
Measurement: Sensors 38 (2025) 101648

Available online 31 December 2024

Evaluation of physical effort by IoT-based wearable sensors
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A B S T R A C T

Assessment of physical effort commonly addressed in research through acceleration signals can show significant
measurement errors. The approach presented in this paper formulates a proper measurement system to evaluate
the physical effort by wearable devices. Specifically, the paper proposes the joint use of sensors for skin
conductance (SC) and electromyography (EMG). The EMG sensor is introduced uniquely with the aim of properly
identifying the effort level. The classification is, instead, entirely entrusted to the SC signal alone. The proposed
approach is then tested in the evaluation of muscular fatigue felt by arms. The experimental results show good
performance, as the obtained values in terms of classification accuracy and sensitivity are, respectively, 84.68 %
and 89.75 %.

1. Introduction

The World Health Organization has developed guidelines regarding
physical activity and sedentary behaviur, to promote a healthy lifestyle
among citizens and reduce the rate of incidence of chronic illnesses on
populations, especially in developed countries [1]. In Ref. [1], the in-
tensity of physical activity is expressed in metabolic equivalent of task
(MET), which is defined as the energy expended by a subject while
seated at rest, and it is usually related to the oxygen consumed by the
subject. For this reason, MET can be quantified by measuring the subject
oxygen uptake, through laboratory equipment and individual calibra-
tion. Anyway, several research studies have shown that also monitoring
of physiological signals can produce suitable results in estimating the
intensity of physical activity [1–3].

Nowadays, measurement of physiological signals has been moving in
the direction of remote monitoring, through the Internet-of-Things (IoT)
paradigm and the use of wireless sensing devices. In fact, wearable de-
vices enable long-term monitoring of performed activities and physio-
logical parameters, potentially anytime and anyplace. This way, smart
acquisition of physiological signals can be exploited to monitor people in
healthcare centers as well as in everyday life. Moreover, the early
detection of anomalies in physiological signals can be considered one of
the main advantages in adopting the IoT paradigm to prevent serious
pathologies [4].

In literature, evaluation of physical effort is typically addressed
through acceleration and heart rate signals [5–7]. Indeed, wearable
devices equipped with accelerometers and inertial measurement units
can be used to quantify physical activity, because they allow to estimate
both its time duration and intensity, by measuring three-dimensional
acceleration of body locations [5]. In general, metrics computed from
jerk, the time derivative of acceleration, can be considered indicators of

physical exertion and fatigue, with better classification performance
than features computed from heart rate [6]. Jerk can be employed to
evaluate motor control capabilities, discriminating between patholog-
ical and non-pathological conditions [6]. Furthermore, accelerometers
can be combined with a heart rate sensor, as in Ref. [7], where a mea-
surement system based on such sensors is employed to analyze physical
work demands. A similar joint analysis has also the great advantage that,
in some cases, accelerometers and heart rate sensors can be simulta-
neously embedded in wearable devices [8,9]. However, despite
improved data processing and proposed calibration techniques, evalu-
ation of physical activity based on accelerometers shows significant
measurement errors, hindering their extensive applicability in clinical
research and practice [10].

In reality, physical fatigue is the result of several physiological pro-
cesses, where multiple peripheral systems (such as cardiovascular and
thermoregulatory systems) interact with the brain to produce a response
[11]. During the development of physical fatigue, these contributing
mechanisms reduce the ability of muscle fibers to generate force [12].
Thus, above all, electromyogram (EMG) should be considered, espe-
cially when performing remarkable efforts [13]. Integrated EMG and
also amplitude and time position of peak computed for the linear en-
velope are common EMG metrics [14].

In recent years, the signal of skin conductance (SC) - also called
electrodermal activity - has been investigated in pathophysiological
applications [15,16], since able to detect conditions of psycho-physical
stress such as pain or fatigue. Essentially, SC consists of a rapid response
(the skin conductance response [17]) plus a slow variation (the skin
conductance level [18]) to stimuli of different nature [19]. Just to cite an
example, as reported in Ref. [20], SC may be exploited to evaluate
nociceptive response during movement activities.

The idea behind this research is to devise a proper measurement
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system to evaluate the physical effort by wearable devices. Contrarily to
literature techniques based on only acceleration and, possibly, heart
rate, a sensor fusion approach combining manifestations of physical
effort in more signals can improve accuracy and reproducibility of
outcomes, despite the intrinsic variability of the observed phenomenon.
Therefore, this paper proposes the joint use of sensors for SC and EMG.
The EMG sensor is introduced with the aim of suitably identifying the
effort level. Then, the classification phase is entirely entrusted to a
Machine Learning (ML) algorithm, fed with the information content
carried out by the SC signal alone. The input of the classification is the
normalized amplitude of the SC signal, while the output is a binary value
of low effort or high effort.

The rest of the paper is organized as follows. Section 2 presents the
proposed approach, describing the measurement system for acquisition
of SC and EMG signals and the evaluation of physical effort. Section 3
shows the experimental results of the implemented tests. Finally, Section
4 concludes the paper.

