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Medical studies have intensively demonstrated that sports activity can enhance both the mental and the physical health of
practitioners. In recent years, fitness activity became the most common way to motivate and engage people in sports activity.
Recently, there have been multiple attempts to elaborate on the “ideal” IoT-based solution to track and assess these fitness
activities. Most fitness activities (except aerobic activities like running) involve one or multiple interactions between the athlete’s
hand palms and body or between the hand palms and the workout materials. In this work, we present our idea to exploit these
biomechanical interactions of the hand palms to track fitness activities via a smart glove. Our smart glove-based system
integrates force-sensitive resistor (FSR) sensors into wearable fitness gloves to identify and count fitness activity, by analyzing
the time series of the pressure distribution in the hand palms observed during fitness sessions. To assess the performance of our
proposed system, we conducted an experimental study with 10 participants over 10 common fitness activities. For the user-
dependent activity recognition case, the experimental results showed 88.90% of the F score for overall activity recognition. The
result of leave-one-participant-out cross-validation showed an F score ranging from 58.30% to 100%, with an average of 82.00%.
For the exercise repetition count, the system achieved an average counting error of 9.85%, with a standard deviation of 1.38.

1. Introduction

The last decades have seen a growing interest in systems that
encourage and support people with regard to the regular
practice of physical activity in general and fitness activity in
particular. This keen interest in physical activity is mainly
due to the results of many research studies which claim that
regular practice of physical activity has positive effects on
mental and physical health [1–3].

With the recent development of wearable computing and
sensor technology, a wide range of ubiquitous systems has
been developed by researchers and commercial industries
to support and motivate people towards physical activity.
These systems are designed to track physical activity, evaluate
user results, and support decision-making to improve user
performances. Fitness workout tracking is important because
fitness tracking data provide practitioners with a sense of
direction, help them adjust their workout routine, and
enhance their motivation and willingness to change their
lifestyle [4, 5]. However, the majority of these existing

ubiquitous systems either are limited to only track aerobic
exercise (biking, running) [6, 7] or focus only on muscle
and strength training (push-up, chest press) [8, 9]. In other
words, each of these systems was designed to only track
and evaluate a specific set of physical activities.

Thus, the use of such systems tends to limit or constrain
theusers toperformonlywithin thepredefined set of exercises.

For example, the system in [10] proposed the use of a smart
mat to recognize and count gym exercises. Although the sys-
tem achieved good results (recognition rate of 82.5% and
counting accuracy of 89.9%) for exercises performed on the
mat (such as push-ups, crunches, and squats), it appears obvi-
ous that the system cannot be used for gym exercises which are
not performed on a mat (pull-up or bench dip). Our proposed
system is motivated by the following two observations:

(i) In general, fitness athletes (with no distinction of
their gender, age, or goal) usually wear sports gloves
during their workout sessions. They wear the sports
gloves for various reasons such as supporting grip
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pressure, protecting the hands from calluses and blis-
ters, or increasing lift power [11]

(ii) During workout, for most fitness activities (except for
aerobics activities like running), there is always one
or multiple interactions between the gloves (hands)
and the athlete’s body or between the gloves and
the workout materials

With that in mind, in this work, we propose a smart glove
that can track fitness exercises whenever there is a direct inter-
action between the athlete’s hands and the workout environ-
ment. Figure 1 shows some examples of commonly practiced
fitness exercises with the red dots representing the areas of
interaction between the hand palm and the environment.

Our proposed smart glove-based system (Figure 2) is
designed with 16 force-sensitive resistor (FSR) sensors for
tracking, recognizing, and counting physical activities per-
formed in any fitness environment. It relies on a single sen-
sorized wearable device to monitor a wider range of fitness
activities than existing systems [12, 13], without the need to
modify fitness environment or to attach various sensors on
different parts of the athlete body.

The novelty of our proposed system resides in the
approach and data type used to track fitness exercises. Indeed,
most common fitness tracking systems rely on inertial sensors
such as accelerometers to get information about users’ body
positions and movements, whereas our system utilizes data
coming directly from the contact surfaces between the users’
hands and the workout environment. Based on this approach,
our system could be more suitable to distinguish between
exercises of the same type. For example, a classic push-up
(Figure 3(a)) will produce a pressure distribution different
from the distribution of a cross-body push-up (Figure 3(b))
or a reverse hand push-up (Figure 3(c)). This kind of distinc-
tion among the same types of exercises become difficult when

using only inertial sensors because the body positions and
movements are quite similar.

Our ultimate goal with the proposed system is to provide
fitness athletes with a real-time system that

(i) recognizes the activity being performed

(ii) counts the number of repetitions (reps)

(iii) estimates the calorie burned out by each exercise set

(iv) recommends future exercises to achieve users’ goal

In this paper, we present the design, the activity recogni-
tion, and the exercise counting performance of our smart
glove system.

The core contributions of this paper are as follows:

(i) Novel wearable sensing approach: we introduce a new
resistive pressure glove that uses FSR sensors suitably
mounted in the inside part of a sports glove to read
real-time biomechanical information from the hand
palm to recognize and count fitness activity

(ii) Single activity detection: by analyzing the pressure
distribution applied over the entire palm surface
during a workout session, we can recognize most
exercises of the following 4 different groups of fit-
ness training

(a) flexibility training (e.g., side lunge stretch)

(b) dynamic strength training (e.g., squat)

(c) static strength training (e.g., plank)

(d) circuit training (e.g., push-up + bench dip +
lunge)

Through an experiment study, we showed that our
smart glove system successfully recognizes 10 frequently
performed fitness exercises. We selected 10 different fitness
exercise types that target different muscle groups as described
in Section 4. Using the ensemble subspace k-NN classifica-
tion method, over 300 exercise sets from 10 participants,
the system achieved 88.00% recognition accuracy with the
10-fold cross-validation. In the case of the leave-one-partici-
pant-out cross-validation, we obtained an average recogni-
tion accuracy of 82.00%

(iii) Exercise counting approach: for each exercise set, by
investigating the signal from the glove’s sensors,

Figure 1: Examples of commonly performed fitness exercises.

(a) (b)

Figure 2: Inside and outside views of the smart glove prototype.
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the system automatically counts the number of exer-
cise repetitions without prior need of training tem-
plates. By doing so, we ensure that repetitions of
each exercise set are counted independently of the
activity type and the user’s workout speed. We eval-
uated the exercise counting performance of the sys-
tem using 5186 repetitions from the 10 experiment
participants. The overall results show an average
counting error rate of 9.85%

The remainder of this paper is organized into the follow-
ing sections. Section 2 presents existing literature and related
work. Section 3 describes the design and hardware of the
smart glove. Section 4 gives the details about the experiment
setup. Section 5 discusses the analysis and activity classifica-
tion performance of the system, while Section 6 explains
the counting algorithm with its results. Section 7 discusses
some relevant points of this study, and finally, Section 8 con-
cludes this paper and provides the future work.

2. Related Work

There have been much work and many systems on the use of
technologies to support and track physical activities. In this
section, we restrict the literature review to the area of com-
mercially available systems and research work that use wear-
able sensors and sensorized equipment to monitor and assess
fitness activities.

