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Abstract—Arm-and-hand tracking by technological means al-
lows gathering data that can be elaborated for determining
gesture meaning. To this aim, machine learning algorithms have
been mostly investigated looking for a balance between the
highest recognition rate and the lowest recognition time. However,
this balance comes mainly from statistical models, which are
challenging to interpret. In contrast, we present µC1 and µC2,
two geometric model-based approaches to gesture recognition
which support the visualisation and geometrical interpretation
of the recognition process. We compare µC1 and µC2 with
respect to two classical machine learning algorithms, k-NN and
SVM, and two state-of-the-art deep learning models, BiLSTM
and GRU, on an experimental dataset of ten gesture classes from
the Italian Sign Language (LIS), each repeated 100 times by five
inexperienced non-native signers, and gathered with wearable
technology (a sensory glove and inertial measurement units). As
a result, we achieve a compromise between high recognition rates
(> 90%) and low recognition times (< 0.1sec) that is adequate
for human-computer interaction. Moreover, we elaborate on the
algorithms’ geometric interpretation based on geometric algebra,
which supports some understanding of the recognition process.

Index Terms—Geometric algebra, Gesture Recognition, Ex-
plainable Artificial Intelligence, Deep Learning, Machine Learn-
ing, Nearest Neighbour Classification.

I. INTRODUCTION

GESTURES represent an effective way of user-interaction
with machines, such as when controlling digital devices

and musical instruments [1] or interacting within virtual
environments. Moreover, gestures allow different types of
manipulation, such as interacting with pets or, more intrigu-
ingly, performing surgical operations [2], [3]. Advantageously,
gestures enable disabled people to gain autonomy by doing
things through smart systems that convert gestures into ac-
tions [4]. Voluntary gestures are so important that when they
are involuntarily performed, they can provide an objective
“index” of a physiological or pathological issue [5].

Basically, gestures represent an effective and innate form of
nonverbal communication useful in a noisy environment [6],
in conveying non-semantic information [7], in emphasizing
concepts [8] or moods [9] during speech and, above all, in
providing a way of communication among deaf-mutes [10].
In fact, for people who do not have the possibility of being
able to express themselves verbally, gestures represent the
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only means of communication. Advantageously, the automatic
interpretation of gestures - with the aid of measurement
devices and algorithms that translate the acquired data into
verbal meaning - can be a strategic tool by allowing deaf-
mutes to communicate with everyone, removing them from
social “isolation”. Indeed, this constitutes an intriguing re-
search topic, particularly addressed by means of wearable
technologies [11], [12] and Machine Learning (ML) [13].

Wearable technologies rely on devices for measuring elec-
tromyographic signals, spatial arrangement of the arm-and-
hand, flexion of the arm-hand joints, and rotation of the wrist.
On the other hand, ML provides many different classifiers,
such as Support Vector Machines (SVM) and k-Nearest Neigh-
bor (k-NN). Year after year, ML has meaningfully increased
classification accuracy. However, the popularization of Deep
Learning (DL) brought gesture recognition to a new level by
outperforming previously used methods [14].

Although very high recognition rates can be achieved, DL
and ML do not foster models that are graspable, lacking
in interpretability and explainability, as they apply statistical
methods that can be hard to understand. All in all, much of
the State-of-the-Art (SotA) models can be viewed as “black
boxes”, where the complex logic supporting the classifica-
tion is embedded in the method, leaving little or no space
for understanding. To address this shortcoming, eXplainable
Artificial Intelligence (XAI) benefits from increasing interest
[15] (including in HCI [16]) by producing explainable models,
interpretable to human users to increase the trust in AI
discernment. This trend thus promotes “white boxes”, where
some interpretation of why recognition works is feasible.

Accordingly, we introduce µC1 and µC2, two gesture
recognition geometric-based models partially inspired by Clif-
ford Algebra and 2D stroke gesture recognition [17]. These
models rely on Nearest Neighbor Classification (NNC), which
consists in recognizing a candidate gesture by computing a
distance between the latter and a finite number of reference
gestures, named templates, contained in a training set. Due
to its relatively simple implementation, NNC algorithms are
computationally efficient, leading to low execution time and
low memory consumption [18]. Since the algorithm’s decision
logic remains unchanged, training is not required when a ref-
erence gesture is added, removed, or modified in the training
set, which is not the case for other classifiers. This allows the
integration new gestures in the training set by the end-user.

Thus, we evaluate and compare µC1 and µC2 with respect
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to two classical machine learning methods - k-NN (k-Nearest
Neighbors) and SVM (Support Vector Machine) - and two
recurrent neural network (RNN) models based on different ar-
chitectures - bidirectional long short term memory (BiLSTM)
and gated recurrent unit (GRU), both SotA methods for gesture
recognition - , on a sign language dataset acquired with a
wearable sensor-based system. In contrast to other types of
gestures used in HCI [19], sign languages are structured forms
of hand-and-arm gestures that are used as a communication
system and must be learned like any spoken language [20].
They are versatile but hard to learn and use because of their
inherent dynamic complexity [21], which makes its automatic
recognition challenging, thus representing an interesting test
bench to assess our algorithms’ robustness.

Since µC1 and µC2 are based on geometric algebra and
the gesture data gathered by each sensor can be represented as
sets of points in the 2 or 3-dimensional space, the recognition
process can be visualized. Moreover, the geometric interpre-
tation allows the algorithm’s decision to be more intuitive and
intelligible to humans, an aspect that we explore in this work.

II. RELATED WORK

In the literature, different works report gesture recogni-
tion through NNC. For instance, k-NN has been extensively
used [22], [23], including in Sign Language Recognition
(SLR) tasks [13], [24], often combined with ML techniques
to encode the gesture and ignoring gesture decomposition.

