced stress or relaxation as we expected, we conducted a pairwise
t-Test on user’s perceived stress level, energy level, the level of pleasantness and the task load.
In addition, to detect significant difference of average EDA slope we conducted another pairwise t-Test.
Since the data was normally distributed according to Shapiro Wilk’s test, parametric tests such as
pairwise t-Test and oneway-Anova were used. The participant’s plantar pressure data and IMU data
were used to calculate features as mentioned above and used in model training.
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3.6. Results
As shown in Figure 5, both stress tests, Task 1: Stroop Colour and Word Test, as well as Task 3:
Minesweeper, indeed induced an elevated stress level based on the users’ subjective rating. Task 1
scored M = 5.06 (SD = 0.68) and Task 3 scored M = 6.05 (SD = 0.76), respectively. In both relaxation tasks,
Task 2: Minesweeper Introduction Video, as well as Task 4: Nature Video, the average rated stress
level significantly reduced to M = 2 (SD = 0.76) and M = 1.39 (SD = 0.58). A pairwise t-Test (t = 19.33;
p < 0.05), demonstrating significance and provides proven evidence of our success in inducing stress
and relaxation among the users.
Task 1
[Stress]

Task 2
[Relaxation]

Task 3
[Stress]

Task 4
[Relaxation]

How much did you feel stressed during the task?
5.06 /7

2 /7

6.05 /7

1.39 /7

5.85 /7

2.91 /7

4.47 /7

4.95 /7

6.43 /7

33.55 /100

74.67 / 100

21.3 /100

How energetic did you feel during the task?
5.38 /7

3.67 /7

How pleasant did you ﬁnd the task?
4.5 /7

Task Load
64.03 /100

Electrodermal Activity
.65 (μSiemens)

.25

(time)

A: Foot Pressure (Insole)

A1: Fore Foot A2 Rear Foot A3 Total

1 (Accuracy)

0

B: Center of Pressure (Insole)

B1: CoP X-Axis B2: CoP Y-Axis

1

0

C: Foot/Leg Posture (Accelerometer)

C1: X-Axis C2: Y-Axis

C3: Z-Axis

1

0

D: Foot Tapping (Accelerometer)

D1: Median Frequency D2: Dominant Frequency

1

0

Multi Feature Models

A1 + B2 A1+B2+C3+D1 ALL

1

0

Figure 5. Summary of the results for each task in study 1. The graph of electrodermal activity was
computed using the average of the mean electrodermal activity (EDA) over non-overlapping windows
of 10 s of all the participants. Accuracy graphs were computed by calculating the average stress
detection accuracy of all the participants over non-overlapping windows of 10 s.
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Acute stress raises adrenaline levels, making participants feel energetic. In accordance with the
answers, all participants stated they felt significantly more energetic during the stress task 1 (M = 5.38;
SD = 0.89) and 3 (M = 5.85; SD = 1.04), than at the relaxation task 2 (M = 3.67; SD = 1.67) and 4 (M = 2.91;
SD = 1.78). A pairwise comparison between the stress and relaxation task demonstrated a statistical
difference (t = 7.09; p < 0.05). We hypothesised that a relaxation task will also be more pleasant
than a stress task. The perceived pleasure was positive throughout all tasks (T1: M = 4.5; SD = 1.51,
T2: M = 4.47; SD = 1.6, T3: M = 4.95; SD = 1.9, T4: M = 6.43; SD = 0.79). Grouping both relaxation
tasks together demonstrated significance to the stress tasks (t = 2.84; p < 0.05). However, this effect is
only significant because the last relaxation task, watching a nature video, was rated as extraordinarily
pleasurable. A oneway-ANOVA (F3,71 = 7.88, p < 0.05) confirmed this task as significantly more
pleasurable than all other tasks. In addition, The NASA TLX seems to be correlated with the actual
stress level. A pairwise t-Test (t = 13.24; p < 0.05) indicated two groups as significantly different from
each other. Both stress tasks (T1: M = 64.03 ; SD = 17.46 and T3: M = 74.67; SD = 11.32) showed a
significantly increased task load in comparison to the relaxation tasks (T2: M = 33.55; SD = 11.78 and
T4 M = 21.3; SD = 8.08). The data coincides with the self-perceived stress level.
3.6.1. Electrodermal Activity (EDA)
As displayed in Figure 5, the average EDA profile of the participants show a significant increase
in both stress tasks (T1 and T3) in comparison to the relaxation task (T2 and T4), which is evidenced by
a pairwise t-Test (t = 2.05; p < 0.05). These findings show that the physiological response also correlates
to the self-reported stress level and with the Task Load of the participants.
3.6.2. Model Training
As previously stated, we identified four general characteristics that occurs at our foot when
placed under pressure. Since our data is low-dimensional to identify the quality of these features, we
developed a model for each individual feature using a machine learning classifier. We tested 5 different
classifiers with our data, which were: Random Forest (RF) (ntree = 3, mtry = 2), K-Nearest-Neighbour
(KNN) (k = 9), Support Vector Machines (SVM) (sigma = 13.9779 C = 0.25, kernel = radial), Decision
Trees (CART), cp = 0.02294894 and Linear Discriminant Analysis (LDA). A one-way ANOVA for
correlated samples (F4,60 = 4.82, p < 0.05) showed significant differences. A Tukey’s post-hoc analysis
suggested that LDA-KNN, LDA-SVM, LDA-RF pairs yielded a significant difference. We selected the
LDA classifier because it showed a consistent and higher mean performance with our data.
Using a supervised learning approach, we trained 10 single-feature models (A1, A2, ..., D2) based
on the annotation of our ground truth data. For the ground truth data, we considered the data gathered
from all participants, whose stress rating was M > 4 for the stress tasks and whose stress rating was
M < 4 for the relaxation tasks. Hence, for training our model, we excluded ambiguous data, which
showed a low stress level at stress tasks (T1: 7/23p., T3: 3/23p.) and an elevated stress level at a
relaxation task (T2: 8/23p., T4 0/23p.). Moreover, we excluded the first 60 s and the last 60 s of each
task when training our model. Exclusion was necessary to reduce possible noise created by a task
accustomisation at the beginning and task exhaustinction at the end of the task.
3.6.3. Model Validation
Each model (A: Foot Pressure, A1: Fore Foot, A2: Rear Foot, A3: Total Foot, B: Center of Pressure
B1: CoP X-Axis, B2: CoP Y-Axis, C: Accelerometer C1: X-Axis, C2: Y-Axis, C3: Z-Axis, D: Foot Tapping,
D1: Median Frequency, D2: Dominant Frequency) was trained and validated using a leave-oneUser -out
method. Meaning, we built a user-specific model, which was trained by all other users, but does not
include the one we tested the model with. Figure 5 depicts the accuracy rates for a stress detection.
Instead of calculating an overall accuracy for each task, we calculated the accuracy for non-overlapping
windows of 10 s to allows us to observe the progressing confidence throughout the task. Table 1
summarises the overall accuracy rates across all single feature and multi-feature Models. Creating a

Sensors 2020, 20, 2882

11 of 24

model using all features provides a reasonable accuracy (M = 83.9%). However, the standard deviation
(SD = 12.01) is higher than any other model. The highest accuracy (M = 85.32; SD = 8.1) was from the
combination of all four high performers (A1+B2+C3+D1). Although the standard deviation is relatively
high as a single feature model, C3 showed the highest accuracy (M = 83.1; SD = 11.9) compared to
other single feature models. In addition, a pair-wise t-Test was conducted to identify the separation
sharpness between the stress and relaxation tasks. Except for model A3, all other models showed a
high distinguishability (See Table 1).
Table 1. Model performance (selected classifier: Linear Discriminant Analysis (LDA)).
Feature Model
Accuracy [%]
SD [%]
Distinguishablity [p]