2. Proposed approach

This Section describes the proposed approach, which consists in
conceiving a measurement system to evaluate physical effort. Specif-
ically, the approach is proposed for evaluation of muscular fatigue felt
by arms. Thus, a set of sensors is located on upper limbs of monitored
subjects. Subsequently, the signals acquired by the sensors are properly
analyzed.

2.1. Measurement system for SC and EMG signals

The conceived measurement system is based on fusion of SC and
EMG sensors, here proposed for evaluation of muscular fatigue felt by
arms. In particular, the sensors of SC and surface EMG are jointly placed,
as shown in Fig. 1, on the non-dominant upper limb of six subjects. The
monitored subjects are chosen on purpose by dividing equally between
men and women. The acquisitions of the two sensors occur simulta-
neously. The SC signals are acquired at a sampling frequency of fSC = 4
Hz by an Empatica E4, a multi-sensor device that is worn on the wrist
[8]. For SC detection, the Empatica employs the exosomatic methodol-
ogy, since two dedicated electrodes, in contact with the skin on the
ventral wrist, are crossed by an alternating current of 100 μA, generated
at a frequency of 8 Hz. Instead, the surface EMG signals are acquired by a
BTS Bioengineering Freeemg system at a sampling frequency of fEMG =

1000 Hz. In detail, a single bipolar electrode for surface EMG is located
in correspondence of the flexor carpi radialis in order to monitor a motor
task for muscular fatigue.

During the data acquisition protocol, the subjects seat on a chair with
their non-dominant arm on an adjustable support, without the possi-

bility of moving shoulder and rotating elbow, wrist joint, hand, and
fingers (see Fig. 1). Then, they are asked to perform a series of wrist
flexions by contracting the forearm muscles of their non-dominant arm,
for an overall duration of Δ = 4 min. This specific motor task is inten-
tionally chosen for eliciting fatigue with an isometric muscular config-
uration, since no actual arm movement takes place. Indeed, the
isometric configuration allows a correct detection of muscular fatigue
[21].

Once the acquisition session terminates, the signals collected by both
the sensors can be downloaded for evaluation of physical effort. In the
case of Empatica, the signals are stored in a remote cloud, while, in the
case of BTS Freeemg, the signals are recorded in a local platform.

2.2. Evaluation of physical effort

The proposed method is intended to classify the intensity level of
physical effort for the six monitored subjects. The physical effort is
evaluated from SC and EMG as described below. The feature extraction
and the classification of physical effort are carried out by considering the
SC signal. The EMG signal is, instead, employed exclusively to label the
levels of physical effort on the SC signal. A similar approach can be
realized thanks to the simultaneous acquisition of SC and EMG signals.
Therefore, the proposed approach can be summarized in three main
steps: (i) feature extraction from the SC signal; (ii) identification of effort
levels through the EMG signal; (iii) classification of physical effort on the
SC signal.

In the first step, the acquired SC samples x(n) are normalized as
follows:

xnorm(n)=
x(n)
xmax

(1)

where n = 1,2,…,Δ fSC, while xmax is the maximum value of the signal x
during the entire acquisition of duration Δ. For each subject, the sample
of normalized SC amplitude xnorm(n) is the only extracted feature to label
in the second step, and recognize in the last step of classification.

Subsequently, two levels of physical effort are identified depending
on the EMG signal. In other words, the EMG signal is employed as a
reference to discriminate between low effort and high effort. The
assessment of muscular fatigue from the EMG signal of the flexor carpi
radialis is performed by relying on the median frequency (MDF) of the
EMG power spectrum. In fact, computing the MDF of the EMG power
spectrum represents a well-acknowledged method for fatigue quantifi-
cation when dealing with isometric or periodic muscular contractions
[21]. More specifically, for each subject, the EMG signals of the flexor
carpi radialis are segmented in non-overlapping windows of length w =

10 s. This procedure is motivated by the fact that the fatigue insurgence
through time is subject-dependent and cannot be standardized a priori
among subjects. The MDF is the frequency that splits the EMG power
spectrum Pw(j) into two parts with equal power [22]:

MDF=
1
2
∑J

j=1
Pw(j) (2)

where J is the length of the frequency bin, and the power spectrum Pw(j)
is evaluated on each temporal window w of the EMG signal. In order to
identify two levels of fatigue, the MDF values are all normalized of the
MDF value obtained in the first temporal window. Then, a range of
variation is computed by subtracting the normalized MDF value of the
last temporal window from the normalized MDF value of the first tem-
poral window. Finally, the two levels of muscular fatigue are identified
as follows. The temporal epoch where the MDF normalized values lie
above the 50 % of the MDF range is recognized as low effort, the tem-
poral epoch where the MDF normalized values fall below the 50 % of the
MDF range is marked as high effort.