Nowadays, the use of 3D tracking devices, body-skeleton
trackers and sensory gloves for HCI is more and more
prevalent [25]. Since these devices can track the location of
different points of interest in the body in real-time, a single
gesture can be decomposed into multiple trajectories, which
can be represented in the 2 or 3-dimensional space. So, by
processing each of these trajectories, a simpler and more
explainable alternative to complex ML techniques may be
attained. For instance, NNC approaches used in 2-dimensional
gesture stroke recognition can be extended for recognizing
trajectories in the 3-dimensional domain. Accordingly, the
popular $-family of stroke gesture recognizers - which include
the $1 [26], $N [27], $P [28] and $Q [29] recognizers – has
been adapted to 3D gesture recognition in several works. In
general, these algorithms are based on NNC by measuring the
pairwise (dis)similarity of gesture shapes, and do not require
large training sets to attain high recognition rates [30]. Besides,
its relatively simple implementation allows rapid prototyping.

$1 is a 2D single-stroke gesture recognizer based on four
steps: resampling, rotation, scaling, and translation. First, the
trajectory points are resampled to an isometric set of points
to make gestures with different movement speeds comparable.
To achieve rotation invariance, the trajectory is then rotated so
the angle between its centroid and its first point is at 0°. Next,
the trajectory is scaled non-uniformly to a reference square
and it is translated so that its centroid is at (0,0). Finally, the
similarity between two gestures is computed as the average
Euclidean distance between corresponding points. The $1 was
perhaps the first 2D gesture stroke recognizer to be extended
to the 3D domain with $3 [31], [32], for which the authors

used the 3D accelerometer data of a Nintendo Wii controller
to classify 10 gestures with a recognition rate of 80%.

The Protractor [33] uses a pre-processing similar to $1,
however it differs in handling the orientation sensitivity and
scaling, which preserves the aspect ratio of the gesture.
Besides, rather than the Euclidean distance, it is used the
angular cosine to compute the similarity between gestures.
This algorithm was extended to 3D with Protractor3D [34],
which presented a solution to the rotation invariance in 3D
gestures by finding a rotation that minimizes the sum of
squares error between the candidate and reference gestures.
With only 5 reference gestures per class, a dataset of 3D
accelerometer values was classified into 11 gestures, with a
recognition rate ranging from 83.3% to 98.9%.

One Cent [35] took a step further in terms of simplicity by
applying isometric resampling and transforming the gesture
into a 1-dimensional vector, given by the Euclidean distance
from the trajectory’s centroid to each resampled point. Three
Cent [30] explores this approach for recognizing 3D gestures
on a public dataset, which achieved an 89.52% recognition
rate when used together with orientation and finger descriptors,
outperforming other StoA approaches.
$P 3 and $Q3 [31], 3D extensions of $P and $Q, respec-

tively, were compared with other algorithms that recognize
3D trajectories as 2D multi-stroke gestures: Rubine3D and
Rubine-Sheng (3D extensions of Rubine [36]), $F (a variant of
$P 3), FreeHandUni (derived from the Free-Hand pseudocode
[37]) and $P+3 (a 3D extension of $P+ [29]). These were
evaluated in terms of recognition rate and execution time on
three publicly available datasets, under both user-dependent
and user-independent scenarios and with a reduced number of
reference gestures (1 to 16).

Another stroke gesture recognizer, !FTL [18], aims to
remove normalization, resampling, and rotation from the pre-
processing step by converting the trajectory point to a series
of pairs of vectors called “shapes”, a concept that partially
inspired our algorithms. The pairwise dissimilarity between
two gestures is thereby given by the Local Shape Distance
(LSD). !FTL, whose efficiency is demonstrated on 2D stroke
gestures so far, should be equally applicable to 3D gestures.

The aforementioned algorithms benefit from a geometrical
interpretation, which allows the recognition process to be
explained while attaining relatively high recognition rates and
using few reference gestures [17]. To explore these advan-
tages, we propose a similar approach to the aforementioned
recognizers inspired by stroke gesture recognition.

III. MATERIALS

A. Wearable Electronics

The system used for acquiring data from gestures was
based on a sensory glove and inertial measuring units (IMUs).
In particular, the Hiteg sensory glove (developed by our
Health Involved Technical Engineering Group) consists of
a custom-made glove equipped with ten flex sensors (in-
serted into slim pockets) to capture the flexion angles of the
metacarpophalangeal and proximal interphalangeal joints, with
a measurement error of less than 4.7°[12], [38]. Through the
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inbuilt electronic circuitry, all signals are sampled with a 12-bit
resolution, at 37.5 Hz, which is considered adequate for SLR
[13], [24]. During data acquisition, the glove was worn on the
dominant hand because, in many cases, the nondominant only
aids to emphasize the meaning conveyed by it. Besides, two
of the selected gestures are performed only with the dominant
hand.

The motion capture and analysis system, termed Movit G1
(by Captiks Srl, Italy [39]) is composed of six IMUs and a
wireless USB receiver. Each IMU is equipped with a 3-axis
accelerometer and 3-axis gyroscope to capture acceleration
and angular velocity at a rate of 40 Hz, with a proved
measurement error of 5% when compared to other systems
regarded as the “gold standard” [12]. The IMUs were worn
on both hands, forearms, and arms by means of Velcro® straps.

B. Subjects

The LIS words were performed by five inexperienced non-
native signers, three males and two females, aged 34.80±11.73
(SD) years old. All subjects were taught how to sign each of
the words by watching videos of experienced LIS signers.

