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Abstract — In this study, a machine learning-based system, which
recognises the Turkish sign language person-independent in real-
time, was developed. A leap motion sensor was used to obtain raw
data from individuals. Then, handcraft features were extracted by
using Euclidean distance on the raw data. Handcraft features
include finger-to-finger, finger-to-palm, finger-to-wrist bone,
palm-to-palm and wrist-to-wrist distances. LR, A-NN, RF, DNN,
ANN single classifiers were trained using the handcraft features.
Cascade voting approach was applied with two-step voting. The
first voting was applied for each classifier’s final prediction. Then,
the second voting, which voted the prediction of all classifiers at
the final decision stage, was applied to improve the performance
of the proposed system. The proposed system was tested in real-
time by an individual whose hand data were not involved in the
training dataset. According to the results, the proposed system
presents 100 % value of accuracy in the classification of one hand
letters. Besides, the recognition accuracy ratio of the system is
100 % on the two hands letters, except “J” and “H” letters. The
recognition accuracy rates were 80 % and 90 %, respectively for
“J” and “H” letters. Overall, the cascade voting approach
presented a high average classification performance with 98.97 %
value of accuracy. The proposed system enables Turkish sign
language recognition with high accuracy rates in real time.

Keywords — Cascade voting, handcrafted features, machine
learning, sign language recognition, Turkish sign language.

I. INTRODUCTION

Individuals with speaking and hearing impairments use body
and hand gestures to communicate with other individuals.
These signals using gestures and facial expressions are named
Sign Language (SL) [1]. SL is the primary means of
communication for hearing-impaired people [2]. Most of the
countries have their own SL different from the other sign
languages. In Turkish Sign Language (TSL), gestures are used
for common words and the letters in the Turkish alphabet.
Whereas SL is affected by spoken language, it has a distinct
grammatical structure. A relation between TSL and Turkish
cannot be taken for granted [3].

Automatic hand posture recognition is an important research
topic in computer science and there are a large number of
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applications in this area. Some of them include driving support
via manually-controlled cockpit instruments, gesture-based
consumer electronics and house automation, gaming industry
applications, interaction with virtual objects and supporting
technologies for disabled individuals [4].

For SL recognition, researchers mostly employed different
sensors such as Kinect, Leap Motion (LM), data gloves,
accelerometers and depth camera. LM sensor uses two infra-red
IR cameras and three infra-red LEDs to observe a hemispheric
area approximately with one meter distance. It was especially
designed for recognising hand and finger movements. The
device enables direct access to different parts, such as points of
fingertips, the position of the palm and the direction of the palm
[5], [6]. This device has a narrower field of vision than Kinect.
Therefore, its function is limited to obtaining hand and finger
movements [5]. Kinect was designed to track various
movements performed by individuals. A coloured camera
attached to the device transmits the obtained scene, depth
presentation and the skeletal structure perceived by it to the
computer [1]. Data gloves involve attaching sensors such as
flex sensors, gyro sensor and accelerometer on a wearable glove
and enable sign language recognition [7].

In this study, Turkish sign language recognition system was
developed in real time. A core benefit of the system is person-
independent running. LM sensor presents raw data obtained
from individuals. Handcraft features were extracted from the
raw data by using Euclidean distance. Logistic Regression
(LR), K-Nearest Neighbourhood (k-NN), Random Forest (RF),
Deep Neural Network (DNN), Artificial Neural Network
(ANN) single classifiers were used in machine learning phase,
and also cascade voting approach was used to improve the
system performance.

The main contributions of this paper are as follows:

1. A hybrid machine learning mechanism (including two
voting methods) has been proposed for Turkish sign
language alphabet recognition.

2. Handcrafted features, which are person-independent and
also hand position-independent, were extracted.
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3. Experimental validation was performed in real time by a
person whose sign language data was not included in the
training dataset.

4. Higher classification performance was obtained with the
cascade voting approach.

5. The proposed system recognises all of the one-hand letters
and especially many of the two-hands letters in Turkish
sign language alphabet with a high accuracy value in real
time.

In the second section, related studies are discussed. In the
third section of the article, data collection, handcrafted feature
extraction method, cascade voting approach are presented. In
the fourth section, the experimental study and its results are
explained in detail. The results are summarised in the fifth
section.