A1+B2+C3+D1

C3+A1

ALL

C3

A1

B2

D1

C1

B1

D2

A2

C2

A3

85.32

85.0

83.9

83.1

79.8

78.8

69.3

67.3

66.6

65.3

62.5

52.8

50.7

8.1

9.7

12.01

11.9

11.1

6.7

7.9

8.0

11.3

6.7

11.4

10.6

9.25

<0.0001

<0.0001

<0.0001

<0.0001

<0.0001

<0.0001

<0.0001

<0.0001

<0.0001

<0.0001

<0.0001

<0.001

=0.2

4. Empirical Replicability—Study 2
To validate the generalisability of our models, we replicated the previous study with different
parameters, such as using different users and different tasks. The study protocol was approved by the
University of Auckland Human Participants Ethics Committee.
4.1. Study Design
The apparatus and data gathering remained the same. The procedure was very similar, with the
only difference being the deployment of a single stress and relaxation task. After each task,
the participants were asked to answer the same questionnaire from the previous study and to complete
a NASA TLX. The data analysis remained the same. We recruited 11 new participants (7 males and
4 females), aged between 22–34 (M = 26.4, SD = 3.17) with different ethnicity. The inclusion/exclusion
criteria were similar to previous study. We also utilised a different stress (Task 5: Mental Arithmetic
Test) and relaxation (Task 6: Nature Video) task.
4.1.1. Task 5 [Stress]: Mental Arithmetic Test
Participants were asked to complete 20 challenging maths questions based on fundamental
mathematics within 5 min. We created additional pressure by informing participant’s their performance
will be graded. Similar to previous tasks, an experimenter observed their performance and commented
on their performance.
4.1.2. Task 6 [Relaxation]: Nature Video
To relax the user, we showed a 5 min nature video with soothing music. The video was different
to the one in Task 4.
4.2. Results
In accordance with the questionnaire, all the participants agreed they felt stressed (M = 5.36;
SD = 0.92) during the mental arithmetic task and relaxed (M = 1.72; SD = 0.64) during the relaxation task
(see Figure 6). A pairwise t-Test (t = 11.74; p < 0.05) confirmed that all participants were significantly
more stressed during stress Task 5 compared to the relaxation Task 6. All participants stated they
felt more energetic during stress task 5 (M = 5.18; SD = 1.47), than at the relaxation task 6 (M = 3.45;
SD = 2.01), which was confirmed as statistically different following a pairwise t-Test (t = 2.55; p < 0.05).
Additionally, participants rated the relaxed task (M = 6.36; SD = 0.67) as more pleasant than the stress
task (M = 4.18; SD = 2.13), which was evidenced as significant by a pairwise t-Test (t = 3.54; p < 0.05).
Most crucially, in terms of Task Load (equally weighted), a pairwise comparison (t = 9.49; p < 0.05)
between both tasks clearly indicated that stress Task 5 significantly induced a higher task load than
relaxation Task 6.
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Task 5
[Stress]

Task 6
[Relaxation]

How much did you feel stressed during the task?
5.36 /7

1.72 /7

How energetic did you feel during the task?
5.18 /7

3.45 /7

How pleasant did you ﬁnd the task?
4.18 /7

6.36 /7

71.41 /100

19.39 / 100

Task Load
Electrodermal Activity
.65 (μSiemens)

(time)

.25

A: Foot Pressure (Insole)

A1: Fore Foot

1 (Accuracy)

0

B: Center of Pressure (Insole)

B2: CoP Y-Axis

1

0

C: Foot/Leg Posture (Accelerometer)

C3: Z-Axis

1

0

D: Foot Tapping (Accelerometer)

D1: Median Frequency

1

0

Multi Feature Models

A1 + C3 A1+B2+C3+D1 ALL

1

0

Figure 6. Results of generalisability. The graph of electrodermal activity and accuracy shows the
averages of the 11 participants over non-overlapping windows of 10 s.

4.2.1. Electrodermal Activity (EDA)
These subjective ratings are also consistent with the physiological data gathered—the average
EDA response. It showed an overall positively increasing slope at the stress task 5 and negatively
decreasing slope for relaxation task 6. Comparing the trends of both tasks by a t-Test confirmed the
average EDA slopes to be significantly different (t = 6.9; p < 0.05).
4.2.2. Overall Model Validation
The features were extracted as mentioned before and classified (using LDA) with seven previously
built models. We chose four single feature models based on the best performer for each observed
characteristic, which are: A1, B2, C3 and D1. Furthermore, we used a multi-feature model combining
all four. The sixth model was generated based on previous data and by combining the most
meaningful features of A1 and C3. The final model was a combination of all computed features.
Again, we windowed the accuracy of models over 10 s to observe any periodic trends (see Figure 6).
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The summary of the overall accuracy rates are shown in the Table 2. A one-way ANOVA for correlated
samples (F6,339 = 12.75, p < 0.05) showed significant differences between the accuracy of the models.
A Tukey’s post-hoc analysis revealed that the significant difference occurred due to the low mean
accuracy of model D1. Since model A1+B2+C3+D1 showed slightly higher accuracy than model
C3+A1 and a lower standard deviation (M = 87.45; SD = 8.5), we suggest it is the best performing
model. Furthermore, it will work for most of the users, since it considers a feature related to foot
tapping such as D1. The model incorporating all features showed an overall accuracy of 85.6%,
but with a comparably high standard deviation (SD = 12.0). Model C3 showed the highest accuracy
as an individual feature model (M = 86.7; SD = 10.0). In a pair wise t-Test, all models indicated high
separation sharpness between stress and relaxation (p < 0.0001).
Table 2. Model Performance for second set of participants for different tasks (Selected classifier: LDA).
Feature Model
Accuracy [%]
SD [%]