2.1. Off-the-Shelf Technology. Commercially available devices
such as running watches, fitness wristbands, or trackers are
nowadays ubiquitous tools used by thousands of people. Fit-
bit [16] and Garmin [17] are two of the most common wire-
less physical activity trackers present in the market. These
systems use heart-rate sensors, GPS, pedometers, and other
sensors to track physical activities. However, they mainly
provide feedback and support for aerobic workouts (walking,
running, or biking) and almost no feedback for strength and
muscular training exercises. For example, Fitbit does not

recognize non-step-based activities (such as push-ups), and
it requires the user to manually log strength training such
as dumbbell curl [18].

Another well-known commercial system is ActiveLinxx
(formerly known as Fitlinxx) [19]. This system integrates
multiple sensors on strength training machines to track
the load of weight a user is moving, count the number of
repetitions, and show training progress on the built-in dis-
play of each machine. Although the new version supports
syncing with users’ smartphone or tablet, this system still
requires the fitness center owners to purchase and install
these training machines.

Google Fit is another widely used activity tracking system
which is in the form of an application. It is available for
download on any Android device and uses the built-in sen-
sors of that device to track commonly measured fitness data
such as the number of steps and calories burned. However,
Google Fit’s support website revealed some limitations of
the system [20]. For example, it is reported that walking, run-
ning, and biking detection is not perfect on Google Fit,
because smartphone or tablet sensors are not accurate
enough for tracking this type of activities.

2.2. Researches in Fitness Tracking

2.2.1. Glove-Based Systems. As for research works that use
gloves for tracking physical activities, Chang et al. [12] pre-
sented a system to track free-weight exercises, by incorporat-
ing a 3-axis accelerometer into a workout glove and another
accelerometer on users’ waist. They used a naive Bayes classi-
fier and hidden Markov models to recognize the type of exer-
cise. To count repetitions, they developed a peak counting
algorithm and a method using the Viterbi algorithm. Their
experimental results showed good results with a recognition
accuracy of 90% and error count of around 5% over 9 differ-
ent exercises. The limitation of this work is that they focused
only on free-weight exercises such as the bench press, biceps
curl, and lateral raise.

Classic

(a)

Cross-body

(b)

Reverse hand

(c)

Figure 3: Three distinctive types of push-ups.
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Another work presented by Ye et al. [14] proposed a
force-sensing glove system for measuring real-time hand
forces during motorbike riding activity with the aim of giving
feedback to the riders. Their prototype device consists of two
gloves with 4 tactile sensors (A401 FlexiForce) attached
inside each glove and connected to a microcontroller through
front-end electronics. Contrary to our work, this system
focuses on different actions (clutch, throttle, brake, and steer)
observed during a single outdoor physical activity.

2.2.2. Pressure Sensing in Fitness Activity. Sundholm et al.
[10] proposed a textile pressure sensor matrix that can
be integrated into fitness mats to recognize and count
strength related exercises. Their experiment with 7 partici-
pants showed that the pressure sensor mat successfully dis-
tinguished 10 strength exercises with a recognition accuracy
of 82.5% using a k-NN classifier and counting accuracy of
89.9%. The major limitation of this system is that it cannot
be used for gym exercises which are not performed on a
mat. Our work complements the areas not covered by their
system with a glove that reads and analyzes hand palm inter-
actions even for exercises that are not performed on a mat.

A different work introduced by Zhou et al. in [15]
described a wearable textile sensor system for monitoring
only gym leg exercises. The system relies on surface pressure
changes between the quadriceps skin and an elastic sports
band to track and evaluate gym leg workout. In an experi-
ment with 6 participants and 24 leg workout sessions, they
achieved 81.7% of average recognition accuracy. More works
involving the use of pressure distribution were proposed to
contribute to the research field of sports activity assessment,
in general. Zhou et al. [21] made a smart soccer shoe that
uses pressure sensing matrices to detect and analyze the
interaction between the player’s foot and the ball. Instead
of using add-on sensors to the shoe, they integrated the pres-
sure sensing element inside the shoe surface material in an
unobtrusive fashion that can be manufactured together with
the shoes. The sensor system consists of two 34 and one 33
pressure sensing matrices. Their experimental best perfor-
mance nearly reaches 100% accuracy for 15 different types
of ball shots.

2.2.3. Other Sensor-Based Fitness Systems. A state-of-art
study, similar to our work is the “RecoFit” system developed
by Microsoft Research [8]. RecoFit uses inertial sensors
attached to the upper forearm of the athlete and measures a
3-axis accelerometer and gyroscope to recognize and count
weight training and calisthenics exercises. The RecoFit sys-
tem gives classification accuracy of 100%, 99.3%, 98.1%,
and 96.0% for 4, 4, 7, and 13 types of exercises, respectively.
The exercise types included exercises such as squat, crunch,
push-up, shoulder press, triceps extension, and back fly.
Although this result is impressive, there are several points
to remark for comparison to our work. First, RecoFit uses
only an autocorrelation method to eliminate peaks in the sig-
nal that do not correspond to actual exercise repetitions,
whereas we utilize 3 methods including dynamic time warp-
ing (DTW) to get the actual repetitions. Furthermore, our
work focuses on exercises of 4 major groups of fitness

training, while the RecoFit system focuses on 2 exercise
groups which are weight training and calisthenics.

Another more recent work developed by Hassan et al. [6]
called “FootStriker,” assists runners by actuating the calf
muscles during treadmill running sessions. FootStriker is a
wearable system that detects the user’s running style using
force-sensitive resistors (FSR) in the insole of a running shoe
and uses electric muscle stimulation (EMS) as a real-time
feedback channel to intuitively assist the runner in adopting
a mid- or forefoot strike pattern. Their experiment results
showed that EMS actuation significantly outperforms tradi-
tional coaching systems. While this study is closely related
to ours in terms of using FSR sensors, it was mainly designed
to detect a running strike and provide real-time feedback
without recognizing and/or counting the strike to assess the
runner performance.

To cope with the limitations of the aforementioned sys-
tems, we propose a new type of a smart glove-based system
to assess fitness exercises by analyzing hand palm informa-
tion during workout sessions. Our approach does not require
readjusting existing layouts of fitness centers or buying new
fitness machines. Table 1 gives a summary of the related
studies, along with the comparison with our proposed smart
glove system in terms of target exercises, sensors used, and
type of data collected.

3. System Design and Architecture

This section presents the design and architecture of the smart
glove system as described in our previous work [22]. The sys-
tem intends to record and analyze the pressure distribution
applied to a user hand palm during his/her training sessions.
Therefore, we designed our prototype by taking into consid-
eration the following technical aspects:

(i) Sensing zone: a smart glove that covers well the palm
surface will enable us to get the accurate location of
high pressure points and the pressure distribution
applied over all the palm surface

(ii) Portability: the device should work in any fitness
center or workout environment. Also, it should be
lightweight and easy to wear

(iii) Comfort level: comfort is an important aspect when
designing an IoT device worn by human users.
Therefore, the glove should provide an acceptable
or high comfort level to users, without hindering
users’ movement

The current prototype of the smart glove system consists
of 3 main components: a set of 16 FSR sensors, a data sam-
pling unit (DSU), and a visualization and computation
software.

