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Abstract: Hand gesture recognition is a crucial task for the automated translation of sign language,
which enables communication for the deaf. This work proposes the usage of a magnetic positioning
system for recognizing the static gestures associated with the sign language alphabet. In particular, a
magnetic positioning system, which is comprised of several wearable transmitting nodes, measures
the 3D position and orientation of the fingers within an operating volume of about 30 × 30 × 30 cm,
where receiving nodes are placed at known positions. Measured position data are then processed
by a machine learning classification algorithm. The proposed system and classification method are
validated by experimental tests. Results show that the proposed approach has good generalization
properties and provides a classification accuracy of approximately 97% on 24 alphabet letters. Thus,
the feasibility of the proposed gesture recognition system for the task of automated translation of the
sign language alphabet for fingerspelling is proven.

Keywords: gesture recognition; sign language recognition; fingerspelling; hand tracking; magnetic
positioning system; machine learning; wearable electronics

1. Introduction

Sign language (SL) is defined as “any means of communication through bodily move-
ments, especially of the hands and arms, used when spoken communication is impossible
or not desirable” [1]. The practice is probably older than speech and widespread over any
place, epoch and culture. There are different sign languages with variability in hand shape,
motion profile, and position of the hand, face, and body parts contributing to each sign.

Modern sign language originated in the mid-18th century, when Charles-Michel, abbé
de l’Epée, developed a system for spelling out French words with a manual alphabet and
expressing whole concepts with simple signs. From the l’Epée’s system, the French Sign
Language (FSL) was developed, which is still in use in France today and is the precursor
of American Sign Language (ASL) and many other modern national sign languages [1].
Each country generally has its own native sign language, and some have more than one:
the current edition of Ethnologue lists 150 sign languages [2]. Moreover, according to the
World Federation of the Deaf, there are over 200 sign languages around the world and
70 million deaf people using them [3].

In the communicative hand/arm gesture taxonomies, modern sign language is con-
sidered as the most organized and structured form out of various gesture categories and
is an important means of communication among the hearing-impaired and deaf commu-
nity [4]. Sign language involves the usage of different parts of the body, such as fingers,
hand, arm, head, body, and facial expression. One class of sign languages, known also
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as fingerspelling, is limited to a collection of manual signs that represent the symbols of
the letters of an alphabet using one hand [5]. The American Sign Language (ASL) signs
corresponding to the letters of the alphabet are shown in Figure 1.

Figure 1. Letters of the American Sign Language (ASL) alphabet.

Sign language recognition (SLR) is a multidisciplinary research area that involves
natural language processing, linguistics, pattern matching, computer vision and machine
learning [6]. The final goal of sign language recognition is to develop methods and algo-
rithms in order to build a sign language recognition system (SLRS) capable of identifying
already produced signs, decoding their meaning and producing some sort of textual, audio
or visual output in another language that the intended receiver can understand.

The problem of SLR by automatic systems can be considered as a special case of
Natural Language Processing (NLP) or as a specific application of gesture recognition,
which is included within the broad domain of Human Computer Interaction (HCI). In this
sense, SLRS are considered as a special group of HCI devices, designed to enable effective
interaction with an SL speaker. Therefore, research in sign language recognition is highly
influenced by hand gesture recognition and HCI research. A search for topics like “gesture
recognition”, “hands tracking”, “finger tracking”, and “sign language recognition” on an
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online scientific library may return over 100k results for each query, with a rising trend and
a peak in a number of published papers in the period 2016–2020.

In the context of hand gesture recognition, many common devices and applications
rely on the tracking of hands, fingers or handheld objects. Specifically, smartphones and
smartwatches track 2D finger position, a mouse tracks 2D hand position, and augmented
reality devices like the Microsoft HoloLens 2 track the 3D pose of the finger. In addition
to SLR, other applications of hand gesture recognition include virtual reality, augmented
reality [7], assistive technology [8,9], collaborative robotics [10], tele-robotics [11], home
automation [12], infotainment systems [13,14], intelligence and espionage [15] and many
others [16].

The general SLR problem includes the following three different tasks:

1. Static or continuous letter/number gesture recognition (classification problem);
2. Static or continuous single word recognition (classification problem);
3. Sentence-level sign language recognition (NLP problem).

Available literature surveys [4,16–18] report that recent research achieved an accuracy
in the range of 80–100% for the first two tasks, when some given specific conditions are met.

In this paper, we focus on the recognition of static hand gestures associated with the
letters of the alphabet for fingerspelling, which is part of Task 1. A similar task was also
addressed by many other works, such as [19–35], using different approaches for realizing
the software and hardware components of the proposed systems.

Both computer-vision-based and sensor-based approaches have been implemented for
sign language alphabet recognition. The vision-based approaches [19–29] use RGB cameras
or depth cameras (such as the Leap Motion controller or the Kinect) to capture the image
or the video frames of the hand-performing signs. These frames are further processed to
recognize the signs and produce some text or speech output. Hand features extraction is a
major challenge for the vision-based systems: extraction is affected by many factors, such
as lighting condition, complex backgrounds in the image, occlusion, and skin color.