The last step consists in classifying the levels of effort from the set of
Fig. 1. Sensors adopted for evaluation of physical effort: the Empatica worn on
the wrist and the BTS Freeemg located on the flexor carpi radialis.
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acquired SC signals. The classification is implemented only on SC,
through the k-Nearest Neighbors (k-NN) ML algorithm. In detail, the
input of the k-NN algorithm is the sample of normalized SC amplitude
xnorm(n) of Equation (1), while the output is a binary value of low effort
or high effort. Screening the entire sequence xnorm, its samples are
labelled as low effort or high effort, depending on the temporal epochs
defined by the MDF of EMG power spectrum computed according to
Equation (2). Figs. 2 and 3 illustrate two examples of MDF curves. In the
case of Fig. 2 (a man), by following the procedure described above, the
high physical effort appears at 180 s, which represent the last part of
acquisition. Differently, in the case of Fig. 3 (a woman), the high
physical effort already arises since the first 20 s. Figs. 4 and 5 show,
instead, the corresponding acquired SC signals, normalized of their
maximum value. Therefore, the trend of MDF curves displays that the
fatigue insurgence is dissimilar among subjects. Analogously, the same
conclusion can be drawn by observing the trend of normalized SC
signals.

3. Experimental results

All the three steps consisting in extraction of SC amplitude, identi-
fication of the two levels and classification of physical effort are
implemented in MATLAB environment. The single signal acquired for
each monitored subject consists of Δ fSC = 960 samples. Therefore, the
overall dataset containsN = 5760 values of normalized SC amplitude. In
particular, 70% of dataset is employed for training and validation, while
the remaining 30% is used for testing. Moreover, the Euclidean distance
is considered for the k-NN implementation.

3.1. Test implementation

The proposed method is analyzed by means of metrics derived from
the confusion matrix, and commonly used for performance assessment
in ML [23]. These metrics are the following:

Accuracy=
TP+ TN

TP+ FP+ TN+ FN
100% (3)

Fig. 3. MDF curve of a woman (subject 2) computed on EMG power spectrum:
the high physical effort appears at 20 s.

Fig. 4. SC signal of a man (subject 1) with normalized amplitude: the red line
represents the beginning of high physical effort determined by MDF curve.

Fig. 5. SC signal of a woman (subject 2) with normalized amplitude: the red
line represents the beginning of high physical effort determined by MDF curve.

Fig. 2. MDF curve of a man (subject 1) computed on EMG power spectrum: the
high physical effort appears at 180 s.
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Sensitivity=
TP

TP+ FN
100% (4)

Precision=
TP

TP+ FP
100% (5)

F1 =
2 TP

2 TP+ FP+ FN
100% (6)

where TP and TN represent, respectively, true positives and true nega-
tives, i.e., the events correctly assigned to their classes, while FP and FN
represent false positives and false negatives, namely, the misclassified
events. Worth noting is that, in the ML field, Accuracy, Sensitivity and
Precision assume a different meaning from the corresponding terms
defined by the International Vocabulary of Metrology (VIM) [24].

3.2. Performance analysis

In a preliminary analysis, Accuracy (3) of classification is evaluated
depending on different values k of the k-NN algorithm: {1;3; 5;7; 9; 11;
13;15}. The values of normalized SC amplitude are randomly selected

from the overall dataset to compose a training set and a testing set. The
Accuracy (3) is evaluated for 50 random trials. Fig. 6 illustrates the
corresponding values obtained on average. This analysis shows that the
averaged values are characterized by a decreasing trend at the increase
of the value k. Hence, the value k = 1 is set in the k-NN algorithm for the
consequent analysis.

In order to assess the performance of the proposed approach item by
item, the four metrics introduced in the previous Subsection 3.1 are then
evaluated: Accuracy (3), Sensitivity (4), Precision (5) and F1 (6). This time,
the metrics are averaged over 100 random trials. In detail, the values of
TP, FN, FP and TN obtained on average are reported in the confusion
matrix of Fig. 7. Fig. 7 clearly demonstrates the good percentage of
correct predictions. Finally, for a more comprehensive analysis, Table 1
displays the results of the proposed approach in terms of the common
ML metrics [23]. Generally, all the four metrics exhibit good perfor-
mance, always far beyond the 80%. In particular, the value of Accuracy,
which is the most common classification metric, reaches on average the
value of 84.68%. This value is particularly encouraging. Indeed, SC
signals (and, consequently, the corresponding extracted features) are in
general not simply weak in amplitude, but also variable in inter-subject
and intra-subject studies. In this case, instead, such a result is compa-
rable to the values of Accuracy obtained by literature methods based on
the extraction of EMG features [25,26], proving the efficacy of the
method to evaluate physical effort.

4. Conclusions

In this paper, an approach has been proposed to evaluate physical
effort by IoT-based wearable sensors. The proposed approach jointly
employs wearable SC and EMG sensors. The use of EMG sensor is
intended uniquely as a reference to discriminate between low effort and
high effort. The two phases of feature extraction and classification are,
instead, entirely entrusted to the SC signal alone. More specifically, the
proposed approach exploits as feature the normalized SC amplitude.
Then, the classification has been implemented through the k-NN
algorithm.

The experimental tests have been carried out for assessment of fa-
tigue felt by arms, following isometric muscular contractions. The ob-
tained results show good performance in terms of Accuracy, Sensitivity,
Precision and F1. In detail, the values of Accuracy and Sensitivity reach,
respectively, 84.68% and 89.75%. Future work will be intended to
investigate different classification algorithms and increase the number
of monitored subjects.
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