3.1. The Force-Sensitive Fitness Glove. The smart glove con-
tains a set of 16 force-sensitive resistor (FSR) sensors which
are mounted on the palm of the glove as depicted in
Figure 4. The 16 FSR sensors are used to read the forces
applied to the palm when a user is performing a fitness

4 Journal of Sensors



exercise. FSR sensors are commonly used to detect physical
pressure, squeezing, and weight. They are easy to use and
low-cost. In general, FlexiForce and Interlink are two com-
mon types of FSR sensors that are available, cheap and easily
found in the market. Studies have shown that the FSR is usu-
ally applied for robotic grippers and for biomechanical fields
[23]. In this work, because of our design criteria we chose the
Interlink 402 Short Tail model [24] over the most popular
FlexiForce A201 [25]. Indeed, to avoid making a bulky or
uncomfortable prototype to wear, we favored the use of the
Interlink 402 of length 6.03 cm over the FlexiForce A201,
which has a total length of 10.16 cm.

Each sensor has an active sensing area of 12.70mm diam-
eter, with 0.46mm thickness, and can sense forces up to 20N.
Based on the force applied to the sensors, their electrical
resistive values change and the voltage values corresponding
to the pressure is read by the DSU. All sensors are separately
connected to the DSU using twisted pair cables (Figure 2).

For now, we use only one hand of the fitness glove pair.
For this first prototype of our fitness glove, we wanted to
ensure the maximum or full coverage of the athlete’s hand
palm, in order to get as much as possible pressure distribu-
tion data from different areas of the palm. For this reason,
we utilized 16 FSR sensors on our first prototype. This num-
ber of sensors might be excessive, but it guarantees full cover-
age of the sensing zone, which is important when studying a
first prototype of a wearable sensing device. However, for our
final system, we intend to reduce this number of FSR sensors
based on the results and observations of this work.

3.2. The Data Sampling and Communication Unit (DSU). The
data sampling and communication unit (DSU) reads the data
from the force sensors and sends the data to the computing
and visualization unit. The DSU is composed of an Adafruit
Feather 32u4 Bluefruit, a 16 channel multiplexer (16chMUX),
a resistor of 2 kΩ, and a small 400mA/h Li-Po battery.

The Adafruit Feather 32u4 Bluefruit is Arduino-compat-
ible+Bluetooth Low Energy (BLE) with a built-in USB and
battery charging module [26]. It has a 10-bit resolution of
an AD converter and can read raw digital values from 0 to
1023. The DSU samples and transfers sensing data via BLE
at 5Hz. The operating supply voltage is 3.3V, and it is pow-
ered by a small 400mA/h Li-Po battery. Our battery-life
duration tests show that it can last over 6 hours, which is
enough for weekly use, considering that average gym-goers
train 3 days per week for about 2 hours per training session
[27]. The DSU components are connected and put inside a
white 3D-printed box and positioned on the athlete’s fore-
arm. The DSU and the 16 FSR sensors constitute the hard-
ware portion of the smart glove system that the athlete
wears during his/her training session. This hardware portion

Table 1: Comparison with some related work.

Related system denomination Targeted exercises Type of sensors used Collected data type Classification/counting

Tracking free-weight exercises
[12]

Weight training exercises 3-axis accelerometers Acceleration Yes/yes

Force-sensing glove system for
measurement of hand forces
during motorbike riding [14]

Motorbike riding
FlexiForce tactile

sensors
Tactile forces Yes/no

Smart mat [10]
Strength and muscular
endurance

Resistive pressure
sensor matrix

(a) Body weight
distribution

(b) Pressure distribution
Yes/yes

Never skip leg day [15] Leg exercises Textile FSR sensors Pressure distribution Yes/yes

RecoFit [8]
(a) Weight training
(b) Calisthenics

3-axis accelerometer
and 3-axis gyroscope

(a) Acceleration data
(b) Rotational motion

data
Yes/yes

Our proposed system

(a) Flexibility training
(b) Dynamic strength training
(c) Static strength training
(d) Circuit training

FSR sensors Pressure distribution Yes/yes

15
14

13
16

9 11 12

75 6

1

8

432

10

Figure 4: The sixteen locations on the glove where the force-
sensitive sensors are positioned to read the pressure distributions.
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weighs approximately 101 g (16 sensors + wires ≈ 43 g and
the DSU with 3D case + battery ≈ 58 g).

3.3. Visualization and Computation Software. The visualiza-
tion and computation software is responsible for logging
and displaying the data sent via Bluetooth by the DSU. It
provides, through a web-based user interface (UI), a real-
time feedback of the activity’s pressure distribution, with
the option to save the data into a CSV file (Comma-Separated
Values) for further processing. The value of the pressure
intensity applied to each sensor is indicated as a heat
map-like color distribution on the glove image on the dis-
play. Figure 5(a) shows an example of a user doing a knee-
pull-in exercise while watching the visualization UI tool
(Figure 5(b)).

4. Experiment

To analyze the system’s capability of recording, classifying,
and counting fitness activities, we designed and ran a 1-
hour workout session experiment with 10 participants. Par-
ticipants were informed that they could stop the experiment
at any time without losing benefits. Before their enrollment
and participation, we obtained written informed consent
from each participant. With participants’ consent, we
recorded video of the experiment that we used later as
ground truth data to evaluate the performance of the system.
Out of 40 preselected fitness exercises, we selected 10 exer-
cises for our experiment based on the following two criteria:

(i) Exercises with less risk of injuries: since our partici-
pants are graduate students with their own academic
schedule, we prioritized exercises with minimum
injury risk

(ii) Exercise group that targets full-body muscle training:
most fitness programs provide workout plans that
focus on a full-body basic set of muscles which are
the biceps, triceps, chest, legs, and abs [28]. There-
fore, we chose to focus on common exercises suitable
for both amateurs and professionals that work out
these full-body muscles

4.1. Participant Demography. For the experiment, we
recruited 10 healthy participants aged from 22 to 30 years
(mean = 25 9, standard deviation SD = 3 21). Their weight
ranged from 50kg to 82.2 kg (mean = 67 2, SD = 10 07) and
height between 158 cm and 182 cm (mean = 173 4, SD =
6 32). Only 1 out of the 10 participants was a female. All par-
ticipants were full-time graduate students with different
workout levels and experience. Five participants were regular
gym-goers, who usually exercise 3.5 times/week. Three par-
ticipants do not often exercise and did not practice any sport
in the last six months before the experiment day. The two
other participants reported exercise once or twice a week
when they have time but not on a regular basis. Three partic-
ipants were also participants of our previous study about
users’ requirements for a smartphone fitness application,
and they were highly motivated to see how our smart glove
could help them to improve their workout performance [29].

4.2. Calibration. Before their application, it is necessary for
force-sensing systems to be calibrated for reducing inaccura-
cies. Since the resistivity values of the FSR sensors mainly
depend on the person’s weight, the curved shape of the hand
palm, and the sensors’ position, calibration is needed for each
participant. Like with many related works using garments [6,
14], in this system, we also calibrated our smart glove sensors
under static conditions. Prior to the start of the experiment,
for calibration purposes, we asked each participant to do a
30-second push-up as his/her warm-up session. The data col-
lected during this warm-up period were used to define for
each participant the higher and lower threshold values of
the sensors. The lower threshold corresponds to the highest
value below which the sensor is considered “not activated,”
which means there is truly no pressure on this point. The
higher threshold is the lowest values above with the sensor
is considered “fully activated,” which means there is pressure
on this point.