C. LIS Gestures

The chosen sign words were: “Ciao”, “Cose”, “Google”,
“Grazie”, “Internet”, “Jogging”, “Maestra”, “Pizza”, “TV”
and “Twitter”, selected for their common use and, in some
cases, for their international meaning. Although the selected
vocabulary is limited to 10 words, we consider that it can
provide a good generalization of LIS since the selected ges-
tures are dynamic and involve different hand, arm and forearm
movements. For instance, some gestures are signed with only
one hand and arm (e.g.: “Twitter”), others with both hands
and arms performing the same “mirrored” movement (e.g.:
“TV”), and others with different movements for each limb
(e.g., “Maestra”).

IV. METHODS

A. A Geometric Model-based Approach

1) Window Filtering and Data Scaling: Accelerometers,
gyroscopes, and flex sensors capture data in distinct units of
measure. However, the proposed algorithm relies on the sum of
different types of point-wise distances to compare a candidate
with a template gesture, which means that all data must be
scaled to obtain normalized dimensionless metrics. Regarding
the sensory glove, the digital values acquired with each of the
flex sensors were observed to be approximately within a 500-
4500 range of digital values (representing Ohmic resistance).
Assuming that the flex sensors can be grouped per finger, the
set G of sensor pairs is represented as:

G = {Thumb, Index,Middle,Ring, Little} (1)

Thus, a raw point RawP (f)
(i) , where f ∈ G, will lie within

the rectangle [500, 4500]× [500, 4500] ⊂ R2. Based on these
limits, each selected point RawP (f)

(i) is centred and scaled as

in (2), resulting in a scaled raw point sRawP (f)
(i) comprised

in the square [−1, 1]× [−1, 1].

sRawP
(f)
(i) =

RawP
(f)
(i) −

(
4500+500

2 , 4500+500
2

)
4500−500

2

∈ [−1, 1]× [−1, 1] ⊂ R2 (2)

Outliers in the IMU sensor data (which can occasionally oc-
cur due to possible gaps in the wireless connection) can result
in misleading scaled values, thus they were filtered. To this
aim, the 99.5th and 0.5th quantiles were calculated separately
for each of the three axes, for all acquired data. Consequently,
the range of accelerometer data was contained within the
Cartesian window [−1.21, 1.21]×[−1.32, 1.28]×[−0.80, 1.61]
⊂ R3. Analogously, the considered gyroscope data lied within
the Cartesian window [−341.95, 345.18]×[−304.33, 338.60]×
[−258.54, 261.83] ⊂ R3. The set IMU of IMU sensors is
represented in (3).

IMU = {acc1, . . . , acc6, gyro1, . . . , gyro6} (3)

To obtain dimensionless metrics, each raw point
RawP

(accn)
(i) = (xi, yi, zi), of an accelerometer accn, is

scaled and centered as in (4), considering the aforementioned
limits of the respective Cartesian window, resulting in
a scaled raw point sRawP

(accn)
(i) comprised in the cube

[−1, 1]× [−1, 1]× [−1, 1].

sRawP
(accn)
(i) =(

xi − 1.21−1.21
2

1.21+1.21
2

,
yi +

1.28−1.32
2

1.28+1.32
2

,
zi − 1.61−0.80

2
1.61+0.80

2

)
∈ [−1, 1]× [−1, 1]× [−1, 1] ⊂ R3, n ∈ [1, 2, ..., 6] (4)

Similarly, each raw point RawP (gyron)
(i) c = (xi, yi, zi),

of a gyroscope gyron, was scaled and centered as in (5),
considering the aforementioned limits of the respective Carte-
sian window, resulting in a scaled raw point sRawP (gyron)

(i)

comprised in the cube [−1, 1]× [−1, 1]× [−1, 1].

sRawP
(gyron)
(i) =(

xi − 345.18−341.95
2

345.18+341.95
2

,
yi +

338.60−304.33
2

338.60+304.33
2

,
zi − 261.83−258.54

2
261.83+258.54

2

)
∈ [−1, 1]× [−1, 1]× [−1, 1] ⊂ R3, n ∈ [1, 2, ..., 6] (5)

2) Uniformly linearly interpolated resampling for d-
dimensional trajectories: The list of points that represent each
gesture may vary in length, as different users can perform
the same gesture with different repeatability. To efficiently
compare the two gestures, we considered the same number of
points along both respective trajectories and applied a uniform
linear interpolation method to resample the n scaled raw points
of a trajectory to N equally spaced points, considering the
distance along the trajectory instead of the Euclidean distance.
By doing so, we aim at sampling the points that correspond to
the same time instants of each gesture, regardless of the speed
at which they were performed, thus allowing a point-wise
comparison. Besides, the resampling allows independence of
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the algorithm to the input size. Considering a list of n scaled
raw points coming from a certain d-dimensional sensor

sRawP =
{
sRawP (1), . . . , sRawP (n)

}
∈ Rnd (6)

We assumed that n≥2, and that at least two points in the
list are distinct. To linearly interpolate N points from (6), we
define the n−1 vectors

~rvj=sRawP (j+1)−sRawP (j) ∈ Rd,∀j∈{1, ..., n−1} (7)

connecting two consecutive scaled raw points of sRawP , and

λ1 = 0 (8)

λk+1 = λk + | ~rvk| ,∀ k ∈ {1, . . . , n−1} (9)

where | ~rvk| is the d-dimensional Euclidean distance between
two consecutive points of sRawP , that is the Euclidean length
of vector ~rvk. Thus,

λ = λn =

n−1∑
j=1

| ~rvj | (10)

is the total length of the polygonal line joining the consecutive
points of sRawP . We looked for a list sP of N points sP(i)

uniformly lying on the polygonal line determined by sRawP .
These points sP(i) can be obtained with expression (11), which
is valid in every Euclidean Affine space regardless of its
dimension d.

sP (h+1) =

sRawP (1) +

n−1∑
k=1

min

{(
h

λ

N − 1
− λk

)+

, | ~rvk|

}
~rvk
|| ~rvk||

,

with h ∈ {0, . . . , N−1} (11)

where τ+=max{τ, 0}, is the positive part of the real num-
ber τ , and

|| ~rvk|| =

{
1, if | ~rvk| = 0

| ~rvk|, if | ~rvk| 6= 0
(12)

3) The multivector C1 metric: Let sP (13) and sQ (14) be
two lists of N resampled, centred, and scaled points in Rd

sP =
{
sP (1), . . . , sP (N)

}
∈ RNd (13)

sQ =
{
sQ(1), . . . , sQ(N)

}
∈ RNd (14)

where d=2 for the glove data, and d=3 for the IMU data,
obtained from a particular sensor when measuring two gestures
P and Q, respectively.