Sensor-based gesture recognition systems are commonly implemented as data gloves
featuring inertial measurement units and stretch sensors such as in [30–32], as surface
electromyography sensors [33], or other wearable devices [34,35]. Sensor-based approaches
have the key advantage of simplifying the detection process. On the other hand, a disad-
vantage of sensor-based systems is that they can be expensive, cumbersome, or too invasive
for real-world deployment.

A fundamental observation that can be made by analyzing the state-of-the-art outlined
above is that building a gesture recognizer on top of a tracking system, instead of direct
classification from a sensor stream, can help make the gesture recognition system less
dependent on input devices. In particular, in this paper, we demonstrate that training the
classification model on data from a tracking system gives substantial advantage in terms of
robustness to environmental condition and signer variability.

We propose a sensor-based approach that employs a Magnetic Positioning System
(MPS). The MPS is comprised of transmitting nodes and receiving nodes. The transmitting
nodes are mounted on the fingers and hand to be tracked, whereas the receiving nodes
are placed at known positions in the sides of the operational volume. An advantage
of the proposed system, compared to the others mentioned above, is that it measures
the absolute position of the fingers, thus enabling high accuracy and drift-free tracking.
Another advantage is that the MPS is not sensitive to illumination conditions and the other
factors affecting vision-based systems. Furthermore, it operates also in the presence of
obstructions caused by objects or body parts. Therefore, the proposed approach enables
robust and reliable tracking of the hand and fingers. It is thus suitable for SLR and for the
other applications of hand gesture recognition, such as human–machine interaction, virtual
and augmented reality, robotic telemanipulation, and automation.

The remainder of this paper is organized as follows: the proposed magnetic position-
ing system, method for reconstructing the hand gesture, and machine learning classification
models are described in Section 2. Then, experimental results are presented in Section 3.
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A discussion of the results is then provided in Section 4, and conclusions are drawn in
Section 5.

2. Materials and Methods

In this section, we describe the proposed system for recognizing hand gestures. First,
we provide a description of the architecture of the magnetic positioning system used for
tracking hand and fingers. Then, we present the kinematic hand model that is employed for
reconstructing complete gestures from raw data. Finally, we illustrate the machine learning
approach used to classify the gestures, along with the dataset, tools, and learning models.

2.1. Magnetic Positioning System (MPS)

We used an already existent MPS, presented with full details in [36,37]. The system, as
presented in [36], was able to track the position and the orientation of six magnetic nodes.
We already used that implementation to develop a hand tracking system that could track
four fingers [38]. In order to track also the remaining finger, in this work the MPS has been
upgraded with an additional magnetic node. The upgrade required some modifications
that will be described in the following.

2.1.1. MPS System Architecture

The transmitting magnetic node is one of the main elements of the magnetic tracking
system. Its task is to transmit in space a known signal to an array of receivers, so that it is
possible to track its position in the working volume. The electromagnetic emission occurs
by means of a coil appropriately excited with an oscillating voltage of known frequency.
Each coil is coupled to a capacitor in parallel, thus forming a resonant LC circuit. Receivers
are implemented as passive LC circuits. The oscillating magnetic field of each active node
induces a measurable voltage on receivers, according to Faraday’s law. The magnetic
field of a single coil is modeled as an elementary magnetic dipole [39]. The position and
orientation of each magnetic node (the orientation being defined as the direction of the
coil central axis) are estimated by measuring the induced voltages on each receiver, then
inverting the mathematical model by means of numerical optimization.

A photo of the transmitting nodes mounted directly on the fingers is shown in Figure 2.
The benefit of this configuration is that it is modular and one or more nodes can be easily
removed if there is no need to track all fingers. Furthermore, a photo of the tracking nodes
mounted on a glove is shown in Figure 3. The advantage of this alternative configuration is
that it is quick and convenient to wear. Furthermore, the glove is comfortable and suitable
for usage over long periods of time without causing distress to the user. Coils on the fingers
are supplied with a square wave generated by a custom device described in Section 2.1.2,
while the two coils on the back of the hand (Figure 3) are supplied by a Cypress PSoC 5LP
microcontroller, as described in [36,38]. Supplied signal frequencies are chosen to fall on
the resonance band of the receivers. The chosen frequencies are 175,138, 177,075, 179,021,
180,961, 183,031, 184,971 and 187,043 Hz.

The working volume of the MPS is shown in Figures 3 and 4; the reference frame
is indicated. There are overall 24 receivers inserted into wooden panels. Voltages are
measured by means of analog-to-digital converters (ADCs) integrated on Texas Instruments
Delfino TMS320F28379D microcontroller units (MCUs). Each MCU reads 4 receivers.
Another MCU is used in a master-slave configuration to control all the others, and to
transmit data to a PC via serial connection. A custom software calculates the position and
orientation of each node. The measurement rate of the MPS with seven nodes is 31 Sa/s,
therefore enabling robust tracking even in the presence of fast motion or shaking of the
hand. The Euclidean and angular error are very similar to the six-nodes version of the
MPS [36], with mean values being, respectively, 3.5 mm and 2.6◦.
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Figure 2. (Left) Tracking nodes of the MPS mounted directly on the fingers. (Right) A single magnetic
node with its supply unit described in Section 2.1.2.