Between the end of the warm-up session and the begin-
ning of the experiment, we observed at least a 2-minute break
to eliminate any influence of sensor drift and allow the par-
ticipants to be ready.

4.3. Experiment Setup and Tasks. The participants were asked
to perform the 10 selected fitness exercises while wearing the

Data sampling unit

Real-time
visualization interface 

(a)

BLE smart-glove visualization tool

FSR Smart-Glove Ubi_lab
0

18 251 131 91

0 0 0

0 0 0 0
0 0 539 226

Pressure visualization

FSR Sensor

(b)

Figure 5: (a) A user performing a knee-pull-in exercise. The real-time visualization laptop and the DSU are indicated by the blue and red
circles, respectively. (b) Screenshot of the visualization UI tool for an exercise.

6 Journal of Sensors



smart glove. Each exercise is executed 3 times (3 sets for each
exercise), at the participant’s natural speed and pace, to make
the experiment more realistic. Each set lasts for 30 seconds,
and the participants were allowed to take a 1- or 2-minute
break between the sets. During the break time, the glove
was turned off by the participants to save battery. The order-
ing of the exercise was randomized, each participant freely
chose the order in which he/she wanted to perform the exer-
cise. Table 2 lists the 10 exercises along with their corre-
sponding target muscle group, and Figure 6 shows a sketch
of each exercise with the red area representing the interaction
zone between the glove and the environment. Depending on
each participant’s pace, the overall experiment lasts for 1
hour to 1 hour and a half.

4.4. Procedure and Apparatus. At first, each participant is
asked to read and sign the informed consent statement.
Then, we introduced the experiment as well as the 10 work-
out exercises to the participant. After filling out the demo-
graphic data sheet, the participant is equipped with the
smart glove on his/her dominant hand (left or right hand),
with nothing attached on the other hand. After that, we ask
the participant to warm-up for 3 minutes by freely doing
any stretching movements he/she wants. During the experi-
ment, all participants wore the smart glove and the DSU unit
to read the pressure distribution on the hand palm and send
the data via Bluetooth to the visualization software for dis-
playing and saving of the workout data. If needed, partici-
pants were allowed to remove the smart glove during the
break time between sets. Once the experiment is over, we
ask each participant to take a short after-experiment survey
of 2 questions:

(1) How comfortable is the smart glove (rate on a 10-star
scale)

(2) Any feedback, comments, suggestions, or ideas
related to the device and the system

In addition to the smart glove apparatus, we provided
participants with a 2 kg dumbbell to perform the dumbbell
curl exercise.

5. Fitness Activity Recognition: Methods
and Results

The raw data from the smart glove is a stream of time series
data of the 16-channel pressure values (each sensor repre-
sents a channel). From these pressure values, we extracted
a set of features that could be used to distinguish between
fitness exercise types. To analyze the pressure values and
develop the classification model, we wrote several MATLAB
scripts to select the features, compute the features, and vali-
date the obtained results. MATLAB functions such as mean
frequency (meanfreq) or root-mean-square (rms) have been
exploited. All statistical analyses were performed using the
MATLAB software.

5.1. Feature Selection and Extraction. For each exercise set
performed by a user, we characterize the exercise as a single
signal, denoted by weight t , obtained by averaging the 16-
channel values (different values from each channel) over
the time. In other words, we represent each exercise set with
a single signal, by “grouping” the 16 channel signals.

The signal weight t is the mean of the 16 channels com-
puted over each row of the time series data. It is represented
as a column vector and is calculated using

weight t =
∑16

i=1channeli
16

1

The computed weight t is then normalized according to
its mean value and standard deviation. Hereinafter, we will
use the notation W t to refer to the normalized weight t .

All the activities provoke different changes in the
pressure distribution and the intensity, at different points
on the palm surface, in the temporal domain. Therefore,
we computed the following set of time and frequency
domain features:

(i) Mean of each channel

(ii) Standard deviation for each channel

(iii) Number of above mean crossing of W t

(iv) Number of below mean crossing of W t

(v) Number of peaks of W t

(vi) Skewness of W t

(vii) Kurtosis of W t

(viii) Band power of W t

(ix) Mean frequency of W t

(x) Max power spectrum of W t FFT

Overall, 40 features were extracted (32 directly from the
sensors and 8 from the signal W t ) and used to train the
classification model. Many of these features have been inten-
sively investigated in previous studies and proved to be effec-
tive for activity recognition [30, 31]. For example, the mean
crossing feature has been heavily used in human speech

Table 2: Selected fitness exercises with their target muscle group.

Exercises Target muscle group

1 Bench dips Triceps, shoulders

2 Climber Hips, legs, quadriceps

3 Dumbbell curl Biceps

4 Knee-pull-in Abdominals

5 Knee-twist-in Abdominals

6 Plank leg raise Lower back, glutes, triceps

7 Pilate dips (triceps) Triceps, biceps, shoulders, back

8 Push-up Chest

9 Side-to-side lunge Glutes, quadriceps, butt

10 Wall push-up Arms, shoulder, chest
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recognition and handwriting recognition problems [30]. Sta-
tistical features such as the mean or kurtosis are frequently
used because of their simplicity and high performance across
several human activity recognition problems [32].

5.2. Recognition Results. To develop our classifier, we tested
various classification algorithms, particularly the decision
tree, random forest, SVM, k-NN, and ensemble methods.
We report the result for the classifier based on the ensemble
subspace k-NN method, which achieved the best recognition
results. It is well-known that ensemble methods can be used
to improve better predictive performance than could be
obtained from any of the constituent learning algorithms
alone [33]. To assess the robustness of the classifier against
known and unknown users, we performed the following
two evaluations:

(i) “Leave-one-session-out” cross-validation: as a base-
line, we first evaluated the recognition performance
for every single participant. For each participant
and each activity dataset, we trained the classifier
with 2 out of 3 exercise sets and tested the classifier
on the remaining exercise set. The person dependent
evaluation was repeated for all 10 participants, with
10-fold cross-validation on each dataset. The confu-
sion matrix of the average recognition results along
with the F score is presented in Figure 7(a). The
overall exercise recognition accuracy nearly reached
88.00%more precisely, with 6 of the 10 exercises hav-
ing a recognition rate of 100%. The lowest misclassi-
fication of 53.80% was observed with the climber
exercise. The F score was 0.889. It is worth pointing
out that only three exercises (pilate dip, plank leg
raise, and climber) have their recognition rate lower
than 80%

(ii) “Leave-one-participant-out” cross-validation: ide-
ally, the system should be operational for any
new user without additional training procedure.
We, therefore, performed leave-one-participant-out
cross-validation to understand the robustness of the
system against new unregistered users. For each
participant, the classifier is trained with all the data
from the other participant and it is tested with the
data from that participant. The confusion matrix
of the average recognition results and the F score
are shown in Figure 7(b). The person-independent
result shows an overall accuracy of 82.0%, with an
F score of 0.830. This suggests that our system
works well across different users. In this case, also,
the climber and plank leg raise exercises have the
lowest accuracy rates of 58.3% and 60%, respectively.
Five exercises have their recognition rate lower than
80% (pilate dip, knee-twist-in, side lunge, plank leg
raise, and climber)

For both evaluations (leave-one-session-out and leave-
one-participant-out), the overall recognition results indicate
highly acceptable levels of exercise recognition accuracy
which are higher than 80%. Most of the misclassification
happens with exercises such as climber and plank leg raise.
We also note an inaccurate prediction for pilate dips, where
athletes keep the same posture till the end of the exercise.