We define the point-wise distance pwD(sP,sQ), the point-
wise vector distance pwV D(sP,sQ), and the point-wise multi-
vector distance pwµV D(sP,sQ) between sP and sQ as:

pwD(sP,sQ) =
1

N

N∑
i=1

∣∣∣sP (i) − sQ(i)

∣∣∣ (15)

pwV D(sP,sQ) =
1

N − 1

N−1∑
i=1

∣∣ ~sv(i) − ~sw(i)

∣∣ (16)

pwµV D(sP,sQ) =

1

(N − 2)

N−2∑
i=1

∣∣∣∣∣ ~sv(i) · ~sv(i+1)∣∣ ~sv(i)∣∣ ∣∣ ~sv(i+1)

∣∣ − ~sw(i) · ~sw(i+1)∣∣ ~sw(i)

∣∣ ∣∣ ~sw(i+1)

∣∣
∣∣∣∣∣+

1

(N − 2)

N−2∑
i=1

∣∣∣∣∣ ~sv(i) ∧ ~sv(i+1)∣∣ ~sv(i)∣∣ ∣∣ ~sv(i+1)

∣∣ − ~sw(i) ∧ ~sw(i+1)∣∣ ~sw(i)

∣∣ ∣∣ ~sw(i+1)

∣∣
∣∣∣∣∣ (17)

where

~sv(i)=sP (i+1) − sP (i) ∈ Rd,∀ i ∈ {1, . . . , N−1} (18)

~sw(i)=sQ(i+1) − sQ(i) ∈ Rd,∀ i ∈ {1, . . . , N−1} (19)

and

• (x, y) · (t, u) = xt+ yu ∈ R if d = 2;
• (x, y, z) · (t, u, v) = xt+ yu+ zv ∈ R if d = 3;
• (x, y) ∧ (t, u) = xu− yt ∈ R if d = 2,
• (x, y, z)∧(t, u, v)=(yv−zu, zt−xv, xu−yt)∈R3 if d=3,

where x, y, z, t, u, v ∈ R.
We observe that pwD is the sum of Euclidean distances

between points in Rd, and pwV D is the sum of Euclidean
distances between vectors in Rd. The elaborated quantities

PS(i) =

(
~sv(i) · ~sv(i+1)∣∣ ~sv(i)∣∣ ∣∣ ~sv(i+1)

∣∣ , ~sv(i) ∧ ~sv(i+1)∣∣ ~sv(i)∣∣ ∣∣ ~sv(i+1)

∣∣
)
∈ R

d(d−1)
2 +1

(20)

QS(i) =

(
~sw(i) · ~sw(i+1)∣∣ ~sw(i)

∣∣ ∣∣ ~sw(i+1)

∣∣ , ~sw(i) ∧ ~sw(i+1)∣∣ ~sw(i)

∣∣ ∣∣ ~sw(i+1)

∣∣
)
∈ R

d(d−1)
2 +1

(21)
encode the normalized shapes [18] of the oriented triangle
determined by two consecutive vectors ( ~sv(i), ~sv(i+1) and
~sw(i), ~sw(i+1), respectively) along the resampled trajectory.
PS(i) and QS(i) can also be thought of as the encoding
of d-dimensional rotation determined by two consecutive
normalized vectors

(
~sv(i)

| ~sv(i)|
, ~sv(i+1)

| ~sv(i+1)|
and ~sw(i)

| ~sw(i)|
, ~sw(i+1)

| ~sw(i+1)|
,

respectively
)

along the resampled trajectory. For every couple
of sensors per finger and for all accelerometers and gyro-
scopes, we propose the dimensionless metric µC1 (22).

µC1
(sP,sQ) = pwD(sP,sQ) + pwµV D(sP,sQ) (22)

Before the experiments, it seemed reasonable to consider
pwV D as a term for µC1. Surprisingly, the experimental
results showed that pwV D gives no significant contribution to
recognition. This evidence will be discussed later in section V
”Results and Discussion”.

4) The multivector C2 metric: A second multivector metric
based on the concept of gesture “shape” [40], [41] was
explored. As in Section C, we can consider sP , sQ, ~sv(i) and
~sw(i) to define PS(i) (20) and QS(i) (21) as the normalized

shapes of sP and sQ, respectively.
We observe that PS(i), QS(i) ∈ S1 ⊂ R2 for the case of

the glove, whereas PS(i), QS(i) ∈ S3 ⊂ R4 for the IMU
data, where Sk = {z ∈ Rk+1 : |z| = 1}. So, we can define
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the point-wise multivector Euclidean distance pwµED(sP,sQ)

between two normalized gesture shapes PS(i) and QS(i).

pwµED(sP,sQ) =
1

(N − 2)

N−2∑
i=1

∣∣∣PS(i) − QS(i)