Figure 3. Tracking nodes of the MPS mounted on a glove, shown inside the MPS operational volume.
Letters have been articulated as if an interlocutor were watching from the xy plane (e.g., letter V is
shown on the right).

In Reference [36], the ADCs were configured to work in 12-bit single-ended mode,
while the ADC voltage range was 3 V. Transmitting nodes were supplied with a square
wave whose amplitude was 2.5 V. A constant 1.5 V signal offset was added to the input
of each ADC in order to make the received signal oscillate between 0 and 3 V. For the
present work, the addition of the seventh node (the configuration being the same) caused
saturation issues on the ADCs.

In order to avoid saturation and to raise the signal-to-quantization-noise ratio (SQNR),
we reconfigured the ADCs to work in 16-bit differential mode and removed the signal
offset. The differential mode allows to measure signals in the range (−3 , 3) V; the SQNR is
thus increased by a factor of 23. With the new configuration, it has been possible to use
seven transmitting nodes supplied with a 3.3 V square wave, avoiding saturation issues.
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Figure 4. Rear view of the yz plane of the magnetic positioning system. Receiving coils inserted into
carved slots are visible, together with the microcontroller unit acquiring the signal on four receivers.

2.1.2. Transmitting Nodes

Each transmitting node can be programmed to generate a unique coil excitation
frequency in a predetermined range. A ready-to-use integrated solution based on the
PRoC (Programmable Radio-on-Chip) CYBLE-222014 by Cypress Semiconductor [40] was
selected to minimize the overall node size. The device is based on an ARM Cortex-M0
processor and integrates into a small form factor of 10 × 10 mm a number of components
needed for its operations like crystal oscillators, antenna chip and passive elements. CYBLE-
222014-01 supports several peripheral functions, such as analog-to-digital converters,
timers, counters, and Pulse Width Modulators (PWM), as well as serial communication
protocols (I2C, UART, and SPI) through its programmable architecture. CYBLE-222014-01
includes a royalty-free BLE (Bluetooth low Energy) stack compatible with Bluetooth 4.2
and provides up to 16 general purpose input/outputs (GPIOs) and has 256 KB of memory.
The peripherals used for the expected functionality of the transmitting node are: BLE stack,
PWM, timers, clock dividers and GPIO.

Figure 5 shows the block diagram of the transmitting node. The first block is the power
supply section. The wearable device has been designed to be battery powered; however,
multiple power sources are supported due to the presence of a fixed 3.3 V voltage regulator
(TSP71533 by Texas Instruments) that permits obtaining a stable supply for a wide range
of input voltage: 3.75–24 V. The second block is the core of the device represented by
CYBLE-222014 with its internal used peripherals. The PWM peripheral is configured to
produce an output voltage signal with a frequency in the range 149.47–210.53 kHz with
500 Hz steps, the duty-cycle being fixed at 50%. The output of the PWM device is connected
directly to the coil to set the square wave, at the desired frequency. The printed circuit
board (PCB) has been designed using EAGLE Autodesk software for schematic, routing
and Gerber extraction (Figure 6a). The result is a 2-layer PCB whose dimensions are 25 ×
15 mm (Figure 6b).

In Figure 7, the PCB implementation of the transmitting node is represented with
the elements described above. In addition, the wearable device is equipped with both a
signaling LED to assess its status and a programmable SMD (Surface Mounting Device)
low-profile tactile switch (SW) as a simple user interface. To further reduce the dimensions,
the programming interface is obtained through a series of pads to whom the programming
probes will be connected.
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Figure 5. Block diagram of the transmitting node.

Figure 6. Printed circuit board design of the transmitting node. Representation of the routing result
(a) and fabricated PCB without components (b).

Figure 7. Photo of the realized PCB implementation of the transmitting node with parts populated.

The wearable nature of the device requires no wired connections for data exchange to
increase its portability. In this case, the BLE wireless interface was chosen as it is a widely
used standard. Therefore, data exchange does not require ad hoc programs but can be
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managed through the many generic apps available for both PC and mobile devices. Using
the wireless interface, it is possible to set the frequency of the square wave generated by
the PWM peripheral.

The wireless communication channel is provided by the on-board BLE facility, which
guarantees low-power communication. The GATT profile (Generic Attribute Profile) is
used to exchange data according to the BLE protocol [41], and the transmitting node acts as
a Bluetooth server. One client-writable custom characteristic is defined to store the desired
PWM frequency. The transmitting node, after the power up sequence, starts advertising its
presence and accepts client connections. A connected client can set a new PWM frequency
by writing a new value in the specific characteristic. The output frequency of the PWM
peripheral is obtained through a fractional division of the internal main clock. To easily set
the right divider ratio through the BLE connection, a lookup table is implemented in the
CYBLE-222014 memory. The value sent from the BLE client represents the index of this
table. The index range goes from 0 to 122, mapping the available frequency interval (149.5
to 210.5 kHz, 500 Hz-steps). When a new index is received by the transmitting node, the
on-board firmware checks its validity, updates the clock divider ratio and the PWM output
frequency changes.