The decrease in the accuracy rate between the person-
dependent and the person-independent evaluation is undoubt-
edly a result of participants having different workout styles,
hand sizes, etc. We believe the system could be more robust
against new users if we provided more training data that
include more participants. As smart gloves are intended
for personal usage, we suppose the optimum recognition
accuracy can be obtained for end users that agree to pro-
vide training data during their first use.

Bench dips Climber Knee-pull-in Push-up Wall push-up

Plank leg raise Knee-twist-in Dumbbell curl Pilate dips

Figure 6: Exercises performed during the experiments, except the side-to-side lunge. Red areas represent the interaction surface between the
glove and the workout environment.
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Figure 7: Average recognition result for (a) person-dependent and (b) person-independent evaluation.
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6. Counting Repetitions: Methods and Results

One goal of our proposed smart glove system is to count how
many repetitions a user has performed during an exercise set.
To fulfill this goal, we designed a counting algorithm that
uses the raw data from the smart glove to count the number
of exercise repetitions during fitness sessions. An exercise
repetition is characterized by a specific pattern, observed
within the time series signal W t obtained from the 16
force-sensitive resistor (FSR) sensors. The counting phase
itself is composed of 3 steps:

(i) Step 1: conditioning of the signal W t

(ii) Step 2: peak detection and elimination

(iii) Step 3: repetition pattern detection and similarity
match

Figure 8 depicts the different steps of the counting algo-
rithm. The dashed box indicates the activity type (exercise
name) obtained from the activity recognition step described
in the previous Section 5. The counting algorithm notations
along with their descriptions are summarized in Table 3.

6.1. Weight Signal Conditioning. The signal W t , as
explained in the previous Section 5.1, is the mean of the 16
channels computed over each row of the time series data.
W t is computed using equation (1) and normalized
according to its mean value and standard deviation. For each
exercise set, the acquired W t signal is smoothed with an
eleven-point fourth-order Savitzky-Golay (SG) smoothing
filter [34]. The SG filter is a digital filter that can be applied
to a time series data to smooth the data, that is, to increase
the signal-to-noise ratio without significantly distorting the
signal. The role of the SG filter is to approximate the values
within a specified window by a polynomial of a specified order
to minimize its least-square error. The advantage of using SG
filtering before processing a signal is that it does not delay the
signal and can preserve features such as local minima and
maxima (peaks) [13]. Finally, the smoothed signal is passed
to the next step (Step 2), for peak detection and elimination.

6.2. Peak Detection and Elimination. In this step, we exploit
the local maxima (peaks) of the signalW t to find repetition
candidates and to reject peaks that are significantly low to be
candidate peaks. The intuition behind our approach is that
most of the exercise repetitions result in strong peaks.

Figure 9(a) shows an example of a “simple-and-easy” sig-
nal, where each repetition corresponds to a high-amplitude
peak, occurring at a regular time interval, with almost similar
shapes. Counting the number of repetitions from such a fit-
ness exercise signal is quite easy (the numbers and the blue
triangles represent all the candidate peaks before running
the counting algorithm). However, the signals obtained from
the smart glove are not always that simple. Depending on the
exercise type and the user’s workout style, the peak ampli-
tudes and shapes are different and inconstant (Figure 9(b)).

Therefore, our algorithm has to be efficient and global to
handle any exercise repetition signal from the smart glove.
To that end, in this step, we need to find and reject peaks that
are not generated by actual repetitions such as peaks caused
by fatigue and subrepetitions.

To filter out false repetition peaks, we primarily compute
all the local maxima of the W t signal to obtain a list of all
candidate peaks. Then, we sort these candidate peaks based
on their amplitude and compute the peak at the 20th percen-
tile. Secondly, we reject all peaks with an amplitude smaller

Pattern detection
(DTW)

Similarity match
(DTW)

Repetition countRaw sensor data 

Preprocessing

Compute weight (t)

Peak detection &
peak elimination

Activity recognition

Figure 8: Overview of the DTW-based repetition count algorithm.

Table 3: Algorithm notations.

Notation Description

W t The mean of the 16 sensors for
each time sample

Δperiod The minimum possible time
to perform a repetition

SZ Searching zone of 10 seconds to
find the repetition pattern

CP Candidate peaks obtained after Step 2

RCj Repetition candidate at index j

Rpat Repetition pattern of an exercise set

distanceDTWpat
Smallest normalized distance

between matching RC

thresh dtw Threshold value used to accept
or deny matching
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Figure 9: Examples of repetition signals.
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than the 20th percentile. The 20th percentile represents the
amplitude value below which 20% of the candidate peaks
may be found. That means 80% of the candidate peaks are
higher than this value. The percentile-based technique has
been largely used for filtering peaks in signal processing
problems [35]. It appears that the percentile method is more
efficient than setting absolute threshold values, as demon-
strated in [8]. The reason is that setting a fixed lower thresh-
old value will lead to a selection of many candidate peaks but
might also contain multiple false candidate peaks; while a
fixed higher threshold will only detect high-amplitude peak
repetitions. Therefore, applying an appropriate n-th percen-
tile technique appeared to be a good technique for 1st-level
peak filtering. In our study, generally, peaks corresponding
to fatigue or subrepetitions fall below the 20th percentile
peak. In Figures 9(a) and 9(b), the red line represents the
20th percentile of each signal.

Finally, after rejecting the candidate peaks lower than the
20th percentile, we filter the remaining candidate peaks based
on the time elapsed between successive candidates. We com-
pare the time between a peak candidate and the previously
accepted candidate. If the current peak candidate is at least
Δperiod seconds away from the previously accepted candi-
date, we accept this current peak candidate. If not, we reject
the current peak candidate and move to the next candidate.
The intuition behind this approach is that if two consecutive
peaks in the signal are very close (e.g., less than 0.4 sec), one
of them is not an actual repetition peak.

The value of Δperiod (in seconds) represents the mini-
mum possible time for a human to perform a repetition.
For each exercise, we get this period based on the fastest rep-
etition observed during our experiment for that exercise. For
example, for the lateral stretch exercise, Δperiod is equaled to
1.0 sec, and for push-up exercises, it is equaled to 2.0 sec.

After rejecting the false candidate peaks based on the
20th percentile threshold and the time elapsed, the remaining
candidate peaks are passed to the next step (Step 3) for the
repetition pattern detection.