II. RELATED STUDIES

The number of studies conducted on TSL is rather limited. In
addition, these studies do not involve real-time systems, i.e.,
they are offline. The sign language alphabets of many countries
contain letters mostly presented by one-handed. In the Turkish
Sign Language alphabet, most of the letters (22) consist of two-
handed letters. This, in turn, significantly affects the
performance of machine learning models. There is one notable
study, which employed an LM sensor. Demircioglu et al. [8]
managed the offline recognition of the Turkish sign language
alphabet using Heuristic, RF and multi-layer perceptron (MLP)
methods and LM sensor. They obtained high classification
accuracy of 99.03 % using the Heuristic method. There are also
TSL recognition studies using a Kinect sensor. Oktekin and
Cavus [6] used this device to develop a system that would
recognise in real time 33 sign language expressions performed
using one hand. The accuracy rate of the system developed in
this study was 82 %. Kakayev and Albayrak [9] recorded the
skeletal structure using Kinect and based on these data
developed another system that could recognise 15 and 18 TSL
words offline. The study presented maximum accuracy for 15-
word recognition by 98 %. Memis and Albayrak [10] developed
a system that recognized 111 TSL words in 3 different classes
with the A-NN machine learning method employing scenes
provided by the Kinect sensor. They tested the recognition
system using the 3-fold method and were able to achieve
91.52 % recognition accuracy rate. Unutmaz et al. [1] designed
a system that recognised through a Convolution Neural
Network (CNN) 9 different sign language expressions
performed by 12 different individuals and collected via Kinect.
The results were evaluated offline by setting the test data rate at
5 %, 10 % and 20 %. The highest recognition rate was obtained
using 20 % test data rate by 99.25 %. Haberdar and Albayrak
[3] recognised TSL expressions in real time using Hidden
Markov Model (HMM) from video camera images. For 22 one-
handed and 28 two-handed expressions, the accuracy rate was
found to be 95.7 %. Yalcinkaya et al. [11] used the Motion
History Images method for representing the expressions on the
training data that comprised 8 different sign language videos.
They performed the classification process at 95 % accuracy rate
with £-NN. Ezel and Baykan [12] used CNN for the recognition

of 28 images of sign language alphabet. For the performance
test, 3-fold cross validation was used and the accuracy was
84.48 %. Aktas et al. [13] managed to recognise 5 different sign
language images that involved facial expressions and head
movements with CNN. They evaluated the performance with
5-fold cross validation and obtained 78.49 % accuracy. Overall,
areview of the literature reveals that the majority of the Turkish
sign language recognition studies involved mostly offline
systems and focused on the Kinect and video images.

There are also a number of studies on the sign languages of
countries other than Turkey. These studies mostly involve
offline classification and the use of Kinect. Kumar et al. [5]
proposed a study that used Kinect and LM sensors for Isolated
Sign Language Recognition. In this study, they extracted a
feature set using the data they obtained with the two different
images received from the positions of fingers and palm. They
employed the Hidden Markov Model (HMM) and the
Bidirectional Long Short-Term Memory Neural Network-
based (BLTSM-NN) classifiers for sign recognition and
evaluated the results they obtained jointly for increasing the
recognition performance. The study was tested offline with 50
different sign words from the Indian Sign Language (ISL) and
97.85 % accuracy was obtained. Kumar et al. [2] used LM and
Kinect sensors to present a new Sign Language Recognition
System, which combined signal gestures and facial expressions.
In their study, the authors recorded the hand signal gestures
with LM and captured the signer’s facial data with Kinect to
perform recognition on a training dataset comprising 51
dynamic sign words using HMM. Afterwards, they aimed at
improving the recognition performance by combining the
separate recognition results of different methods with the
Independent Bayesian Classifier Combination. The recognition
rates were 96.05 % and 94.27 % for one-handed and two-
handed gestures, respectively. Almeida, Guimardes and
Ramirez [14] investigated the phonological structure of the
Brazilian Sign Language and obtained features of intensity,
position and depth from the RGB-D (Kinect) sensor. They
analysed the relation between structural elements such as shape,
movement and position and the extracted features. They also
managed to classify offline the signs according to these features
and linguistic elements with an average 80 % accuracy rate
using support vector machine (SVM). To recognise the 24 signs
from the American Sign Language, Tao et al. [15] presented a
model of the CNN using the multiview augmentation of the
images captured by the Kinect and inference fusion. The model
they proposed enabled successful training that decreased the
overfitting. Different tests revealed the accuracy rates of 100 %
and 93 %. Sidiq et al. [16] normalized the features extracted
from the sign images using Fourier, Hartley and Log-Gabor
transformations and investigated the performance of the KNN,
SVM, and MLP classifier algorithms. The data obtained for the
23 signs in the Arabic Sign Language were divided to test and
training data. The system performance was tested, which
indicated that the highest accuracy rate was 99 %. Almasre and
Al-Nuaim [17] proposed a Kinect-based prototype model for
recognition of specific Arabic Sign Language hand gesture
words. This model obtained 83 % offline classification
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accuracy using SVM, RF and KNN algorithms. Mohandes et al.
[18] performed recognition of 28 Arabic Sign Language
expressions using Naive-Bayes (NB) and MLP neural
networks. The dataset was obtained with Leap Motion. The
training and testing were performed on the offline data by
5-fold cross validation. The highest accuracy rate was 99.1 %.