The fractional hardware clock divider permits a good degree of flexibility but does
not allow an arbitrary choice of the output frequency; the maximum deviation between the
real and the desired frequency is, however, always less than 50.39 Hz and known a priori
for each selected frequency. Hence, under such conditions, the receiving section works
properly. To improve the usability of the overall system, the last received index is also
saved in the ROM memory and restored at each power-on cycle.

Five transmitting nodes have been realized and are placed on each finger of the
hand. Since every transmitting node must be addressed univocally, every board has been
programmed with a unique Bluetooth name to facilitate its individuation in the client
discovery process.

Each PCB is supplied by a 3.7 V, 85 mAh Li-Po battery. The current absorbed when
the resonant coil is disconnected is 13 mA; when the coil is connected, the current is 27 mA.
Battery duration in working conditions can thus be estimated as ≈3 h. The size of the
battery is 15 × 15 × 5 mm, and it has been chosen in order to not exceed the size of the
PCB. The battery can thus be attached directly on the PCB, obtaining a compact, light and
easy-to-handle device. Such a small device can be comfortably mounted on any body part,
or on other objects, in different positioning scenarios.

2.2. Reconstruction of the Hand Gesture

In this section, we provide details on the reconstruction method that allows obtaining
complete gesture information from raw data provided by the magnetic positioning system.
The method is based on a kinematic model of the hand.

In order to capture the gesture of the hand, all the magnetic nodes have been mounted
on a glove for easy and rapid wearing. The gesture is reconstructed by means of the
technique illustrated in [38], which we called MagIK (magnetic and inverse kinematics).
The method allows to reconstruct the movement of the hand with 24 degrees-of-freedom
(DOF). Positions and orientations of all the magnetic nodes, measured by means of the MPS,
are fed to a kinematic model of the hand, allowing to obtain the position and flexion of each
joint and the position and orientation of the whole hand with respect to the MPS reference
frame shown in Figure 3. Here we review the principal features of MagIK and illustrate
some empirical modifications that we introduced in the model in order to optimize the
reconstruction of the gesture among different test subjects.

Transmitting nodes are mounted on the hand, as shown in Figure 8. Nodes 1 and 2
are used to determine a Cartesian reference frame rigidly attached to the palm. Nodes
3–7 are used to measure the position and orientation of each finger tip with respect to
the MPS frame, then, by a coordinate transformation, position ri

0 and orientation n̂i
0 with

respect to the hand reference frame are obtained (we use the same notation as in [38]; i
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identifies the fingers, numbering them from I to V starting from the thumb; for position
vectors, homogeneous coordinates are used, i.e., in general r = [x, y, z, 1]T). We also define
positions Ri and orientations N̂i of the finger tips, with respect to a reference frame attached
to each IP/DIP joint, as Ri =

[
Li

4, 0, 0, 1
]T and N̂i = [0, 1, 0]T , where Li

4 is the length of the
terminal phalanx of each finger (LI

3 for the thumb).

Figure 8. (a) A picture of the magnetic glove. Transmitting nodes are numbered. The PSoC used to
supply nodes 1 and 2, together with its own battery, is attached to the glove on the back of the hand.
Custom PCBs are attached to the phalanges. (b) The complete hand reconstruction resulting from the
kinematic model. CMC–carpometacarpal joints; MCP—metacarpophalangeal joints; PIP—proximal
interphalangeal joints; DIP—distal interphalangeal joints; and IP—interphalangeal joint. Lengths of
the phalanges are indicated with L.

The following relations hold:

ri
0 = Ti

(
di, θi, ai, αi

)
Ri, (1)

n̂i
0 = Ti

rot

(
θi, αi

)
N̂ i, (2)

where Ti is a 4× 4 roto-translation matrix defined according to the widely used modified
Denavit–Hartenberg (MDH) formalism introduced by Craig [42] to describe mechanical
links. In this formalism, a reference frame is attached to each link (all the details can be
found in [38]); x-axes are oriented along link directions; z-axes are attached to the rotation
axis of each link; y-axes are thus determined by the right-hand rule. The MDH parameters
are defined as follows: angle θ measure rotations around z-axes; angle α measure link
twists around x-axes; length a measure translations along x-axes; length d measure link
shifts along z-axes. Ti

rot is the 3× 3 rotation submatrix of Ti, obtained from the latter by
removing the fourth row and the fourth column.