∣∣∣ (23)

which is just a slight modification of pwµV D. Nevertheless,
this suggests to consider the shapes PS(i) as points on a
trajectory having shapes in its turn (shapes of shapes, indeed).
Let us go further with this idea just on the IMU data. We can
define the normalized “shapes of shapes” as follows:

PSS(i) =

(
PS(i) · ~svv(i)∣∣ ~svv(i)∣∣ ,

PS(i) ∧ ~svv(i)∣∣ ~svv(i)∣∣
)

∈ S6 − (1, 0, 0, 0, 0, 0, 0) ⊂ R7 (24)

QSS(i) =

(
QS(i) · ~sww(i)∣∣ ~sww(i)

∣∣ ,
QS(i) ∧ ~sww(i)∣∣ ~sww(i)

∣∣
)

∈ S6 − (1, 0, 0, 0, 0, 0, 0) ⊂ R7 (25)

with i = 1, . . . , N − 3, and where ~svv(i) and ~sww(i) are
defined as follows:

~svv(i)=PS(i+1)−PS(i) ∈ R4,∀ i ∈ {1, . . . , N−3} (26)

~sww(i)=QS(i+1)−QS(i) ∈ R4,∀ i ∈ {1, . . . , N−3} (27)

where
• (a, x, y, z) · (b, t, u, v) = ab+ xt+ yu+ zv ∈ R;
• (a, x, y, z)∧(b, t, u, v) = (at−bx, by−au, av−bz, xu−
yt, zt− xv, yv − zu) ∈ R6, ∀ a, x, y, z, b, t, u, v ∈ R,

• | · | is the usual Euclidean norm in R4 ,

|(α1, · · · , α4)| =
√
(α1)2 + · · ·+ (α4)2 .

Now, the normalized shape PSS(i) is computed with re-
spect to the oriented triangle made up by vector PS(i) (on
the circle of normalized shapes) and vector ~svv(i) (the vector
joining two consecutive shapes). This forces the values of the

scalar product
PS(i) · ~svv(i)∣∣ ~svv(i)∣∣ to lie between −2 and 0, explain-

ing why such ”shapes of shapes” lie on the translated sphere
S6 − (1, 0, 0, 0, 0, 0, 0). Now, we introduce the point-wise
second-order multivector Euclidean distance pwµ2ED(sP,sQ)

as follows:

pwµ2ED(sP,sQ) =
1

(N − 3)

N−3∑
i=1

∣∣∣PSS(i) − QSS(i)

∣∣∣
(28)

It is worth pointing out that a similar pwµ2ED(sP,sQ) can
also be defined for the glove. Accordingly, we tried to do
this, but, differently from the IMUs, a negative effect on the
recognition rate was observed, so it was excluded.

Finally, we defined the dimensionless metric µC2 as

µC2
(sP,sQ) =

pwD(sP,sQ) + pwµED(sP,sQ) + pwµ2ED(sP,sQ) (29)

where pwD(sP,sQ) is defined in the previous section.

5) Global Distances: With a certain pair of gestures P and
Q, corresponds the two lists of N resampled and scaled points
sP (f) and sQ(f), organized in the sets {sP (f)}f ∈ G∪IMU
and {sQ(f)}f ∈ G∪IMU , respectively.

Thus, regarding the metric µC1, the dissimilarity between
both gestures can be measured with the global metric (30).

GµC1
(P,Q) =

∑
f∈G∪IMU

µC1
(sP (f),sQ(f)) (30)

Analogously, the dissimilarity between gestures can be also
measured with the global µC2 metric (31).

GµC2
(P,Q) =

∑
f∈G∪IMU

µC2
(sP (f),sQ(f)) (31)

Thus, to classify a given candidate gesture, GµC1 (or
GµC2) was calculated between the latter and each template
gesture in the training set. Considering both GµC1 and GµC2

measure dissimilarity, the candidate is given by the class of
the template gesture that minimizes GµC1 (or GµC2).

B. Data Acquisition

Each of the 10 LIS words was signed 100 times by each
subject , a relatively high number for a SLR dataset. Moreover,
all repetitions started and ended with the hands resting on
the tights. Thus, the acquired dataset consisted of 5000 sign
words, of which 30% was considered as the training set and
the remaining 70% as test set. Data were acquired with the aid
of Matlab software (by MathWorks, Inc.) and Captiks Motion
Studio® (by Captiks, Rome, Italy).

C. Experimental Design

The µC1 and µC2 algorithms were evaluated on the LIS
dataset in both user-dependent and user-independent scenarios.
Moreover, the algorithms’ performances were compared with
other two benchmark classifiers, SVM and k-NN, already used
for SLR [42], along with two SotA DL models, BiLSTM
and GRU. Evaluation was performed through Matlab on a PC
equipped with a Nvidia® GeForce® MX150 graphics card, an
Intel® Core™ i7-8565U processor and 16 Gb of RAM.

1) Parameter Optimization: According to the description of
µC1 and µC2 in Section IV-A, we considered two parameters
that can be tuned to optimize the algorithm’s performance: the
N resampled points and the T training examples (templates)
per class. For their optimization, we performed an adapted
cross-validation procedure on the train set data. In each iter-
ation of this adapted cross-validation, the model was trained
with T training examples of each gesture, randomly selected
from the data belonging to four of the subjects. This model
was then validated on the data from the remaining subject. The
process was repeated until each of the subjects was used for
validation. Because the total 10 × T training examples were
randomly selected, the adapted cross-validation was repeated
10 times for statistical purposes. Data used for training and
validation always belongs to separate subjects, thus ensuring
user-independent conditions.

The adapted cross-validation was combined with a grid
search technique. The values considered for N ranged from
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6 to 20, equally spaced by 2, whereas the values for T
ranged from 1 to 22, equally spaced by 3. Both ranges were
determined empirically by direct observation of the recognition
rates and recognition times for different values of N and T .
The choice of the optimal parameters was based on the mean
recognition rate and mean recognition time (i.e., the amount of
time needed to pre-process and classify a candidate gesture).