6.3. Repetition Pattern Detection and Similarity Match.At the
end of the two previously described steps, we already have a
naive repetition count algorithm. We could have stopped
the algorithm after these two steps. However, this algorithm
would be sensitive to variations in timing, speed, and individ-
ual repetition style. Therefore, to make our counting algo-
rithm robust against exercise type and speed variations, we
incorporated the dynamic time warping (DTW) algorithm
to find the repetition pattern of the exercise set, and then,
we examined the signal W t to find out how many times
the same pattern is repeated in the signal.

Dynamic time warping (DTW) is a widely used tech-
nique that utilizes dynamic programming to find the opti-
mum distance between time series [5]. It allows us to
compare signal sequences that are not temporally aligned
by creating a mapping which minimizes the distance between
input sequences. The DTW algorithm has been proven to be
effective for speech recognition [36] and has been intensively
used in previous studies related to activity recognition [32],
human motion [37], and bioinformatics [38].

In our counting algorithm, we utilize DTW to

(i) find the repetition pattern (RP) of an exercise set
(phase 1)

(ii) measure the similarity between a repetition candidate
(RC) and the repetition pattern (phase 2)

Compared to some previous studies as in [10], rather
than selecting a standard template for an exercise type,
we extract the particular repetition pattern of each single
exercise set. By doing so, we ensure that each exercise
set is evaluated independently of the activity type and the
user’s speed.

6.3.1. Find the Repetition Pattern (Phase 1). In this phase, we
empirically defined a time window of length 10 seconds
starting from second 4 to second 14 of W t . We called this
time window the searching zone (SZ). The algorithm will
look for the repetition pattern only inside the SZ. The reason
behind starting from the 4th second is that most people usu-
ally utilize the first seconds of an exercise to adjust their
body and/or find their comfortable hand position. For this
reason, the first repetitions of an exercise are not always
actual exercise repetitions.

We work with signal sequences between the consecutive
candidate peaks (CP) obtained after Step 2. We denoted
by RCj (repetition candidate j) the signal sequence of W t
between the candidate peaks CPi and CPi+1, inside the SZ
(Table 3). The algorithm loops through the repetition candi-
date and uses the DTW algorithm to find the first repetition
candidate that matches the other repetition candidates inside
the SZ. For example, given an exercise signal with 4 candidate
peaks at indices CP3, CP4, CP5, and CP6 inside the searching
zone, the algorithm will generate 3 repetition candidates such
as RC1 =W t CP3 CP4 , RC2 =W t CP4 CP5 , and R
C3 =W t CP5 CP6 , respectively. Then, we use the DTW
algorithm to compare RC1 to RC2, RC2 to RC3, and RC1
to RC3.

If RC1 matches RC2 and RC3, then the algorithm will
consider RC1 (the signal sequence between CP3 and CP4)
as the repetition pattern (Rpat) and save in a variable called
distanceDTWpat the smallest normalized distance between
RC1 and RC2 or RC3. If there is no match among the 3 rep-
etition candidates, then the algorithm will do the following:

(1) reject the candidate peak CP3

(2) define a new searching zone SZ of 10 seconds starting
from the candidate peak CP4

(3) repeat the pattern searching process in the new SZ

This new searching zone will include one or more candi-
date peaks (P4, P5, P6, P7, and maybe P8). The pattern detec-
tion phase stops when the algorithm finds a repetition
candidate that matches 2 or more other RC inside the SZ.
This repetition candidate is then considered as the repetition
pattern Rpat of the current exercise set and passed to the next
phase of the similarity match.
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Figure 10(a) shows an example of a pattern repetition
found in the initial searching zone (red color), and
Figure 10(b) is another example where the pattern repetition
is found in the self-generated searching zone (orange color).

6.3.2. Similarity Matching and Repetition Count (Phase 2). In
this phase, we utilize the DTW algorithm to compare each
repetition candidate to the exercise repetition pattern Rpat
from the beginning of the exercise and we count repetition

candidates that are most similar to Rpat as actual repetitions.
To decide whether two repetitions are similar or not, we need
to define a matching threshold parameter. This threshold
parameter, which we call β, specifies the maximum allowable
Euclidean deviation between two signal sequences to be con-
sidered as a match. The higher the value of β, the more diver-
gent (or dissimilar) sequences are considered as a match and
the algorithm overperformed. Therefore, a reasonable value
for β has to be determined for optimum performance.
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Figure 10: Examples of exercise repetition patterns found in different searching zones. The blue triangles represent all the candidate peaks
before running the algorithm. The green circles indicate the accepted candidate peaks from Step 2.
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Through a trial and error approach, we set β = 1 5 in our cur-
rent implementation. With this threshold parameter, we
compute the threshold DTW (thresh dtw) value which is
used to accept or reject a repetition candidate. The thresh
dtw is given by

thresh dtw = β ∗ distanceDTWpat 2

If the normalized DTW distance between a repetition
candidate and the exercise repetition pattern is less or equal
to the thresh dtw, the repetition candidate RC is considered
as similar to the exercise pattern Rpat and counted as an actual
exercise repetition, else the repetition candidate is rejected:

RCj =
accept, if dtw RCj, RCpat ≤ thresh dtw,

reject, if dtw RCj, RCpat > thresh dtw
3

At the end of this evaluation condition, we sum up the
number of similar RC and output the total number of
repetitions.

6.4. Counting Algorithm Evaluation and Result. To evalu-
ate the efficiency of our repetition counting algorithm, we
utilized the set of data collected during the experiment
described in Section 4. We also used the videos recorded
during this experiment as ground truth (GT) data.

For each exercise set, we used the algorithm to compute
the number of repetitions for each participant and compared
this number with the actual number of repetitions obtained
from the recorded videos. Out of the 10 exercises, one exer-
cise (pilate arms) was a noncounting exercise. Therefore,
we evaluated the counting algorithm over 9 fitness exercises.

Indeed, during the pilate arm exercise, the athlete has to keep
the same position during the entire exercise duration without
doing any repetitions. We must also note that due to our
camera’s battery and memory shortage, we missed the fol-
lowing 4 ground truth videos:

(i) video of P3 performing the knee-twist-in exercise

(ii) video of P4 performing the plank leg raise exercise

(iii) video of P7 performing the climber exercise

(iv) video of P10 performing the climber exercise

We omitted in our evaluation the results obtained from
the algorithm for these 4 cases.

To investigate the impact of the DTW in our counting
algorithm, we evaluated the algorithm at the end of Step 2
(without DTW) and Step 3 (with DTW) separately.

6.4.1. Results after Step 2 (without DTW). The results
described below are obtained after Step 1 and Step 2. The
algorithm counted an overall number of 5280 repetitions
for all the exercise sets, whereas the ground truth data
showed a total of 5186 repetitions. In general, the algorithm
slightly overcounted the number of repetitions.

The box plot in Figure 11 depicts the average number
of repetition from the ground truth (blue color) and the algo-
rithm without using DTW (red color). The x-axis shows the
fitness activities, and the y-axis displays the number of repe-
titions. We can observe that only 2 exercises (knee-twist-in
and side lunge) were undercounted.