For the kinematic model of the hand, only angles θ and αI
MCP are mobile, while all the

other MDH parameters are fixed. MDH parameters for the hand are given in Tables 1 and 2,
where Li

j are the lengths of the phalanges, determined through the calibration procedure
described in [38]. Tabulated parameters are the same as in [38], except for some empirical
modifications for the thumb that have been introduced for a more realistic gesture recon-
struction. Angle αI

CMC,a is 11
18 π (110◦), while in [38], the value was π

2 . For the angle αI
MCP,

the following relation holds (a modification of an analogous relation in [38]):
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αI
MCP ≡ α

(
θI

CMC,a

)
= α0 +

π

18

θI
CMC,a − θI

CMC,a, min

θI
CMC,a, max − θI

CMC,a min
, (3)

where α0 is the twist angle of the thumb measured when it is fully extended during the
calibration phase. Minimum and maximum values θCMC,a, min and θCMC,a, max, are reported
in Table 3.

Table 1. MDH parameters for fingers II–V.

Joint a d θ α

5 DIP Li
3 0 θi

DIP,f 0

4 PIP Li
2 0 θi

PIP,f 0

3 MCP,f 0 0 θi
MCP,f π/2

2 MCP,a Li
1 0 θi

MCP,a −π/2

1 CMC,f 0 0 θi
CMC,f π/2

Table 2. MDH parameters for the thumb.

Joint a d θ α

d IP LI
2 0 θI

IP,f 0

c MCP LI
1 0 θI

MCP,f −αI
MCP

b CMC,f 0 0 θI
MCP,f 0

a CMC,a 0 0 θI
CMC,a 11π/18

In order to determine the length of the phalanges for each finger, during the calibration
procedure, the distances between nodes 3–7 and node 1 are measured, then all the lengths
Li

j are obtained through a set of proportionality coefficients determined from average
anthropometric data [43]. The detailed procedure is illustrated in [38], where nodes 3–7
were considered to be mounted on the middle of the distal phalanx of each finger. In this
work, node 3 is positioned approximately at 2/3 of the distal phalanx of the thumb, while
nodes 4–7 are positioned at 3/4 of the distal phalanges. Hence, the calibration described
in [38] has been performed using an updated set of proportionality coefficients reported in
Table 4.

Table 3. Lower and upper bound of angles θ.

Thumb Index Middle Ring Pinkie
θCMC,a [0◦, 125◦] N.D. N.D. N.D. N.D.
θCMC,f [0◦, 70◦] [0◦, 5◦] 0 [0◦, 10◦] [0◦, 15◦]
θMCP,a N.D. [−30◦, 30◦] [−22◦, 22◦] [−22◦, 22◦] [−25◦, 25◦]
θMCP,f [0◦, 60◦] [−40◦, 90◦] [−40◦, 90◦] [−40◦, 95◦] [−40◦, 95◦]
θPIP,f N.D. [0◦, 120◦] [0◦, 110◦] [0◦, 120◦] [0◦, 135◦]
θDIP,f [−10◦, 90◦] [−5◦, 80◦] [−5◦, 80◦] [−5◦, 80◦] [−5◦, 90◦]

Table 4. Proportionality coefficients for finger segment lengths.

c i = I II III IV V
j = 1 0.332 0.316 0.328 0.326 0.364

2 0.279 0.387 0.360 0.359 0.332
3 0.273 0.153 0.173 0.165 0.140
4 N.D 0.192 0.186 0.200 0.218
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The reconstructed structure of the hand, resulting from the kinematic model, is shown
in Figure 8b. Since Ri and N̂ i are fixed, while ri

0 and n̂i
0 are measured by means of the MPS,

the values of all the mobile MDH parameters, i.e., the gesture, are obtained by inverting
the model in Equations (1) and (2), solving a nonlinear optimization problem. While
MPS measurements are performed in real-time, reconstruction of the gesture through the
kinematic model is computed off-line. We developed a MATLAB script by solving the
optimization problem on stored MPS data. We tested it on a computer equipped with
a six-core Intel i7-8750H CPU at 2.20 GHz, running Windows 10, obtaining ≈55 hand
reconstructions per second.

Static bounds on angles θ have to be set in the optimization algorithm, in order to
obtain a realistic hand pose. In this work, according to the modifications illustrated above,
we had to set different bounds for the thumb as compared to [38]. The new set of bounds
is reported in Table 3. Another important physiological constraint is the limitation of
the MCP abduction angle as fingers II–V are flexed. In [38], this dynamic constraint was
implemented introducing a dependence on θMCP,f for the lower and upper bounds of θMCP,a
as given in [44]. In this work, we substituted that relation with a more realistic one that we
determined empirically. For fingers II–IV:

θMCP,a,dmax =

(
1−

θMCP,f

θMCP,f,smax

)
θMCP,a,smax, (4)

We write smin and smax to indicate static minima and maxima as reported in Table 3, while
dmin and dmax indicate dynamic minima and maxima. For finger V:

θMCP,a,dmax = θMCP,a,smin +
π

36
+ 2

(
1−

θMCP,f

θMCP,f,smax

)(
θMCP,a,smax −

π

72

)
(5)

while for all fingers II–V:
θMCP,a,dmin = θMCP,a,smin. (6)

The resulting reconstruction of the hand pose for the articulation of some letters is
shown in Figure 9.