A1+B2 +C3+D1

C3+A1

ALL

C3

A1

B2

D1

87.45

87.3

85.6

86.7

79.3

79.6

66.5

8.5

9.62

12.0

10.0

8.5

6.5

7.6

5. External Validity—Study 3
In this study, the goal is to demonstrate the robustness of our model. Therefore, we conducted
an in-field study at which we recorded data over a working day from users performing their usual
everyday office tasks. Similar to the previous studies, the University of Auckland Human Participants
Ethics Committee approved the protocol.
5.1. Participants
We recruited 10 participants (7 males and 3 females) aged between 25 and 34 (M = 29.9, SD = 3.4).
Among these participants, four were from the first study, another four were from the second study and
two were newly recruited. A requirement for our participant selection was a foot size that matched
the prototype. In addition, the participant had to work in an office and spent the majority of the
time in a sitting posture (>70%). Apart from this, the inclusion/exclusion criteria remained similar to
previous studies.
5.2. Task and Procedure
The study was conducted on a particular day that the participants expected to have some periods of
acute stress. Some of the stress tasks included working for a deadline, debugging a firmware/software,
having a meeting with their supervisor, writing a paper for an upcoming submission, etc. Having
lunch/coffee with friends and having casual chats with friends were some activities that would
supposedly relax the participants.
The study began at 09:45 a.m. local time at the participants’ office space. After elaborating on
the study procedures, filling consent forms and collecting demographic data, the experimenter asked
participants to wear the StressFoot and E4 wristband. At 10:00 a.m., the experimenter initialised
apparatuses for data collection and asked participants to fill a questionnaire, asking them to rate their
current stress level, energy level and how pleasant they felt on a 7-point Likert scale. Then, participants
were asked to continue their work as usual. We asked participants to fill out two forms, a calendar
application reporting the type and duration of tasks performed, as well as a questionnaire. These
were the only tasks we asked the participants to perform hourly over 8 h from 10:00 a.m. to 6:00 p.m.
To ensure the participants would remember to report and to fill out the calendar and the form, they
received reminders via visual and audio pop-ups at the end of each hour. The questionnaire asked
the participants to rate their perceived stress level, energy level, as well as how pleasant they felt
during last hour. Part of the questionnaire was to fill a NASA TLX, which we used to calculate the
overall workload.
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5.3. Apparatus and Data Gathering
Similar to the previous studies, the StressFoot prototype was used to collect foot motion and
pressure data. The Empatica E4 wristband was used to collect EDA, as well as motion data from
the participants.
The data gathering was thus similar to the previous study. Additionally, we collected accelerometer
data from the E4 wristband to identify motion (walking) and posture (sitting/standing). We used
the E4’s preset sampling rate of 32 Hz. The data analysis also remained similar to the previous study.
Next, we segmented the accelerometer data into non-overlapping windows. Literature suggests using
a window size less than 10 s, such as 2.5 s [92] or even 1 s [93]. Through an experimentation with three
users, we determined 5 s as a suitable window size for our use case. To identify motion and posture,
we relied on a threshold analysis with a single feature, as suggested by Gjoreski et al. [94]. The feature
used is the first derivative over the entire window, also known as an “Acceleration Vector Change”
(AVC) [94]. This feature can identify: walking (AVC >= 2 ms−3 ), standing (AVC < 0.1 ms−3 ) and sitting
(0.1 ms−3 =< AVC < 0.2 ms−3 ). We applied this to extract the timestamps to identify the sitting time.
Using these timestamps, we selected the sitting data from the corresponding foot motion and foot
pressure data from the StressFoot prototype.
Finally, the sitting data was segmented into 10 s of non-overlapping windows. Then, all features
were extracted, as mentioned before, and classified using the best performing model, which was a
multi-feature model (A1+B2+C3+D1). At every 10 s window, the model classifies whether a participant
is stressed or relaxed. We then calculated the percentage of the number of windows that classified
stressed. This provides a measurement of the duration that a participant might have been stressed.
Therefore, for each hour, we calculated a ratio (RS ), where:
RS =

nWindowssitting (Stressed)
nWindowssitting ( Total )

(11)

5.4. Results
5.4.1. Activities
As depicted in the Table 3, all the participants spent the majority of their time in a sitting
posture (M = 79.5, SD = 6.1). Designing PCBs, coding, soldering, debugging firmware/software,
reading/writing papers, meetings, writing emails, having coffee/lunch and watching YouTube,
were the major activities that participants reported doing during the study.
Table 3. Percentage of being in sitting posture of each participant during the 8 h field study.
Participant No:

P1

P2

P3

P4

P5

P6

P7

P8

P9

P10

Sitting time [%]

85.7

76.5

76.3

73.9

88.4

86.7

70.6

75.1

83.8

78.2

Most of the participants marked higher stress levels (>4 on a 7-pnt Likert scale) when they
performed office work-related activities, such as coding, debugging and writing papers. A summary
of the self-reported stress level, level of energy and level of pleasantness across all participants is
depicted in Table 4. According to the table, when participants felt stressed (Stress Level > 4), a lower
level of pleasantness (M = 3.8, SD = 1.4) was reported compared to when participants were relaxed
(Stress Level < 4). Welch’s t-test further confirmed that there is a significant difference (t = −4.10;
p < 0.05). Moreover, Welch’s t-test showed a significantly higher task load when participants were
stressed, compared to being relaxed (t = 7.02; p < 0.05). These findings confirm that we have collected
two significantly different levels of stress (stress and relaxation).
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Table 4. Summary of level of pleasantness, energy level and task load.
Level of Stress > 4

Level of Stress < 4

p

t

Level of Pleasantness

M = 3.8, SD = 1.4

M = 5.2, SD = 0.9

<0.05

4.10

Level of Energy

M = 4.9, SD = 1.1

M = 4.3, SD = 1.4

>0.05

1.64

Task Load

M = 62.3, SD = 8.6

M = 42.4, SD = 11.4

<0.05

7.02

Moreover, the rated “level of energy” was not statistically different when dividing the gathered
data into two groups (stressed and relaxed) following the Welch’s t-test (t = 1.64; p > 0.05). This means
the perceived level of energy does not relate to stress since energy can be both positive and negative.
5.4.2. Electrodermal Activity (EDA)
Table 5 summarises the average EDA slopes of the participants in stressed and relaxed conditions.
When a participant marked the previous hour with a stress level > 4, we considered that hour as a
high stress duration. We considered ratings below 4 as a relaxed period. When stressed, the majority
of participants (5 out of 6) demonstrated an average positive EDA slope. Comparatively, when
participants were relaxed, 8 out of 10 participants showed an overall negative EDA slope. However,
none of the participants showed a significantly different mean EDA slope according to Welch’s t-test
(see Table 5). The limited difference is due to high variances of EDA readings caused by external
factors, such as motion artefacts, ambient temperature variances and loose contact of electrodes on
the skin.
Table 5. Summary of EDA slopes of each participants while being stressed and relaxed.
Parti. No:
P1
P2

Stress
1.99 ×

10−6

10−6

p

t

−1.61 ×

10−5

>0.05

0.08

−3.58 ×

10−6

-

-

−3.93 ×

10−5

>0.05

0.02

Relax

P3

5.16 ×

P4

2.91 × 10−6

−9.69 × 10−5

>0.05

0.17

P5

7.04 × 10−5

−2.38 × 10−4

>0.05

0.15

P6

2.95 × 10−5

−6.81 × 10−5

>0.05

0.38

-

-

-

-

-

-

>0.05

0.14

P7
P8
P9
P10

9.03 ×

-

−5.77 ×

-

4.48 ×

-

−8.08 ×

10−6

10−5

10−5

10−6

−3.52 ×

10−5

5.4.3. Overall in Field Validation
We now analyse how our model compares to the users’ Self-Reported Stress Level (SRSL). Figure 7
depicts the SRSL and RS of each hour for each participant. The graphs already demonstrate a positive
correlation. To identify the significance of this relationship, we calculated the Pearson’s Correlation
Coefficients (r) for each participant. All participants showed a positive correlation coefficient, with an
average of r = 0.79 (SD = 0.10). Eight out of 10 participants demonstrated a statistically significant
positive relationship (r > 0.7, p < 0.05) between SRSL and RS . Among these participants, three had a
high correlation coefficient (r > 0.9) which shows strong relationship between SRSL and RS . Only two
participants showed a moderate Pearson’s Correlation Coefficient (r = 0.67 and r = 0.65). However,
this result was not statistically significant (p > 0.05). Even from those two participants, P8 reported
lower stress levels (<4) for the entire study duration, which is also confirmed by our model showing a
lower RS (<0.5) value during the entire study period. Overall, we can conclude that all the participants
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showed a positive correlation, given the majority demonstrated a significantly high correlation between
SRSL and RS . Such findings evidences the robustness of our model in-field, beyond a controlled
laboratory setting.
P1

SRSL 7

1

RS 1

0

1

2

3

4

5

6

7

8 (hrs) r=0.67
p<0.05

1

2

3

4

5

6

7

8 (hrs)

P3

SRSL 7

1

RS 1

0

1
RS 1

0

2

3

4

5

6

7

8 (hrs) r=0.95
p<0.05

1

2

3

4

5

6

7

8 (hrs)