Furthermore, for each participant, we computed the
average repetition count per exercise (remember that each
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exercise has been performed 3 times), from the ground
truth (GT) and the algorithm (Alg). Then, we defined and
calculated the mis count values for each exercise, using
equation (4). The parameter mis_count allows us to rapidly
understand the performance of the algorithm after each
step (Step 2 and Step 3).

miscount = GT –Alg 4

Table 4 gives for each participant the results of the mis_
count per exercise. From this table, we observe that without
DTW, the proposed algorithm produced high overcounting
of +5 up to +17 the actual number of repetitions (e.g.,
dumbbell of P3, side lunge of P7). We also notice some
high undercounting, especially with the knee-twist-in exer-
cise with −10 of the exact repetition number, in the worst
case. We defined as a “high overcounting” any repetitions
count number obtained from the algorithm that is higher
than +4 of the number of actual repetitions. The same def-
inition is applied to the undercount cases, where the “high
undercounting” starts from −4 of the number of actual rep-
etitions. These high overcounting and high undercounting
results attest that after Step 2, the algorithm is still sensitive
to timing and speed variations. The high overcounting and
undercounting repetition numbers are highlighted in italic
and bold text, respectively, in Table 4.

Although the peak count and time-elapsed approach can
count well without looking into the pattern, this approach
only is not sufficient for counting exercise repetitions. One
way to improve it is to utilize the DTW algorithm to find
the repetition pattern of each exercise set and then use this
pattern to count the exercise repetitions.

6.4.2. Results after Step 3 (with DTW). At the end of Step 3,
the algorithm counts 5053 total repetitions, whereas the
ground truth showed a total of 5186 repetitions. The average
repetition count obtained after using DTW is almost equal to
the number of repetitions observed in the ground truth data.
The box plot in Figure 11 depicts the average number of rep-
etitions from the ground truth (blue color) and the algorithm
after integrating DTW (orange color).

Table 4 also provides for each participant the result of the
mis count per exercise after Step 3. The highest overcount
was about +6.3 of the actual repetition number (e.g., side
lunge of P7), whereas the highest observed undercount was
about −4.3 of the actual number of repetitions (e.g., push-
up of P6).

The difference in the results obtained before and after
integrating the DTW algorithm shows that the DTW makes
our counting algorithm more robust and accurate.

6.4.3. Overall Results. In evaluating our algorithm, we com-
puted another parameter: error rate in percent. The error rate
is calculated as the absolute value of the mis_count over the
actual count (GT).

For each exercise and participant, we calculated the error
rate by using the average repetition count obtained after inte-
grating the DTW (Step 3). Figure 12(a) plots the average
counting error rate of each activity, while Figure 12(b) shows
the average counting error rate of each participant.

Independently of the participant and exercise type, there
is no result of an error rate higher than 20%. With most par-
ticipants, the push-up exercise has the highest error rate of
17.70%. This is explicable since the push-up exercise is the
most exhausting exercise to be performed over 30 sec. Some
participants pause and resume while in the middle of the

Table 4: Average mis count of the algorithm after Step 2 and Step 3 for each exercise and participant.

Exercise types P1 P2 P3 P4 P5 P6 P7 P8 P9 P10 Average

Bench dip
Without DTW -8.0 +1.7 -2.7 +1.0 -1.7 -3.3 -3.7 -1.3 -5.7 -7.7 -3.1

With DTW -2.3 +0.3 -1.0 +0.7 +0.7 -1.7 -1.0 +1.0 -3.0 -3.0 -0.9

Climber
Without DTW 0.0 +1.0 -1.7 2.7 -1.3 -0.7 NaN +1.3 -3.3 NaN -0.3

With DTW +0.7 +2.7 +0.7 +2.0 +2.3 +2.0 NaN +1.0 -2.3 NaN +1.1

Dumbbell
Without DTW +0.7 +4.0 +6.3 -3.3 -1.7 -3.7 +2.3 +0.7 -1.0 -2.0 +0.2

With DTW +0.7 +2.7 +4.3 -1.0 -0.7 +1.0 +2.7 +1.7 +0.3 -0.3 +1.1

Knee-pull-in
Without DTW +0.3 -2.0 -0.3 +2.0 +0.3 +4.7 +1.3 +2.3 -6.3 +1.0 +0.3

With DTW +0.7 -1.0 -1.7 +1.3 +0.7 +2.7 +0.0 +2.7 -2.3 +0.3 +0.3

Knee-twist-in
Without DTW -3.3 -3.7 NaN +8.3 +1.7 +2.0 +8.0 +1.7 -10.3 +1.7 +0.7

With DTW -0.7 +1.3 NaN +4.7 +3.7 +4.0 +3.0 +1.3 -3.7 +2.0 +1.7

Side lunge
Without DTW +2.3 -0.7 +9.8 +8.0 -5.7 +0.7 +17.3 +16.7 +9.7 -1.3 +5.7

With DTW +1.0 +1.0 +4.5 +3.3 -2.3 +4.0 +6.3 +6.0 +4.0 -0.3 +2.8

Plank leg raise
Without DTW +1.0 -1.3 -1.0 NaN -1.7 -3.0 +5.0 -0.3 -5.7 -0.7 -0.9

With DTW +2.0 -0.3 +0.7 NaN +4.0 +0.3 +3.3 +0.3 -3.0 +1.0 +0.9

Push-up
Without DTW -5.3 -1.3 -2.3 -1.7 +4.7 -6.7 -2.0 +2.0 -2.7 -3.0 -1.8

With DTW -3.3 -1.0 -1.0 -0.7 +3.7 -4.3 -3.0 +6.0 -3.3 -2.0 -0.9

Wall push-up
Without DTW -9.7 +0.7 -0.3 -1.0 -0.3 -9.0 -0.7 +0.7 -5.0 +0.3 -2.4

With DTW -1.7 +0.7 +0.3 -0.7 +0.3 -2.3 -0.6 +0.7 -3.0 0.0 -0.6

The high overcounting and undercounting repetition numbers are presented in bold.
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push-up exercise, before the time out. Two participants
performed the “lady push-up” style because they felt incapa-
ble of doing the standard push-up for 30 sec. Two other par-
ticipants performed the push-up in a different style, which
consists of making a subrepetition movement after each nor-
mal repetition. This style (a.k.a. “military push-up”) is gener-
ally performed by nonamateurs to boost up the effect of the
standard push-up.

Only two exercises (knee-twist-in and push-up) have
their error rate higher than 10%. The average counting error
rate for all exercises is 9.84% and the participant average
counting error rate is 9.78%. The worst error rate by partici-
pants was obtained with P9 (19.38%), followed by P6
(12.26%). These high error rates might be related to the fact
that P9 and P6 did not practice any sports activity in the last
six months before the experiment day.

Overall, the results indicate that our repetition counting
approach is an acceptable way to make a smart glove that
can also count exercise repetitions. The system might work
better with regular gym-goers than irregular practitioners.
However, we need more testing with experimented fitness
practitioners to confirm or deny this hypothesis.

7. Discussion

7.1. User Feedback. In our short exit survey, participants were
asked to assess the comfort level of the smart glove on a scale
from 0 to 10, with 0 being not comfortable and 10 being com-
fortable. Figure 13 shows the result of this comfort level
assessment. 4 participants out of 10 rated the smart glove
with 5 stars, only 1 participant gave a 10-star score, and the
others rated it with 6 or 7 stars. The average obtained comfort
level of the smart glove is 6.2 over 10.