Figure 9. Some examples of letters articulated while wearing the glove, and their respective recon-
structions obtained through the kinematic model.

2.3. Machine Learning Algorithm

In this section, we describe the method, based on support vector machines, that
we developed to classify the hand gestures. Furthermore, we describe the tools used to
implement the machine learning pipeline and we define the considered models.
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The fundamental idea behind the proposed classification method is to train the model
on a large publicly-available database of images, from which we extract tracking data using
a prebuilt hand detection and tracking solution. Then, we apply this trained model to data
acquired by our magnetic positioning system.

2.3.1. Support Vector Machine

Our goal was to develop a machine learning model capable of recognizing the 24
static letters from the ASL alphabet. The letters J and Z are not considered, since they
are associated with dynamic gestures. The model takes as input the coordinates of fin-
ger joints obtained by using the magnetic positioning system, as described in detail
in Sections 2.1 and 2.2. The output of the model is the class that best represents the in-
put vector, and each letter is assigned to one class. Among all the machine learning
algorithms suitable for classification purposes, we decided to use Support Vector Machine
(SVM). Before choosing SVM, we considered a set of classification algorithms including
k-nearest neighbors, logistic regression and others, but the one that gave us the best results
was SVM with Gaussian kernel.

SVM is a supervised machine learning binary classifier that aims to find the parameters
of the hyperplane that best separates the data into two classes [45]. To train the SVM, an
optimization problem is solved. Specifically, given a training set of n samples (xi, yi) with
i = 1, . . . , n , where xi is in general a multi-dimensional input vector and yi is a scalar,
which can be either −1 or 1, the optimization problem can be formulated as follows [46]

arg min
(β,β0)

(
1
n

n

∑
i=1

max{0, 1− yi(βT ϕ(xi) + β0)}+ λ‖β‖2
2

)
, (7)

where (β, β0) is the set of parameters that identifies the hyperplane: in a k-dimensional
space, β is a k-dimensional vector and β0 is a scalar that represents the intercept. The
symbol ‖ · ‖2 denotes the L2-norm operator and λ is a tuning parameter. The regular-
ization term λ‖β‖2

2 forces the solution to be unique and avoids overfitting on training
data. The nonlinear mapping function ϕ(·) is defined by using the Gaussian kernel
K(xi, xj) , ϕT(xi)ϕ(xj) = e−‖xi−xj‖2/2δ2

, where δ is a tuning parameter [47–49]. The op-
timization problem Equation (7) is convex; therefore, it can be efficiently solved using a
numerical solver.

The SVM is not intended for binary classification only. Even if the initial formulation
was intended for binary classification, every classifier that performs binary classification
can be extended to multiclass classification by using one of the approaches between One
versus One (OvO) or One versus All (OvA). If c is the number of classes, with OvA, the
multiclass problem is reduced to c binary problems, one for every class: each class is
compared to all the others put together. Classification of a new vector is performed by
applying the vector to the c classifiers and by assigning it to the most likely class. The
problem is that there are cases where multiclass linearly separable points are not linearly
separable with an OvA approach. In these cases, the OvO approach can be used. This
approach consists of building a collection of c(c− 1)/2 binary classifiers, one for each
non-ordered pair of classes. Classification of a new sample is performed with a majority
mechanism: decisions of all the binary classifiers are evaluated and the sample is assigned
to the class that wins the most. In case of a tie, the class is chosen at random. If a set of
multiclass data are linearly separable, the OvO approach can always be used. As far as
computational cost is concerned, OvO requires a significantly higher number of classifiers,
but each classifier is trained with samples that come only from two classes. In this paper,
we used an OvO approach.

2.3.2. Description of Tools Used

Our workflow started with the selection of a high-quality dataset for the ASL alphabet
letters from Kaggle. Kaggle is a subsidiary of Google LLC that provides a platform as a
service for data science purposes. It allows users to write, store and execute code written



Appl. Sci. 2021, 11, 5594 13 of 20

in Python and R. Due to its extensive collection of machine learning libraries and packages,
we decided to use Python as the programming language. We used the implementation
of SVM provided by the Scikit-learn library and, instead of approaching the classification
problem as a computer vision problem, we used the ready-to-use and efficient Python
solutions offered by MediaPipe as prebuilt Python packages.

MediaPipe is an open source framework designed by Google, which allows building
pipelines to perform inference over arbitrary sensory data [50]. It has a selection of high
accuracy machine learning models for human body parts detection and tracking, able to
track key points on these body parts, which are called landmarks. In particular, landmarks
are three-dimensional coordinates points normalized within a [0, 1] interval. Google trained
these custom-built models on its largest and most diversified datasets. Developers can use
these models by modifying the pipelines of information flow or simply by implementing a
system on top of the custom-built models.

In particular, MediaPipe comes with a hand tracking solution [51] named MediaPipe
Hands that, by accessing a 2D camera, detects a hand and tracks its movement inside the
field of view of the camera. It utilizes a pipeline that consists of two models:

• A palm detection model that takes as input a 2D image and returns an oriented
bounding box that contains the detected hand;

• A hand landmark model that takes as input the output box from the previous model
and returns a prediction of the hand skeleton with landmark points, a number indicat-
ing the probability of hand presence in the cropped image and a binary classification
of handedness, i.e., if the detected hand is a left or a right hand.