P5

1
RS 1

0

2

3

4

5

6

7

8 (hrs) r=0.79
p<0.05

1

2

3

4

5

6

7

8 (hrs)

P7

1
RS 1

0

2

3

4

1

2

3

4

1
1

0

1
1

0

2

3

4

5

6

7

8 (hrs) r=0.78
p<0.05

1

2

3

4

5

6

7

8 (hrs)

P9

1
1

0

1

2

3

4

1

2

3

4

2

3

4

5

6

7

8 (hrs) r=0.74
p<0.05

1

2

3

4

5

6

7

8 (hrs)

Stress

1
1

0

6

7

8 (hrs)

5

6

7

8 (hrs)

5

6

7

8 (hrs)

5

6

7

8 (hrs)

r=0.73
p<0.05

r=0.91
p<0.05

P6

1

2

3

4

5

6

7

8 (hrs)

1

2

3

4

5

6

7

8 (hrs)

5

6

7

8 (hrs)

5

6

7

8 (hrs)

r=0.95
p<0.05

P8

1

2

3

4

1

2

3

4

r=0.65
p>0.05

P10

7

1

5

P4

7

1

SRSL 7

0

1

7

1

SRSL 7

1
1

7

1

SRSL 7

P2

7

1

2

3

4

5

6

7

8 (hrs)

1

2

3

4

5

6

7

8 (hrs)

r=0.75
p<0.05

Relax

Figure 7. The figure shows the Self-Reported Stress Level (SRSL) and RS for each participant for each
hour. Where RS = (nWindowssitting (Stressed)/nWindowssitting ( Total )). The Pearson’s Correlation
Coefficient r and the level of significance p for each participant’s SRSL and RS is also depicted.

6. Discussion
6.1. Accuracy
Our highest performing model is an LDA classifier with an accuracy of 86% in laboratory
conditions. In literature, the models based on physiological parameters such as EDA, ECG, HRV,
showed similar or higher accuracy in laboratory validations [32,39]. For example, an SVM model,
based on features from a combination of physiological signals such as EDA, Blood Volume Pulse,
ST and PD achieved an accuracy of 90.1% [32]. Although the model has achieved a higher accuracy,
it has some limitations in field deployment. PD requires line of cite and may generate privacy concerns.
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In addition, according to authors, removing PD may drop the accuracy closer to 60%. In another
study, authors were able to discriminate stress from cognitive load by using a LDA classifier based on
EDA [40]. In a laboratory setting, they achieved an accuracy of 82.8%, which is slightly lower than
the results we achieved in our study. In addition, an SVM model based on facial EMG, respiration,
EDA and ECG was used to recognise 5 emotional states such as high stress, low stress, disappointment,
euphoria and neutral. The paper reports an accuracy of 86% in a laboratory study [95]. In addition,
another study reported a system which can classify stress with 86% accuracy based on 15 features
extracted from EEG, ECG and EDA signal [96]. All these systems may be inconvenient, given the need
to tightly attach multiple wearable sensors onto the body. In our approach, we can recognise stress and
relaxation with a similar accuracy by using a simple accelerometer model, such as model C3. However,
our current model cannot detect different levels of stress.
Some of the prior studies related to body language [76] study and facial [61] expression also
achieved similar or slightly higher accuracy. However, many of these methods used camera-based
systems, which may have limitations in real-life implementations. Some of the higher accuracy
methods use multiple motion capture cameras, which is impractical to deploy in real-life, specifically
in an office environment. For example, a work which detected emotions related to negative stress such
as sadness, joy, anger and fear showed an accuracy of 93% [76]. However, the method uses 6 camera
vicon motion capture system. Although the accuracy is slightly lower than vision-based methods,
our approach captures certain body language related to stress while sitting by using a more practical
method, which can be easily used in real-life applications.
On the other hand, there are several real life validations reported in literature. Healey and Picard
proposed an LDA classifier to recognise stress of drivers using ECG, EMG, EDA and respiration [4].
Regardless of the cumbersome setup which consists of many on body sensors, they were able
to recognise three levels of stress (low, medium and high) in 97% of accuracy. In another study,
Hernandez et al. achieved an accuracy of 74% in call-center stress detection [39]. They proposed a
person specific SVM model, which uses EDA response for stress detection. In our field study, by using
four features related to foot motion and posture, we identified significantly high correlations between
self-rated stress levels and model-derived stress levels across users, ultimately showing the robustness
of the method.
Overall, methods which utilise a combination of physiological parameters seem to achieve higher
accuracy than our proposed method [4,32]. However, sensing multiple physiological parameters
requires attaching multiple sensors onto the user, compromising the comfort. Contrarily, previous
methods based on single physiological parameter demonstrated either similar accuracy or lower
accuracy [39,40]. The lower accuracy could be due to data losses and subjective differences. Some
methods based on body language and facial expressions have shown higher accuracy [61,76] due
to high sensing accuracy in visual-based sensing. However, those methods seem highly obtrusive
in real-life.
In addition, a recent study compared unobtrusive sensors for stress detection at sedentary
computer work [97]. In their analysis, they considered wrist worn, chest worn and thermal imaging
based sensors. They identified that wrist worn sensors, such as EDA and PPG, may not capture
stress accurately due to frequent data losses. This is mainly due to motion artefacts, such as electrode
movements, detaching from the skin and a change in pressure on the skin. In addition, chest worn
sensors which sense HR showed similar issues due to posture changes generating high noise and
thus failing to maintain proper contact with the skin. This is highly problematic in 6–8 h of sensing
in a typical working day. However, our approach does not result in such issues, specifically in an
office working environment. We have proven that risks of data losses are not present with our method,
given we sense foot motion and posture characteristics while sitting. While the study identified that
thermal imaging resulted in a greater identification of stress during computer work, this is not always
a practical method. Thermal imaging requires a consistent line of sight, which is problematic when
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the individual needs to attend to tasks away from their typical working desk. Our method poses no
such issues.
6.2. Applications
6.2.1. Professional Environment
In our studies, the recruited participants mainly performed computer-aided tasks in an office
environment while in a sitting posture. Other occupations, such as cashiers, emergency/non emergency
call centre workers, also perform their tasks while in sitting posture for prolonged periods. In addition,
the working environment of these occupations are similar to an office environment. Hence, our method
may work for these occupations as well. In such a scenario, stress sensing could be used to improve
mental health. However, further studies need to identify the viability of foot-based stress sensing
method for such occupations. In addition, remote stress monitoring of adults under home care is a
another potential application. Simple accelerometer can be embedded to a sock and thus monitor both
stress and activity level using a single sensor. However, to accomplish this further studies with better
classification algorithms stated in literature are required [98,99].
6.2.2. The Quantified Self
Enriching self-tracking with a stress detection is another application. In this community, stress is
being triangulated with several data of wearable sensors [100]. A simple feature could substantially
increase accuracy. Moreover, using an already available wearable, like a shoe, can address users who
prefer not to wear additional garment accessories.
6.3. Limitations and Future Work
6.3.1. Quantifying Multiple Stress Levels
Both lab studies only investigated discriminating stress from relaxation without aiming to identify
different levels of stress. However, the results of study 3 indicates that the frequency of demonstrating
stress related postures could reveal the extent of stress. However, it requires further research to infer
on different levels of stress that could be based on the frequency of stress-related foot movements and
foot posture characteristics.
6.3.2. Stress Detection in Sitting Posture and Other Activities
In our society, sitting is the most common posture demonstrated during both the working
week and weekends [101], which our findings also confirm (see Table 3). Therefore, our proposed
models would principally work for a majority of the time, whenever an individual is doing some
sort of intellectual work while seated. Detecting stress in other postures exceeds the scope of our
current research. Identifying stressful situations when performing regular activities, such as standing,
walking and running are thus considered future work. For this, we would first need to identify the
current posture and activity, such as by using an insole [24,25] or IMU [92,94,102], as shown in the
literature.
6.3.3. Accuracy Boost with Personalised Models
We aimed to develop a generalised model capable of working across different users. We observed
that the accuracy of our generalised models decreases for features, such as Median Frequency and
Dominant Frequency. This is because not all users demonstrate an elevated foot tapping/shaking when
stressed. In addition, we observed that individuals may have slightly different foot posture and motion
characteristics depending on the BMI and other personal habits. Relying on a personalised model will
further boost accuracy, particularly for features like foot-tapping. Further, a Neural Network approach
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can be advantageous, particularly when building a personalised model with a high volume of data
gathered in the wild.
6.3.4. Improved Hardware
In our current prototype, the IMU (in conjunction with the control unit) was attached to the ankle.
Our long-term goal is to integrate all these components into a smart footwear. This may change the
orientation of the IMU. Thus, the main signal could spread to different axis, resulting in another axis
to provide higher separation sharpness.
7. Conclusions
We presented StressFoot, a pair of smart shoes that can sense stress unobtrusively by using a
pressure sensitive insole and an IMU. Our prototype is capable of identifying acute stress and relaxation
while sitting, such as performing office tasks. We identified four characteristics, which reflect foot
pressure distributions, foot posture variations and foot tapping. Based on these features, we trained
several machine learning models with 23 participants by using a leave-oneuser -out and validated this
as a method to detect stress with an average accuracy of ∼85%. Then, with 11 additional participants,
we demonstrated the replicability of our model with a similar overall accuracy of ∼87%. Finally,
to evidence external validity, we conducted a field study with 10 participants, and evaluated the
robustness of our models in an actual office setting. The outcome was that the computed stress level
provided by our machine learning model correlates with the self-reported stress level with a coefficient
of r = 0.79. We envision StressFoot to be an unobtrusive system capable of detecting the user’s stress
level on a daily basis. By drawing attention to the user’s mental stress condition, such a system may
already be able to contribute to an improvement in overall mental well-being in the future.
Author Contributions: D.S.E. conceptualised and Investigation as part of his PhD research. D.J.C.M. and S.N.
contributed with overall supervision, review editing. All authors have read and agreed to the published version
of the manuscript.
Funding: This work was supported by Assistive Augmentation research grant under the Entrepreneurial Universities
(EU) initiative of New Zealand.
Acknowledgments: We acknowledge Ridmi Nimeshani Induruwa Bandarage for helping us in technical illustrations.
Conflicts of Interest: The authors declare no conflict of interest.