2) User-Dependent Evaluation: User-dependent evaluation
is achieved by performing a 7-fold inverse cross-validation on
each subject, considering only the data in the test set. Since
in each iteration the larger fold is used for validation and the
smaller for training, an inverse cross-validation [43] can be
taken as an adequate method to evaluate the performance of
a model trained with a relatively low amount of data. The
number of folds was chosen according to the optimal T and
the number of candidate gestures per subject in the test set
(approximately 700).

The performance of each algorithm was assessed in terms
of recognition rate, along with training time (time to train the
model), pre-processing time (time to preprocess a candidate
gesture, i.e., scaling and interpolating), classification time
(time to compare a gesture candidate against each training
template) and recognition time (sum of the pre-processing and
classification times).

3) User-Independent Evaluation: The previously men-
tioned adapted cross-validation approach for parameter opti-
mization was also found to be adequate for user-independent
evaluation. However, in each iteration, the model was validated
on the remaining subject’s data taken from the test set, instead
of the data taken from the train set. This was done with the aim
of eliminating any bias, since the parameters were optimized
with train set data. Moreover, instead of 10 times, the adapted
cross-validation was repeated 100 times for each algorithm.
The performance of each algorithm was assessed using the
same metrics as in the user-dependent scenario.

V. RESULTS AND DISCUSSION

A. Models and parameter tuning
As N and T increase, the recognition rate rapidly reaches

a plateau near the 90% mark for both algorithms (Fig. 1). In
contrast, recognition time continues to have a steady increase
throughout both parameter ranges, although this is more no-
ticeable for µC2. A small increment in the recognition rate is
also observed for higher N and T values, however the cost in
terms of recognition time is disproportionate.

Keeping this in mind, N=12 and T=10 were considered to
be the optimal pair of parameters for the usage of both µC1

µC2 on the given dataset, for which a mean recognition rate
of 89.88% and 91.59% and a mean recognition time of 7.55
ms and 11.43 ms were registered, respectively.

To establish a fair basis of comparison between all classi-
fiers, the values of these parameters were kept the same when
using the remaining classifiers, considering the N resampled
points were reorganized and handled as 1-dimensional feature
vectors for the k-NN and SVM. The sequences of resampled
points were organized as 2D matrices of size 12×46 (12×3 se-
quences for each accelerometer/gyroscope and 12×2 sequence
for each finger) for BiLSTM and GRU input.

Fig. 1. Surface plot of the mean recognition rate and recognition time per
pair of parameters T and N, regarding µC1 (left) and µC2 (right).

Both SVM and k-NN have parameters that require tuning.
The cost parameter C for the linear SVM and the number of
k nearest neighbors for the k-NN. Using the same adapted
cross-validation approach as before, C varied from 10−4 to
104 (logarithmically spaced), whereas k varied from 1 to 19
with intervals of 2. Since both parameters have a negligible
effect on the recognition time, this metric was not taken into
account for selecting the optimal values. The optimal values
of C and k were found to be 0.1 and 1, respectively.

The implemented BiLSTM and GRU architectures were
based on the work by Zhao et al. [44], where both model
architectures are illustrated and were used to classify IMU-
based data resulting in high recognition rates. The BiLSTM
was composed of two hidden BiLSTM layers, both with 64
hidden units, whereas the GRU was composed of two hidden
GRU layers, the first with 128 hidden units and the second with
64. Additionally, each of the networks’ output was followed by
a fully connected layer with 10 hidden units (corresponding to
the number of classes) and a SoftMax activation function. For
both networks, we used the Adam optimizer and the number
of training epochs were set to 200, using a mini batch size of
32. As in [44], the learning rate was set to 0.001.

To avoid overfitting while training the DL models, for user-
independent evaluation we used a validation set composed
of 10 samples of each gesture taken from the training set,
for which the loss was evaluated every 50 training iterations.
Training was stopped if the loss did not improve after 5
consecutive evaluations.

B. Recognition Rate

For all variables, we computed four normality tests: K-
sample Anderson-Darling test, D’Agostino K2 test, Shapiro-
Wilk W test, and Kolmogorov-Smirnov KS. Recognition rates
of the four recognizers do not follow a normal distribution
since they all fail at least one test for normality out of
the four computed. Thus, we compute a Friedman test with
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Fig. 2. Recognition rates in: (a) user-dependent, (b) -independent scenarios.

Dunn’s multiple comparison on repeated measures since cross-
validations are identical for each test.

In the user-dependent scenario (Fig. 2a), µC2 (M=99.77%,
SD=0.2025%) outperforms all competitors: µC1 (M=99.70%,
SD=0.2072%), SVM (M=99.69%, SD=0.2072%), k-NN (M =
99.46%, SD=0.3544%), BiLSTM (M=99.22%, SD=0.8059%)
and GRU (M=99.70%, SD=0.2797%). µC2 benefits from
the smallest standard deviation (SD), thus suggesting that it
remains constant in delivering its average recognition rate. No
recognizer statistically differs from others (F=9.041, p=.1074,
n.s.). In conclusion, µC2 is the most accurate in user-
dependent scenario, but not significantly more than others.