III. THE PROPOSED SYSTEM

This section presents a detailed information about the
proposed model developed for obtaining the sign language data
and the real-time recognition of sign language alphabet. Using
the raw data captured by the LM sensor does not allow for
sufficient recognition performance. Therefore, a new
mathematical model was proposed in this study for extracting
handcraft features. The details of this mathematical model are
presented in this section. In addition, machine learning
algorithms used for real-time recognition of Turkish Sign
Language alphabet are explained in detail.

Figure 1 shows an overview of the proposed model. The first
phase of the development of the sign language alphabet
recognition system involved a set of experimental studies to
render the raw data obtained by the LM sensor meaningful.

l Model Training l

(a)

| . 2
l Real-Time Model Testing l
Trained Models
<=
v v v v v

Voting Approach (Voting-1)
Predictions obtained by Single Classifiers

Voting Approach (Voting-

(b)

Sunop
pease)

Fig. 1. Overview of the proposed model: (a) training of the models; (b) real-
time prediction.

As a result of these experimental studies, the handcraft
feature extraction, the mathematical model of which is
explained in Section 3.2, was performed and a new dataset was
produced that contained these features. Then, LR, .-NN, RF,
DNN and ANN machine learning algorithms were trained using
the handcrafted feature vector. For classifier algorithms to be
able to classify real-time sign data, the training phase should be
conducted beforehand. With this aim, firstly a dataset

containing approximately 3000 samples for each sign was
obtained. The entire dataset was used for training. The
handcrafted features extracted from the data obtained real time
with the LM sensor were fed into the trained machine learning
models as input for conducting the test phase. In this approach,
the first voting process (Voting-1) was applied to obtain the
final predictions of the individual classifiers, while the second
voting process (Voting-2), which used predictions coming from
Voting-1, was applied to obtain the prediction of the proposed
model. Detailed information is given in the sub-sections.

A. Dataset

Dataset Preparation:

All coding was carried out with Python language. The raw
dataset was obtained by transferring the data captured in real
time by the LM sensor into the computer environment with the
WebSocket method and in JSON format. LM sensor produces
the hand data in a three-dimensional space (x, y, z) and
virtualizes as seen in Fig. 2. This virtualization is the expression
of how the device perceives the hand. The green ball-shaped
figures illustrate the locations, in which it is possible to collect
data from the device.

Configured for up—facing device (front view)X Y z Spoed
(Press 'v' to change)

¢ @

—19.006 | 3.609
1508 1022
—40.774 13.342

Fig. 2. Virtualization of Leap Motion data.

There are 29 letters in Turkish Sign Language alphabet. Each
letter in the raw dataset was represented with data collected for
10 seconds with 5 participants in experimental studies. The
frame per second (FPS) value was 60 during data capture. In
this respect, 3000 raw data were obtained for each letter. The
total dataset obtained for the study consists of 87 000 rows. As
the raw data obtained from a single hand contains 195 features,
there are a total of 390 features for two hands [19]. The
information such as start and finish positions of finger distal,
intermediate, proximal and metacarpal bones, directions of
bones, palm position, arm direction, wrist position and elbow
position were captured in x, y, and z axes. The 3-D position
coordinates in the Hand Hierarchy of LM sensor are presented
in Fig. 3.
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Fig. 3. Positional data obtained from LM [20].

The sign language alphabets of many countries, including
USA, Japan and Ukraine, contain letters mostly presented by
single hand. On the contrary, Turkish sign language alphabet
contains 22 two-handed letters and only 7 one-handed letters,
which may significantly affect the performance of machine
learning models. Therefore, feature extraction based on the
mathematical principle was carried out on the 390 features
obtained. The details of the process are explained below.