Abbreviations
The following abbreviations are used in this manuscript:
IMU
CoP
EDA
SRSL

Inertial Measurement Units
Centre of Pressure
Electrodermal Activity
Self-Reported Stress Level

References
1.
2.
3.
4.
5.

Pugliesi, K. The consequences of emotional labor: Effects on work stress, job satisfaction, and well-being.
Motiv. Emot. 1999, 23, 125–154. [CrossRef]
Renneberg, B.; Hammelstein, P. Gesundheitspsychologie; Springer: Cham, Switzerland, 2006.
Quick, J.D.; Horn, R.S.; Quick, J.C. Health consequences of stress. J. Organ. Behav. Manag. 1987, 8, 19–36.
[CrossRef]
Healey, J.; Picard, R.W. Detecting stress during real-world driving tasks using physiological sensors.
IEEE Trans. Intell. Transp. Syst. 2005, 6, 156–166. [CrossRef]
Villarejo, M.V.; Zapirain, B.G.; Zorrilla, A.M. A stress sensor based on Galvanic Skin Response (GSR)
controlled by ZigBee. Sensors 2012, 12, 6075–6101. [PubMed]

Sensors 2020, 20, 2882

6.

7.
8.

9.
10.
11.
12.
13.
14.

15.

16.

17.
18.
19.

20.

21.

22.
23.

24.

25.

26.

20 of 24

Hamid, N.H.A.; Sulaiman, N.; Aris, S.A.M.; Murat, Z.H.; Taib, M.N. Evaluation of human stress using
EEG power spectrum. In Proceedings of the 2010 6th International Colloquium on Signal Processing & Its
Applications, Mallaca City, Malaysia, 21–23 May 2010; pp. 1–4.
Nagae, D.; Mase, A. Measurement of heart rate variability and stress evaluation by using microwave
reflectometric vital signal sensing. Rev. Sci. Instrum. 2010, 81, 094301. [CrossRef]
Subhani, A.R.; Xia, L.; Malik, A.S. EEG signals to measure mental stress. In Proceedings of the 2nd
International Conference on Behavioral, Cognitive and Psychological Sciences, Maldives, 25–27 November
2011; pp. 84–88.
Rohracher, H. Microvibration, permanent muscle-activity and constancy of body-temperature. Percept. Mot.
Ski. 1964, 19, 198. [CrossRef]
Lundberg, U.; Kadefors, R.; Melin, B.; Palmerud, G.; Hassmén, P.; Engström, M.; Dohns, I.E. Psychophysiological
stress and EMG activity of the trapezius muscle. Int. J. Behav. Med. 1994, 1, 354–370. [CrossRef]
Lerner, J.S.; Dahl, R.E.; Hariri, A.R.; Taylor, S.E. Facial expressions of emotion reveal neuroendocrine and
cardiovascular stress responses. Biol. Psychiatry 2007, 61, 253–260. [CrossRef]
Navarro, J.; Karlins, M. What Every Body is Saying; HarperCollins Publishers: New York, NY, USA, 2008.
Kleinsmith, A.; Bianchi-Berthouze, N. Affective body expression perception and recognition: A survey.
IEEE Trans. Affect. Comput. 2012, 4, 15–33. [CrossRef]
Kim, D.; Seo, Y.; Cho, J.; Cho, C.H. Detection of subjects with higher self-reporting stress scores using heart
rate variability patterns during the day. In Proceedings of the 2008 30th Annual International Conference
of the IEEE Engineering in Medicine and Biology Society, Vancouver, BC, Canada, 20–25 August 2008;
pp. 682–685.
Macleod, J.; Smith, G.D.; Heslop, P.; Metcalfe, C.; Carroll, D.; Hart, C. Limitations of adjustment for reporting
tendency in observational studies of stress and self reported coronary heart disease. J. Epidemiol. Community
Health 2002, 56, 76–77.
McDuff, D.J.; Hernandez, J.; Gontarek, S.; Picard, R.W. COGCAM: Contact-free Measurement of Cognitive
Stress During Computer Tasks with a Digital Camera. In Proceedings of the 2016 CHI Conference on Human
Factors in Computing Systems; ACM: New York, NY, USA, 2016; pp. 4000–4004. [CrossRef]
McDuff, D.; Gontarek, S.; Picard, R.W. Improvements in remote cardiopulmonary measurement using a five
band digital camera. IEEE Trans. Biomed. Eng. 2014, 61, 2593–2601. [CrossRef] [PubMed]
Poh, M.Z.; McDuff, D.J.; Picard, R.W. Advancements in noncontact, multiparameter physiological
measurements using a webcam. IEEE Trans. Biomed. Eng. 2010, 58, 7–11. [CrossRef] [PubMed]
Gimpel, H.; Regal, C.; Schmidt, M. myStress: Unobtrusive Smartphone-Based Stress Detection.
Available online: https://www.fim-rc.de/Paperbibliothek/Veroeffentlicht/494/wi-494.pdf (accessed on 19
May 2020).
Sano, A.; Picard, R.W. Stress recognition using wearable sensors and mobile phones. In Proceedings of
the 2013 Humaine Association Conference on Affective Computing and Intelligent Interaction, Geneva,
Switzerland, 2–5 September 2013; pp. 671–676.
Stütz, T.; Kowar, T.; Kager, M.; Tiefengrabner, M.; Stuppner, M.; Blechert, J.; Wilhelm, F.H.; Ginzinger, S.
Smartphone based stress prediction. In International Conference on User Modeling, Adaptation, and Personalization;
Springer: Cham, Switzerland, 2015; pp. 240–251.
Martínez-Nova, A.; Cuevas-García, J.C.; Pascual-Huerta, J.; Sánchez-Rodríguez, R. BioFoot R in-shoe system:
Normal values and assessment of the reliability and repeatability. Foot 2007, 17, 190–196. [CrossRef]
Elvitigala, D.S.; Matthies, D.J.; David, L.; Weerasinghe, C.; Nanayakkara, S. GymSoles: Improving Squats
and Dead-Lifts by Visualizing the User’s Center of Pressure. In Proceedings of the 2019 CHI Conference on
Human Factors in Computing Systems; ACM: New York, NY, USA, 2019; pp. 174:1–174:12. [CrossRef]
Haescher, M.; Matthies, D.J.; Bieber, G.; Urban, B. Capwalk: A capacitive recognition of walking-based
activities as a wearable assistive technology. In Proceedings of the 8th ACM International Conference on
PErvasive Technologies Related to Assistive Environments, Corfu, Greece, 1–3 July 2015; p. 35.
Matthies, D.J.; Roumen, T.; Kuijper, A.; Urban, B. CapSoles: Who is walking on what kind of floor?
In Proceedings of the 19th International Conference on Human-Computer Interaction with Mobile Devices
and Services, Vienna, Austria, 4–7 September 2017; p. 9.
Saunders, W.; Vogel, D. Tap-kick-click: Foot interaction for a standing desk. In Proceedings of the 2016 ACM
Conference on Designing Interactive Systems, Brisbane, Australia, 4–8 June 2016; pp. 323–333.