In the user-independent scenario (Fig. 2b), BiLSTM (M=
93.43%, SD=0.1026%) is the most accurate recognizer, fol-
lowed by GRU (M=92.79%, SD=0.1092%), SVM (M=92.09%,
SD=0.1282%), and µC2 (M=91.56%, SD=0.0929%). Again,
µC2 benefits from the smallest SD, thus suggesting that it
does not deviate much from its average recognition rate.
SVM, although superior by only .53% to µC2, is not
significantly better than µC2 (Z=1.550, n.s.). In addition,
µC2 is very highly significantly more accurate than µC1

(Z=5.405, p<.0001∗∗∗∗) and k-NN (Z=10.02, p<.0001∗∗∗∗).
On the other hand, BiLSTM (Z=6.274, p<.0001∗∗∗∗) and
GRU (Z=4.195, p=.0004∗∗∗) are both significantly more
accurate than µC2, although for only 1.87% and 1.23%,
respectively. Moreover, there are no significant differences
between BiLSTM and GRU (Z=2.079, n.s.) and GRU and
SVM (Z=2.646, n.s.).

C. Training Time

Training times do not follow a normal distribution, thus a
Friedman test was again computed with repeated measures.

In the user-dependent scenario (Fig. 3), k-NN (M=0.1341
sec, SD=0.002386 sec) is slightly faster to train than
µC2 (M=0.1356 sec, SD=0.007278 sec), but not signifi-
cantly (Z=0.2070, n.s.). Then come µC1 (M=0.1456 sec,
SD=0.008963 sec) and SVM (M=0.4523 sec, SD=0.1137 sec)
respectively. SVM is significantly slower than k-NN (Z=3.726,
p=.001∗∗) and µC2 (Z=3.519, p=.003∗∗). No other significant
differences were detected.

In the user-independent scenario (Fig. 3), µC2 (M=0.1314
sec, SD=0.003970 sec) is faster to train than k-NN (M=0.1325
sec, SD=0.01896 sec), but not significantly (Z=0.8216, n.s.).
SVM (M=0.3793 sec, SD=0.03209 sec) is the slowest rec-

Fig. 3. Training time in user-dependent (UD), -independent (UI) scenarios.

ognizer to train among all candidates, and very highly sig-
nificantly (p<.0001∗∗∗∗). µC2 is also significantly faster than
its counterpart µC1 (Z=4.108, p=.0002∗∗∗). Other significant
differences are depicted in Fig. 3.

Due to their much higher duration, the training times
regarding the BiLSTM and GRU are depicted in a separate
plot for both evaluation scenarios.

D. Pre-processing Time

Since pre-processing times also do not follow a normal
distribution for both evaluation scenarios, a Friedman test was
again computed. In the user-dependent scenario (Fig. 4), the
Friedman test revealed a very highly significant difference
between the six conditions (F=34.02, p<.0001∗∗∗∗). More
precisely, k-NN (M=1.208 msec, SD=0.01821 msec) and GRU
(M=1.208 msec, SD=0.00851 msec) are the fastest to pre-
process a candidate gesture , followed by SVM (M=1.276
msec, SD=0.02248 msec), µC1 (M=1.640 msec, SD=0.03392
msec), µC2 (M=1.780 msec, SD=0.01061 msec) and BiLSTM
(M=1.994 msec, SD=0.19430 msec). BiLSTM is not signifi-
cantly faster than µC1 (Z=2.0000, n.s.) and µC2, (Z=1.0000,
n.s.) whereas GRU is significantly faster than µC2 (Z=3.5710,
p=0.0053∗∗).

In the user-independent scenario, there are significant dif-
ferences between all classifiers, except between the SVM and
both BiLSTM (Z=2.7970, n.s.) and GRU (Z=2.117, n.s.).

The higher pre-processing time regarding µC1 and µC2

can be justified by the need of organizing the candidate
gesture data in the input format required by both algorithms,
which differs from the other classifiers. Differently, the higher
BiLSTM pre-processing time in user-dependent evaluation
might have occurred due to parallel Windows processes which
may have compromised CPU performance.

E. Classification Time

Again, since classification times did not pass normality
tests, we computed the Friedman test with Dunn’ multiple
comparison on repeated measures as usual.

In the user-dependent scenario (Fig. 5), k-NN (M=0.7207
msec, SD=0.01436 msec) turns out to be the fastest recognizer
to classify a candidate, followed by GRU (M=2.640 msec,
SD=0.01741 msec), BiLSTM (M=4.417 msec, SD=0.40820
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Fig. 4. Pre-processing time in user-dependent (UD), -independent (UI)
scenarios.

msec), µC1 (M=6.031 msec, SD=0.02097 msec), µC2

(M=9.786 msec, SD=0.03652 msec), and SVM (M=12.32
msec, SD=0.2290 msec). However, k-NN is not significantly
faster than µC1 (p=.8838, n.s.) and µC2 is not significantly
faster than SVM (p=.8838, n.s.). µC1 is not significantly
slower than BiLSTM (p>.9999, n.s.) and GRU (p=0.6825.,
n.s.). GRU is significantly faster than µC2 (p=.0405∗). BiL-
STM classification time is higher probably due to the reasons
stated in Section V-E. The order for the user-independent
scenario remains the same as in the user-dependent scenario.
In this case significant differences were found between all
classifiers, except between BiLSTM and GRU (p>.9999, n.s.).

Fig. 5. Classification time in user-dependent (UD), -independent (UI) sce-
narios.

F. Overall Comparison

Fig. 6 sums up the individual results obtained for separate
scenarios into an averaged measure (UD+UI=user-dependent
and independent). The left part depicts the recognition rate,
while the right part depicts the global recognition time, which
is decomposed into pre-processing time and classification time.

Fig. 6. Overall Comparison of the four recognizers: Recognition rate (left)
vs. Recognition time (right). Error bars show a confidence interval of 95%.