The pipeline is built in a way that palm detection is performed only when the
hand landmark model is no longer able to detect hand presence. The resulting model is
lightweight enough to run in real-time also on mobile devices [52].

An example of the hand model reconstructed by MediaPipe Hands is shown in
Figure 10, which also lists the 21 hand landmarks for the detected hand. Each of these
landmarks represents a three-dimensional coordinate: x and y assume values in the [0, 1]
range and they correspond to the position of the pixel in the image, normalized with
respect to image width and height, while z represents the distance from the palm. Smaller
values of z are linked to closer points to the camera. The scaling factor chosen for the z
coordinate is roughly the same as the one used for the x coordinate.

2.3.3. Description of the Dataset

Many datasets that contain images of alphabet letters from the American Sign Lan-
guage are publicly available. In this paper, we use a dataset created by a group of students
at UC Santa Barbara, available from Kaggle [53]. The dataset is divided into 24 folders,
each folder contains hundreds of pictures taken from five different subjects. The dataset
is highly diversified, since each picture is slightly different from the others, such as the
angles, positions of the hand, illumination and background change. Most of the pictures
were taken using the left hand.

Prior to using this public dataset for training the machine learning model, we per-
formed a data cleaning operation. Such an operation was necessary because some images
were referring to an erroneous gesture and others could have been misinterpreted by
MediaPipe due to the presence of more than one hand inside the picture or due to bad
light conditions. We removed such images after visual inspection, thus obtaining a filtered
dataset, which contained almost 7000 images, 80% of all images. Then, we applied the
MediaPipe framework to the whole dataset and saved the resulting landmark data to local.
This allowed us to discard the images not well recognized by MediaPipe and to obtain a
training set made of quality data.
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Figure 10. Hand landmarks (red points) extracted by MediaPipe Hands and corresponding coordi-
nates.

2.3.4. Models

We considered three different models that use different input data but share the same
logic, which is illustrated in Figure 11. Each model is a SVM classifier with a Gaussian
kernel, as described in Section 2.3.1, trained on 90% of the filtered dataset and tested on the
remaining 10%. The models are all trained on landmark data extracted by MediaPipe from
the images of the dataset described in Section 2.3.3. The models are then validated using
data from the magnetic positioning system.
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Figure 11. Block diagram of the proposed method.

The models differ in the reference system used and in the number of points considered
for each frame:

Model A. Only the fingertips, i.e., the points corresponding to labels 4, 8, 12, 16, 20 of
Figure 10, are used as input. The reference system used is the one chosen by
MediaPipe: the origin of the xy plane is placed at the top-left corner, while
the origin of the z axis is placed at the wrist. The x and y are normalized
to [0, 1] by dividing by image width and height, respectively, while z uses
approximately the same scale as x [51]. The model is validated by using raw
data extracted from six nodes of the magnetic positioning system. The hand
kinematic model is not used. The additional node is the one placed at the
wrist as it was necessary to determine the origin of the z axis.

Model B. The coordinates of the 21 hand landmarks given by MediaPipe are used as the
input. The reference system used is the same as Model A, but this time, the
model is validated by using data from the magnetic positioning system that
have been processed using the kinematic hand model described in Section 2.2.
This allowed us to reconstruct the position of 21 points within the hand, while
using only seven transmitting nodes in the MPS.

Model C. The same features chosen for Model B are used, but a reference coordinate
system aligned to the hand is considered. Specifically, the x versor has
the same direction of the vector that connect the endpoints of themiddle
metacarpal bone, the z versor is orthogonal to the plane in which metacarpal
bones of the index finger and middle finger lie, and the y versor is the cross
product between the x and z versor. The main advantage is that this model is
also capable of recognizing gestures when the hand is rotated at an arbitrary
orientation.

3. Results

Experimental data were obtained from three subjects, denoted as signers, which
recorded the 24 static letters of the ASL alphabet using the MPS. For each letter, about
400 samples were recorded by each signer, keeping the hand at approximately the same
orientation within the operational volume of the MPS. The orientation of the hand is
defined assuming that an interlocutor is viewing from the xy plane of the MPS.

Additional samples were recorded by rotating and moving the hand in different orien-
tations while performing each letter. These additional samples were used to characterize
the performance of Model C to show the feasibility of recognizing gestures even from
different viewpoints and orientations. In Model C, the letters that differ only by the rotation
of the hand have been aggregated into the same class. This is because it is not possible
to discriminate them using a reference coordinate system that is aligned with the hand.
Specifically, the letters that are aggregated in the same class are the couples D-P and H-U.

The results obtained by Model A, Model B, and Model C are shown by the confusion
matrices in Figures 12–14, respectively. Furthermore, a summary of the classification accu-
racy achieved by the three considered models on data acquired by the signers individually
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and on the global MPS dataset is provided by Table 5. The global dataset is built by
combining data of all three signers.