Sensors 2020, 20, 2882

27.

28.
29.
30.

31.

32.

33.
34.

35.
36.
37.
38.
39.

40.
41.

42.
43.

44.

45.

46.

21 of 24

What the Feet and Legs Say about Us. Psychology Today. Available online: https://www.psychologytoday.com/
nz/blog/spycatcher/200911/what-the-feet-and-legs-say-about-us?fbclid=IwAR2MVdwmirSc9GpOOAzl7w
NwrkX5dHCxgfcvO0xky7uR46yANdAI-OLnaQY (accessed on 1 August 2019).
Brewer, M.B.; Crano, W.D. Research design and issues of validity. In Handbook of Research Methods in Social
and Personality Psychology; Reis, H.T., Judd, C.M., Eds.; Cambridge University Press: Cambridge, UK, 2014.
Blain, S.; Mihailidis, A.; Chau, T. Assessing the potential of electrodermal activity as an alternative access
pathway. Med. Eng. Phys. 2008, 30, 498–505. [CrossRef]
Jerritta, S.; Murugappan, M.; Nagarajan, R.; Wan, K. Physiological signals based human emotion recognition:
A review. In Proceedings of the 2011 IEEE 7th International Colloquium on Signal Processing and Its
Applications, Penang, Malaysia, 4–6 March 2011; pp. 410–415.
Bousefsaf, F.; Maaoui, C.; Pruski, A. Remote Assessment of the Heart Rate Variability to Detect Mental
Stress. In Proceedings of the (Institute for Computer Sciences, Social-Informatics and Telecommunications
Engineering): ICST, Brussels, Belgium, 5 May 2013; pp. 348–351. [CrossRef]
Barreto, A.; Zhai, J.; Adjouadi, M. Non-intrusive physiological monitoring for automated stress detection
in human-computer interaction. In International Workshop on Human-Computer Interaction; Springer:
Berlin/Heidelberg, Germany, 2007; pp. 29–38.
Herborn, K.A.; Graves, J.L.; Jerem, P.; Evans, N.P.; Nager, R.; McCafferty, D.J.; McKeegan, D.E. Skin
temperature reveals the intensity of acute stress. Physiol. Behav. 2015, 152, 225–230. [CrossRef]
Kataoka, H.; Kano, H.; Yoshida, H.; Saijo, A.; Yasuda, M.; Osumi, M. Development of a skin temperature
measuring system for non-contact stress evaluation. In Proceedings of the 20th Annual International
Conference of the IEEE Engineering in Medicine and Biology Society. Vol. 20 Biomedical Engineering
Towards the Year 2000 and Beyond (Cat. No. 98CH36286), Hong Kong, China, 1 November 1998; Volume 2,
pp. 940–943.
Seo, S.H.; Lee, J.T. Stress and EEG. In Convergence and Hybrid Information Technologies; IntechOpen: London,
UK, 2010; pp. 413–426.
Ekberg, K.; Eklund, J.; Tuvesson, M.A.; Örtengren, R.; Odenrick, P.; Ericson, M. Psychological stress and
muscle activity during data entry at visual display units. Work Stress 1995, 9, 475–490. [CrossRef]
Andreassi, J.L. Psychophysiology: Human Behavior and Physiological Response; Psychology Press: London,
UK, 2010.
Choi, J.; Ahmed, B.; Gutierrez-Osuna, R. Development and evaluation of an ambulatory stress monitor
based on wearable sensors. IEEE Trans. Inf. Technol. Biomed. 2011, 16, 279–286. [CrossRef]
Hernandez, J.; Morris, R.R.; Picard, R.W. Call Center Stress Recognition with Person-specific Models.
In International Conference on Affective Computing and Intelligent Interaction; Springer: Berlin/Heidelberg,
Germany, 2011; pp. 125–134.
Setz, C.; Arnrich, B.; Schumm, J.; La Marca, R.; Tröster, G.; Ehlert, U. Discriminating stress from cognitive
load using a wearable EDA device. IEEE Trans. Inf. Technol. Biomed. 2009, 14, 410–417. [CrossRef]
Hernandez, J.; Paredes, P.; Roseway, A.; Czerwinski, M. Under Pressure: Sensing Stress of Computer Users.
In Proceedings of the SIGCHI Conference on Human Factors in Computing Systems; ACM: New York, NY, USA,
2014; pp. 51–60. [CrossRef]
Boucsein, W. Electrodermal Activity; Springer Science & Business Media: Berlin/Heidelberg, Germany, 2012.
Hjortskov, N.; Rissén, D.; Blangsted, A.K.; Fallentin, N.; Lundberg, U.; Søgaard, K. The effect of mental stress
on heart rate variability and blood pressure during computer work. Eur. J. Appl. Physiol. 2004, 92, 84–89.
[CrossRef]
Moses, Z.B.; Luecken, L.J.; Eason, J.C. Measuring task-related changes in heart rate variability. In Proceedings
of the 2007 29th Annual International Conference of the IEEE Engineering in Medicine and Biology Society,
Lyon, France, 22–26 August 2007; pp. 644–647.
Lee, H.B.; Kim, J.S.; Kim, Y.S.; Baek, H.J.; Ryu, M.S.; Park, K.S. The relationship between HRV parameters
and stressful driving situation in the real road. In Proceedings of the 2007 6th International Special Topic
Conference on Information Technology Applications in Biomedicine, Tokyo, Japan, 8–11 November 2007;
pp. 198–200.
Allen, J. Photoplethysmography and its application in clinical physiological measurement. Physiol. Meas.
2007, 28, R1. [CrossRef]

Sensors 2020, 20, 2882

47.