Regarding the recognition rate, BiLSTM (M=93.81%,
SD=4.170%), GRU (M=93.24%, SD=4.487%) and SVM

(M=92.59%, SD=4.598%) slightly (by 1.71%, 1.14%
and 0.49%, respectively) outperforms µC2 (M=92.10%,
SD=4.014%), but not significantly for the GRU (Z=2.0750,
n.s.) and SVM (Z=0.1716, n.s.). In turn, µC2 very highly
significantly (p<.00001∗∗∗∗) outperforms µC1 (M=90.86%,
SD=4.578%) and k-NN (M=86.07%, SD=6.565%). µC2 also
benefits from the smallest SD among the four recognizers.

Regarding the recognition time, k-NN (M=1.879 msec,
SD=0.047 msec) is the fastest recognizer and very highly sig-
nificantly faster than all other classifiers. In fact, all classifiers
present significant differences between each other, with the
exception of GRU and BiLSTM (Z=0.1827, n.s.).

Thus, µC2 offers a good compromise between recognition
rate and time. Regarding the recognition rate, it is even
comparable with SotA DL methods such as GRU (with
which no significant differences were found when considering
UD+UI) and BiLSTM. Furthermore, since the recognition rate
scored higher than 90% in both user-dependent and user-
independent evaluation, it can be considered adequate for real-
time interaction [45]). SVM is the slowest recognizer among
the four conditions and k-NN is the fastest recognizer, however
all classifiers remain under the threshold of 0.1 sec, the ideal
response time for direct manipulation of user interfaces [46].
Besides, both µC1 and µC2 benefit of very low training times
(which is only based in pre-processing all the gestures in the
training set), much lower than BiLSTM and GRU, which can
enhance the user experience in application than require fast
calibration and allow the integration of new training examples
on-the-fly. Furthermore, since no complex computations are
necessary, these algorithms can be implemented in devices
with lower computational power and limited memory space.

Fig. 7 depicts the average normalized confusion matrices
of all the classifiers regarding user-independent evaluation. As
is can be observed, some algorithms are able to recognize
certain gestures more accurately than others. For instance,
both µC2 and µC1 recognize ”Google” and ”Internet” better
than BiLSTM and GRU, although these present better overall
accuracy. Indeed, BiLSTM and GRU are advanced approaches
that automatically compute and select features to optimize
accuracy. However, both algorithms lack in interpretation and
it is hard to fully grasp and visualize why the algorithm makes
certain decisions and confuses some gestures with others. In
contrast, µC2 and µC1 present the advantage to be based on
geometric algebra, which can allow to understand how the
recognition process takes place and how certain gestures can
be confused with others. The approach is analytical, no longer
statistical.

To demonstrate this, we used GeoGebra software to visu-
alize situations where the recognition succeeded/failed. For
instance, for µC1 we present an example (Fig. 8a) regarding
a couple of flex sensors from the index finger. Consider-
ing Ciao1 as the candidate gesture, we can observe that
pwDCiao1,Ciao2 > pwDCiao1,Maestra1, which means that the
candidate would be mistakenly recognized as ”Maestra”. In-
deed, the points from Ciao1 and Maestra1 appear to be closer
to each other. However, after summing pwµV D, we have
µC1

Ciao1,Ciao2 < µC1
Ciao1,Maestra1, allowing the candidate

gesture to be correctly classified as ”Ciao”.
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Fig. 7. Average normalized confusion matrices of all the classifiers regarding user-independent evaluation.

Fig. 8. a) µC1 recognition example (index finger’s couple of flex sensors):
Ciao1 is the candidate gesture, whereas Maestra1 and Ciao2 are two reference
gestures contained in the training set; b) µC2 recognition example (gyroscope
worn on the right forearm): Cose1 is the candidate gesture, whereas Google1
and Cose2 are two reference gestures contained in the training set.

Analogously, we present another example for µC2 (Fig. 8b).
This example depicts a similar situation regarding the right
forearm’s gyroscope. In this case pwD is also not sufficient
to correctly classify the candidate gesture Cose1. Although
pwµEDCose1,Cose2 < pwµEDCose1,Google1, summing pwD
and pwµED results in misclassification. However, by includ-
ing pwµ2ED, we have µC2

Cose1,Cose2 < µC2
Cose1,Google1.

Situations such as these help to justify why µC2 recognizes
most classes more accurately than µC1 (Fig. 7).

The use of pwV D in µC1 seemed intuitive, however, when
this metric was considered, the recognition rate of µC1 sur-
prisingly decreased to 87.60±3.31%. Due to this observation
– and to reduce the computation time – pwV D was excluded.
Analogously, pwµ2ED was not considered for the flex sensor
data due to its negative effective on the recognition rate, which
dropped to 90.29±2.25%.

VI. CONCLUSION

We presented µC1 and µC2, two new gesture recognition
geometric-based models inspired by stroke gesture recognition
and Clifford algebra. Both algorithms were evaluated on a
challenging custom sign language dataset, along with k-NN,
SVM, BiLSTM and GRU for comparison purposes. Overall,
considering both user-dependent and user-independent sce-
narios, µC2 achieved a recognition rate with no significant
differences from the ones obtained with the SVM and the
GRU. Although the BiLSTM presented significantly higher
accuracies, µC2 offers the advantage of lower training times,
simpler implementation and higher interpretability.

In sum, we presented a recognition algorithm that takes the
advantages of NNC and performs with high recognition rates
(≥ 90% [45]) and low recognition times (< 0.1 sec [46]),
which satisfy the constraints for real-time gesture interaction.
Following the current trend of XAI, the proposed algorithms
offer the advantage of being explainable due to their relatively
simple implementation based on geometric algebra. This was
demonstrated by describing and visualizing the recognition
process, allowing the user to understand the logic behind each
decision. Regardless, the authors recognize the limitations of
the used dataset, thus future work will include the evaluation
of these algorithms on different datasets.
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