The second question of the survey (do you have any feed-
back, comments, suggestions, or ideas related to the device
and the system?) revealed that participants want the smart
glove to be adjustable, for fitting their hand size. In fact, our
current prototype was designed to be “gender neutral with

a unique size.” Therefore, some participants felt like the
smart glove was slightly big, while others said that it was
small. For example, P1 said, “It would be nice if the width
could be adjustable to fit it (the glove) to my arm,” whereas
P9 reported, “It (the glove) fits well on my hand but some-
times slides (during the workout).” Another participant
(P3) mentioned, “I want to have better tight on my fingers.”
From this feedback, we agree that our next prototype should
follow the fabrication designs of ordinary fitness gloves
already available on the market, in terms of materials, sizes,
and appearances.

7.2. Number of FSR. As mentioned in Section 3, we intention-
ally utilized many FSR sensors (16 FSR) in our first prototype
to ensure full coverage and also for investigating the main
pressure areas in the palm during fitness activity. Through
this investigation, we aim to reduce the total number of
FSR sensors in our final smart glove prototype.

By analyzing the data collected during the experiment,
it appears that some sensors can be removed without dras-
tically altering the activity recognition and exercise count-
ing results.
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For each activity, we got 30 exercise sets (10 participants
× 3 sets per activity). From these 30 sets per activity, we com-
puted the average force applied to each sensor, to determine
whether or not a sensor is activated (used) during that partic-
ular exercise. For this evaluation, we used the absolute force
applied to the sensors, without normalization.

Table 5 shows the average force values applied to each
sensor per exercise, and Figure 14 presents the relation
between each exercise and the activation status of the sen-
sors. For each exercise, we also computed the mean of the
total forces MTF applied to all sensors (mean of each col-
umn in Table 5). If for a given exercise, the average value
of a sensor is

(i) higher than or equal to MTF, we consider the sensor
as “always” activated during the exercise (green cir-
cle in Figure 14)

(ii) lower than MTF and higher than MTF/10, then the
sensor is considered as “sometimes” activated
(orange triangle)

(iii) less than MTF/10, then the sensor is considered as
“not actually” activated during the exercise (red
cross)

The intuition behind this reasoning is that if a value is
10 times less than the average of all values, then this value
is significantly low and negligible. From the results of this
analysis, we can suggest a new design of the proposed smart
glove, without the sensors at position 5 and 9. Indeed, at these
positions, the sensor values are negligible for most exercises.
The sensors on the fingers (positions 13, 14, 15, and 16) can
also be removed or slightly moved down because they are

frequently inactivated or activated only a few times for
most exercises except for the dumbbell curl exercise. Sen-
sors on positions 1, 2, 3, 4, 7, and 8, which are generally
highly activated, should remain in the same spots for the
next prototype.

7.3. Fitness Exercises without Direct Pressure on the Palm.
One limitation of our current system is the tracking of exer-
cises such as running that does not produce pressure

Table 5: Average sensor values for each exercise.

Sensors
position

Bench dip Climb. Dumb. Knee-pull-in Knee-twist-in Side lunge Pilate dip Plank leg raise Push-up Wall push-up

1 54.28 240.54 6.62 91.89 230.71 201.88 219.04 343.82 275.98 56.13

2 231.81 511.77 2.10 227.78 337.49 318.30 248.62 633.29 467.15 71.70

3 341.95 718.57 3.35 331.44 732.16 648.41 745.87 724.94 708.25 226.36

4 274.48 595.46 9.31 381.60 641.78 580.58 673.91 552.13 644.16 267.11

5 50.39 4.72 81.48 0.41 6.00 1.89 0.54 17.66 18.95 0.00

6 244.08 198.89 34.53 34.99 132.48 121.25 151.06 158.61 124.59 1.71

7 478.40 365.18 8.62 81.24 280.89 262.61 314.31 332.83 301.13 8.10

8 540.44 405.72 1.19 135.53 365.07 379.80 373.25 348.93 369.32 71.27

9 0.28 0.28 0.06 1.80 0.53 0.62 0.03 3.06 1.27 0.00

10 21.33 63.72 5.56 13.78 21.98 54.41 32.46 59.86 24.44 1.77

11 29.70 52.35 19.78 16.10 22.57 70.18 31.49 28.70 18.70 0.04

12 7.05 22.94 0.54 21.07 28.75 46.87 36.86 8.28 1.04 0.00

13 4.89 29.09 150.03 2.62 35.28 36.05 28.96 21.48 39.90 0.18

14 66.69 87.37 116.34 25.93 77.09 74.55 54.34 89.54 102.87 7.30

15 1.37 3.81 201.49 1.13 51.67 20.29 6.17 22.33 45.05 1.03

16 3.12 82.12 4.16 9.42 76.11 106.57 51.42 71.28 76.45 7.56

Mean 146.89 211.41 40.32 86.05 190.03 182.77 185.52 213.55 201.20 45.02

Mean/10 14.89 21.14 4.03 8.60 19.00 18.27 18.55 21.35 20.12 4.50
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variation in the palm. To overcome this issue, we intend to
integrate inertial sensors such as accelerometers or gyro-
scopes into the DSU (data sampling and communication
unit) of our next smart glove prototype. By adding such iner-
tial sensors into our system, we will be able to track pressure-
less exercises, as well as improve the exercise recognition and
counting performance of the proposed system.

7.4. Number of Participants. Another limitation of the pres-
ent work was the low number of participants during the
experiment, which meant we could not determine whether
the obtained results of the current prototype are statistically
significant. However, these results confirmed our intuition
and idea that it is possible to use biomechanical data from
the hand palms to monitor fitness activity. Moreover, the
current experimental results provide valuable information
and orientation that could be employed to improve the over-
all system performance. Notwithstanding the above, in our
future work, we intend to validate the proposed methods
with a larger number of participants.

8. Conclusion

In this work, we investigated a novel smart glove-based sys-
tem for tracking indoor fitness activity. Our approach
exploits the interactions between the hand palm and the
working environment to assess fitness activities. The system
integrates 16 FSR sensors into a fitness glove to identify fit-
ness activities and count the repetition of an exercise, by ana-
lyzing a time series of the pressure distribution applied to the
hand palm during the exercise.

We presented the design of the smart glove and evalu-
ated the exercise recognition performance and the accu-
racy of the repetition counting algorithm of the system.
Our validation experiment with 10 healthy participants over
10 common fitness exercises showed an overall exercise
recognition accuracy of 88.00% for the person-dependent
evaluation and 82.00% for the person-independent evalua-
tion. The evaluation of the repetition counting algorithm
achieved an average counting error rate of 9.85%. Based
on our results, we concluded that a smart glove that col-
lects and analyzes hand palm pressure could be used to
track and assess fitness activities.

Clearly, in its current design, the system alone is not
enough for tracking exercises that do not generate pressure
in the hand palms. However, it provides valuable results
that can be combined with the data from inertial sensors,
to develop more complete systems for supporting fitness
practitioners.

Data Availability

The smart glove data (in .csv format) used to support the
findings of this study have been deposited in the “FSR-
Smart-glove-data” public repository on Github and are
accessible via the following link: https://github.com/edess/
FSR-Smart-glove-data.
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