48.

49.

50.

51.

52.
53.

54.

55.

56.
57.

58.
59.

60.
61.

62.

63.
64.

22 of 24

Lyu, Y.; Luo, X.; Zhou, J.; Yu, C.; Miao, C.; Wang, T.; Shi, Y.; Kameyama, K.I. Measuring PhotoplethysmogramBased Stress-Induced Vascular Response Index to Assess Cognitive Load and Stress. In Proceedings of the
33rd Annual ACM Conference on Human Factors in Computing Systems; ACM: New York, NY, USA, 2015;
pp. 857–866. [CrossRef]
Hernandez, J.; McDuff, D.; Picard, R.W. BioWatch: Estimation of Heart and Breathing Rates from Wrist
Motions. In Proceedings of the 2015 9th International Conference on Pervasive Computing Technologies for
Healthcare (PervasiveHealth), Istanbul, Turkey, 20–23 May 2015; pp. 169–176.
Hernandez, J.; Picard, R.W. SenseGlass: Using Google Glass to Sense Daily Emotions. In Proceedings of
the Adjunct Publication of the 27th Annual ACM Symposium on User Interface Software and Technology; ACM:
New York, NY, USA, 2014; pp. 77–78. [CrossRef]
Haescher, M.; Matthies, D.J.; Trimpop, J.; Urban, B. SeismoTracker: Upgrade Any Smart Wearable to Enable
a Sensing of Heart Rate, Respiration Rate, and Microvibrations. In Proceedings of the 2016 CHI Conference
Extended Abstracts on Human Factors in Computing Systems; ACM: New York, NY, USA, 2016; pp. 2209–2216.
[CrossRef]
Haescher, M.; Matthies, D.J.; Trimpop, J.; Urban, B. A study on measuring heart-and respiration-rate
via wrist-worn accelerometer-based seismocardiography (SCG) in comparison to commonly applied
technologies. In Proceedings of the 2nd international Workshop on Sensor-Based Activity Recognition and
Interaction, Rostock, Germany, 25–26 June 2015; p. 2.
Garbey, M.; Sun, N.; Merla, A.; Pavlidis, I. Contact-free measurement of cardiac pulse based on the analysis
of thermal imagery. IEEE Trans. Biomed. Eng. 2007, 54, 1418–1426. [CrossRef] [PubMed]
Puri, C.; Olson, L.; Pavlidis, I.; Levine, J.; Starren, J. StressCam: Non-contact measurement of users’ emotional
states through thermal imaging. In CHI’05 Extended Abstracts on Human Factors in Computing Systems; ACM:
New York, NY, USA, 2005.
Yun, C.; Shastri, D.; Pavlidis, I.; Deng, Z. O’game, can you feel my frustration?: Improving user’s gaming
experience via stresscam. In Proceedings of the SIGCHI Conference on Human Factors in Computing
Systems, Boston, MA, USA, 4–9 April 2009; pp. 2195–2204.
Ulyanov, S.S.; Tuchin, V.V. Pulse-wave monitoring by means of focused laser beams scattered by skin surface
and membranes. In Static and Dynamic Light Scattering in Medicine and Biology; International Society for
Optics and Photonics: Los Angeles, CA, USA, 1993; Volume 1884, pp. 160–167.
Zimmermann, P.; Guttormsen, S.; Danuser, B.; Gomez, P. Affective computing—A rationale for measuring
mood with mouse and keyboard. Int. J. Occup. Saf. Ergon. 2003, 9, 539–551. [CrossRef]
Kołakowska, A. A review of emotion recognition methods based on keystroke dynamics and mouse
movements. In Proceedings of the 2013 6th International Conference on Human System Interactions (HSI),
Sopot, Poland, 6–8 June 2013; pp. 548–555.
Picard, R.W. Affective Computing; MIT Press: Cambridge, MA, USA, 2000.
Grafsgaard, J.F.; Wiggins, J.B.; Boyer, K.E.; Wiebe, E.N.; Lester, J.C. Automatically Recognizing Facial
Expression: Predicting Engagement and Frustration. Available online: http://educationaldatamining.org/
EDM2013/proceedings/paper_95.pdf (accessed on 18 May 2020).
Fasel, B.; Luettin, J. Automatic facial expression analysis: A survey. Pattern Recognit. 2003, 36, 259–275.
[CrossRef]
Giannakakis, G.; Pediaditis, M.; Manousos, D.; Kazantzaki, E.; Chiarugi, F.; Simos, P.G.; Marias, K.;
Tsiknakis, M. Stress and anxiety detection using facial cues from videos. Biomed. Signal Process. Control 2017,
31, 89–101. [CrossRef]
Scheirer, J.; Fernandez, R.; Picard, R.W. Expression Glasses: A Wearable Device for Facial Expression
Recognition. In CHI’99 Extended Abstracts on Human Factors in Computing Systems; ACM: New York, NY,
USA, 1999; pp. 262–263. [CrossRef]
Hazlett, R. Measurement of User Frustration: A Biologic Approach. In Proceedings of the CHI’03 Extended
Abstracts on Human Factors in Computing Systems; ACM: New York, NY, USA, 2003; pp. 734–735. [CrossRef]
San Agustin, J.; Hansen, J.P.; Hansen, D.W.; Skovsgaard, H. Low-cost gaze pointing and EMG clicking.
In CHI’09 Extended Abstracts on Human Factors in Computing Systems; ACM: New York, NY, USA, 2009;
pp. 3247–3252.

Sensors 2020, 20, 2882

65.

66.
67.

68.
69.
70.
71.
72.
73.
74.
75.
76.

77.
78.

79.

80.
81.
82.
83.

84.
85.
86.

87.
88.

89.