Figure 12. Confusion matrix showing the classification performance of the proposed method using
Model A, where only fingertip positions are used as inputs to the SVM classifier model.

Figure 13. Confusion matrix showing the classification performance of the proposed method using
Model B, where 21 hand landmarks, reconstructed by the kinematic model in Section 2.2, are used as
inputs to the SVM classifier model.
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Figure 14. Confusion matrix showing classification performance of the proposed method using
Model C, where the SVM input landmarks are given in a coordinate system aligned with the hand.

Table 5. Classification accuracy of the three considered models (%).

Model A Model B Model C

Signer 1 97.01 97.92 76.77
Signer 2 93.52 97.51 74.37
Signer 3 94.84 94.68 81.47
Global 94.95 96.79 77.19

For benchmark purposes, an additional experiment is conducted by performing both
training and testing of the SVM on the data from the MPS exclusively. Thus, the data from
the image dataset processed with the MediaPipe library are not used. Specifically, training
is performed on MPS data from Signer 1 and Signer 2, whereas testing is performed on
MPS data from Signer 3. The goal of this additional experiment is to study the best possible
performance of the proposed method, since in this case, we operate on data acquired by
the same system. Such additional benchmark experiment resulted in an accuracy of 95.66%
for Model A, 97.71% for Model B, and 98.17% for Model C.

4. Discussion

From the experimental results presented in Figures 12–14, it is possible to notice that
the best performance is provided by Model B, among the considered models. As shown in
Table 5, Model B results in an accuracy of approximately 97%, which is comparable with
the best results from the literature presented in Section 1. However, the proposed approach
is more robust than the methods from the literature since it uses a tracking system to extract
hand features, which makes it less sensitive to environmental conditions, changes in the
input device, and signer variability.

On the other hand, the less complex Model A results in a slightly lower accuracy
of approximately 95%. This proves that the kinematic hand model used in Model B for
reconstructing the hand position, as explained in Section 2.2, provides richer information
with respect to the raw data used by Model A.
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From the confusion matrix shown in Figure 12, it is possible to notice some non-zero
off-diagonal elements, which correspond to misclassified letters. In particular, when using
Model A, the letter N is incorrectly classified as M in 11% of cases, as S in 14% of cases, and
as T in 12% of cases. Such misclassifications are due to the fact that the positions of the
fingertips in the letters M, N, S, and T are similar. Since it uses only the fingertip positions,
Model A is not robust for capturing the differences between these letters. On the other
hand, Model B, which employs a reconstruction of the entire hand by the kinematic model,
allows for a more robust classification. In fact, from Figure 13, it can be seen that the letter
N is misclassified in only 5% of the cases when using Model B.

Overall, the results demonstrate the feasibility of the proposed machine learning
approach. In particular, it is shown that an SVM classification model can be trained on data
from a large publicly-available dataset of images, which are processed by a hand tracking
algorithm (MediaPipe Hands) and then successfully tested on a completely different system,
the MPS. Thus, the proposed method demonstrated a high generalization capability, which
results in a fundamental robustness to environmental factors.

Furthermore, results from Model C show that it is possible to recognize hand gestures
from arbitrary viewpoints and orientations, using a 3D tracking system such as the MPS.
Therefore, the recognition system is more flexible when using Model C. The results are
worse than Model A and Model B in terms of accuracy, but the additional flexibility could
be exploited also in other hand gesture recognition applications.

Finally, by comparing the results in Table 5 with those of the benchmark experiment
that uses MPS data exclusively, it may be observed that the benchmark results in only a
slight increase in accuracy for Models A and B. Therefore, the good generalization property
of the proposed method is further demonstrated. Instead, the benchmark results in a
considerable accuracy increase for Model C, from 77% to 98%, thanks to the training
performed on data from the magnetic positioning system. This increase proves that it is
possible to implement a gesture recognition system that is both accurate and flexible, by
using the developed MPS exclusively.

5. Conclusions

In this paper, we proposed a machine learning method in conjunction with a magnetic
positioning system for recognizing the static gestures associated with the sign language
alphabet. The architecture and features of the magnetic positioning system were described.
The proposed machine learning method is based on a support vector machine trained
on a large publicly available image dataset, which is processed by the MediaPipe hand
tracking library.

The proposed method is experimentally tested on data obtained from the magnetic
positioning system, utilizing a kinematic model of the hand. Results validate the pro-
posed approach, which demonstrated good generalization properties and resulted in a
classification accuracy of approximately 97%.

Therefore, the proposed gesture recognition method may enable the development of
efficient automated translation systems for sign language. Such systems have the potential
to support efficient communication and human–machine interaction for individuals that
are unable to speak and hearing-impaired.

Future developments of the research activity we presented in this paper involve
the application of the developed method and experimental setup to other hand-gesture
recognition problems. Such problems include, among others, augmented reality scenarios,
robotics, and automation applications. Finally, future analysis will be focused on extending
the proposed method to dynamic gesture recognition.
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