23 of 24

Rantanen, V.; Niemenlehto, P.H.; Verho, J.; Lekkala, J. Capacitive facial movement detection for
human–computer interaction to click by frowning and lifting eyebrows. Med. Biol. Eng. Comput. 2010,
48, 39–47. [CrossRef] [PubMed]
Rantanen, V.; Venesvirta, H.; Spakov, O.; Verho, J.; Vetek, A.; Surakka, V.; Lekkala, J. Capacitive measurement
of facial activity intensity. IEEE Sens. J. 2013, 13, 4329–4338. [CrossRef]
Matthies, D.J.; Strecker, B.A.; Urban, B. EarFieldSensing: A Novel In-Ear Electric Field Sensing to Enrich
Wearable Gesture Input Through Facial Expressions. In Proceedings of the 2017 CHI Conference on Human
Factors in Computing Systems; ACM: New York, NY, USA, 2017; pp. 1911–1922. [CrossRef]
Ekman, P.; Friesen, W.V. Detecting deception from the body or face. J. Personal. Soc. Psychol. 1974, 29, 288.
[CrossRef]
Argyle, M. Bodily Communication; Routledge: Abingdon, UK, 2013.
Bull, P.E. Posture & Gesture; Elsevier: Amsterdam, The Netherlands, 2016; Volume 16.
Mehrabian, A.; Friar, J.T. Encoding of attitude by a seated communicator via posture and position cues.
J. Consult. Clin. Psychol. 1969, 33, 330. [CrossRef]
Greene, S.; Thapliyal, H.; Caban-Holt, A. A Survey of Affective Computing for Stress Detection: Evaluating
technologies in stress detection for better health. IEEE Consum. Electron. Mag. 2016, 5, 44–56. [CrossRef]
Wallbott, H.G. Bodily expression of emotion. Eur. J. Soc. Psychol. 1998, 28, 879–896. [CrossRef]
Ekman, P.; Friesen, W.V. Nonverbal leakage and clues to deception. Psychiatry 1969, 32, 88–106. [CrossRef]
[PubMed]
Kleinsmith, A.; Bianchi-Berthouze, N.; Steed, A. Automatic recognition of non-acted affective postures.
IEEE Trans. Syst. Man Cybern. Part B (Cybernetics) 2011, 41, 1027–1038. [CrossRef] [PubMed]
Kapur, A.; Kapur, A.; Virji-Babul, N.; Tzanetakis, G.; Driessen, P.F. Gesture-based affective computing on
motion capture data. In International Conference on Affective Computing and Intelligent Interaction; Springer:
Berlin/Heidelberg, Germany, 2005; pp. 1–7.
Arnrich, B.; Setz, C.; La Marca, R.; Tröster, G.; Ehlert, U. What does your chair know about your stress level?
IEEE Trans. Inf. Technol. Biomed. 2009, 14, 207–214. [CrossRef] [PubMed]
Mota, S.; Picard, R.W. Automated posture analysis for detecting learner’s interest level. In Proceedings
of the 2003 Conference on Computer Vision and Pattern Recognition Workshop, Madison, WI, USA,
16–22 June 2003; Volume 5, p. 49.
Ohnishi, A.; Terada, T.; Tsukamoto, M. A Motion Recognition Method Using Foot Pressure Sensors.
In Proceedings of the 9th Augmented Human International Conference, Seoul, Korea, 7–9 February 2018;
p. 10.
Available online: http://www.sensingtex.com/ (accessed on 13 August 2019).
Shu, L.; Hua, T.; Wang, Y.; Li, Q.; Feng, D.D.; Tao, X. In-shoe plantar pressure measurement and analysis
system based on fabric pressure sensing array. IEEE Trans. Inf. Technol. Biomed. 2010, 14, 767–775.
Kellis, E. Plantar pressure distribution during barefoot standing, walking and landing in preschool boys.
Gait Posture 2001, 14, 92–97. [CrossRef]
Matthies, D.J.; Haescher, M.; Nanayakkara, S.; Bieber, G. Step Detection for Rollator Users with Smartwatches.
In Proceedings of the Symposium on Spatial User Interaction, Berlin, Germany, 13–14 October 2018;
pp. 163–167.
Telgarsky, R. Dominant frequency extraction. arXiv 2013, arXiv:1306.0103.
The Most Comfortable and Accurate Wristband to Monitor Physiological Signals in Real-Time. 2019. Available
online: https://e4.empatica.com/e4-wristband (accessed on 15 September 2019).
Hart, S.G.; Staveland, L.E. Development of NASA-TLX (Task Load Index): Results of empirical and
theoretical research. In Advances in Psychology; Elsevier: Amsterdam, The Netherlands, 1988; Volume 52,
pp. 139–183.
Stroop, J.R. Studies of interference in serial verbal reactions. J. Exp. Psychol. 1935, 18, 643. [CrossRef]
Jun, G.; Smitha, K.G. EEG based stress level identification. In Proceedings of the 2016 IEEE International
Conference on Systems, Man, and Cybernetics (SMC), Budapest, Hungary, 9–12 October 2016;
pp. 003270–003274.
Zhai, J.; Barreto, A. Stress Recognition Using Non-Invasive Technology. Available online: https://www.aa
ai.org/Papers/FLAIRS/2006/Flairs06-077.pdf (accessed on 18 May 2020).

Sensors 2020, 20, 2882

24 of 24

90.

Jo, N.Y.; Lee, K.C.; Lee, D.S. Computer-mediated task performance under stress and non-stress conditions:
Emphasis on physiological approaches. In Digital Creativity; Springer: Cham, Switzerland, 2013; pp. 15–27.
91. Smeets, T.; Jelicic, M.; Merckelbach, H. Stress-induced cortisol responses, sex differences, and false
recollections in a DRM paradigm. Biol. Psychol. 2006, 72, 164–172. [CrossRef]
92. Haescher, M.; Matthies, D.J.; Srinivasan, K.; Bieber, G. Mobile assisted living: Smartwatch-based fall
risk assessment for elderly people. In Proceedings of the 5th international Workshop on Sensor-Based Activity
Recognition and Interaction; ACM: New York, NY, USA, 2018; p. 6.
93. Gjoreski, H.; Lustrek, M.; Gams, M. Accelerometer placement for posture recognition and fall detection.
In Proceedings of the 2011 Seventh International Conference on Intelligent Environments, Nottingham, UK,
25–28 July 2011; pp. 47–54.
94. Gjoreski, M.; Gjoreski, H.; Luštrek, M.; Gams, M. How accurately can your wrist device recognize daily
activities and detect falls? Sensors 2016, 16, 800. [CrossRef]
95. Katsis, C.D.; Ganiatsas, G.; Fotiadis, D.I. An integrated telemedicine platform for the assessment of affective
physiological states. Diagn. Pathol. 2006, 1, 16. [CrossRef]
96. Betti, S.; Lova, R.M.; Rovini, E.; Acerbi, G.; Santarelli, L.; Cabiati, M.; Del Ry, S.; Cavallo, F. Evaluation of
an integrated system of wearable physiological sensors for stress monitoring in working environments by
using biological markers. IEEE Trans. Biomed. Eng. 2017, 65, 1748–1758. [PubMed]
97. Akbar, F.; Mark, G.; Pavlidis, I.; Gutierrez-Osuna, R. An empirical study comparing unobtrusive
physiological sensors for stress detection in computer work. Sensors 2019, 19, 3766. [CrossRef] [PubMed]
98. Zhang, H.; Zhang, H.; Pirbhulal, S.; Wu, W.; Albuquerque, V.H.C.D. Active Balancing Mechanism for
Imbalanced Medical Data in Deep Learning–Based Classification Models. ACM Trans. Multimed. Comput.
Commun. Appl. 2020, 16, 1–15. [CrossRef]
99. Sun, X.; Wang, S.; Xia, Y.; Zheng, W. Predictive-Trend-Aware Composition of Web Services with Time-Varying
Quality-of-Service. IEEE Access 2019, 8, 1910–1921. [CrossRef]
100. Wu, W.; Pirbhulal, S.; Zhang, H.; Mukhopadhyay, S.C. Quantitative assessment for self-tracking of acute
stress based on triangulation principle in a wearable sensor system. IEEE J. Biomed. Health Inform. 2018,
23, 703–713. [CrossRef] [PubMed]
101. Smith, L.; Hamer, M.; Ucci, M.; Marmot, A.; Gardner, B.; Sawyer, A.; Wardle, J.; Fisher, A. Weekday and
weekend patterns of objectively measured sitting, standing, and stepping in a sample of office-based workers:
The active buildings study. BMC Public Health 2015, 15, 9. [CrossRef]
102. Haescher, M.; Trimpop, J.; Matthies, D.J.; Bieber, G.; Urban, B.; Kirste, T. aHead: Considering the head
position in a multi-sensory setup of wearables to recognize everyday activities with intelligent sensor fusions.
In International Conference on Human-Computer Interaction; Springer: Cham, Switzerland, 2015; pp. 741–752.
c 2020 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access
article distributed under the terms and conditions of the Creative Commons Attribution
(CC BY) license (http://creativecommons.org/licenses/by/4.0/).