B. Handcraft Feature Extraction

LM sensor produces the hand data as a value vector in 3-
dimensional space. There are two main problems faced during
receiving data from this device. The first problem is the re-
composition of the data space whenever the LM sensor is turned
on. Therefore, even if the position of the hand does not change,
the raw data produced by the LM change and become
inconsistent. In other words, the x, y, z values produced when
the hand is being held straight may differ from the values
produced in the next run of the LM. The second problem is
about the position of the hand. The experiments showed that
people often did not place their hand at the exact middle point
of the device in every attempt and did not hold their hand in the
position identical to the one used in obtaining the training data,
which caused serious problems. These are extremely
challenging to be noticed by the human eye. Hence, it is not
possible to use the raw data from the LM sensor in the sign
language alphabet recognition system. A new feature space that
is independent of the hand position on the device, hand size and
finger length is necessary. For addressing this need, a new
handcraft feature extraction method, which was not used in the
previous studies, was developed in this study.

For explaining the feature extraction method, it is necessary
to elaborate on the features of the raw data collected by the LM
firstly. As explained in the previous section, the number of
features that LM collects for single hand is 195. These features
contain information about palm position, arm direction, wrist
position, elbow position, metacarpal start, metacarpal end,
metacarpal direction, proximal start, proximal end, proximal
direction, intermediate start, intermediate end, intermediate
direction, distal start, distal end and distal direction for the three

axes. The fingers and the distance between fingers are critical
parameters for sign language alphabets. Also, the relative
position of two hands is an important factor for letters
performed by two hands.

The mathematical and algorithmic steps for feature
extraction are explained below while also considering the hand
positions for letters in the Turkish Sign Language. During
feature extraction, finger-to-finger, finger-to-palm, finger-to-
wrist bone, palm-to-palm and wrist-to-wrist distances are
calculated using the Euclidean distance. This calculation is
carried out as in Eq. (1) for x, y and z axes and then this distance
information is normalized dividing by the hand size. Thus, the
three features of a particular position are converted into one
single feature.

d =y —x2)2 + (1 — y2)? + (21 — 22)? . (1)

A symbolic representation of the feature extraction process
in this study can be seen in Fig. 4. Each point in this figure
represents the positions in x, y, and z axes. Arrows on the hands
show the Euclidean distances calculated for different hand
positions. Detailed and progressive information about each
calculation is provided below.

Fig. 4. Handcraft feature extraction.

d(d) Calculation: Let X4, yia, zia be the coordinates of the
starting point of the distal bone of the ith finger in the x, y, and
z axes, respectively, and pw; be the size of the kth hand
(k=1, 2); the distances between tip points of each finger are
calculated as in Eq. (2).

Fia—*ja)*+Via=Yja)?+(Zia—zja)?
d(d);; = ! - @

bWk

d(t) Calculation: Let xi, yu, zi be the coordinates of the
starting point of the intermediate bone of the ith finger in the x,
y, and z axes, respectively; the distances between the
intermediate points of fingers are calculated using Eq. (3).

(X=X )2+ Vie=Vje)? +(Zit—2j)? 3
d(t)i']- = J . 3)

bWk
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d(r) Calculation: Let xi», yir, zir be the coordinates of the
starting point of the proximal bone of the ith finger in the x, y,
and z axes, respectively; the distances between the proximal
points of fingers are calculated using Eq. (4).

(xir_xjr)z+(Yir‘3’jr)2+(zir_zjr)2 4
d(r); = J : “4)

bwg

d(dp), d(tp), d(rp), d(dw), d(tw) and d(rw) Calculations: Let
Xkp Vip, and zy, be the palm of the ks hand, and Xy, yiw, and zj,
be the wrist of the kth hand, and x4, yid, zid, Xit, Vie, Zits Xirs Virs Zir
be the coordinates of the starting points of the distal,
intermediate and proximal bones of the ith finger in x, y, and z
axes; the distances of the tip, intermediate and proximal points
of each finger to the palm (p) and the wrist (w) denominated
respectively as d(dp), d(tp), d(rp), d(dw), d(tw), and d(rw) are
calculated as seen in Egs. (5)—(10).

adp)ix = \/(Xid_x’(p)zHyt;i"l’)z’f(zid—zkp)z. )

A(tp);y = J(xit—xkp)z+(Yit_Ykp)2+(zit—ka)2' ©
Pik = p—

d(rp)ix = \/(Xir—xkp)z+(J’i;‘:ikp)2+(zir—zkp)2' -

d(dw);y = \/(xm_xm)z+(yiz;ikw)2+(zm—2kw)2, (8)

d(tw);, = \/(xit_ka)Z+(yi;;/3}’€kw)2+(2it—2kw)2' )

_ A Er—xew)?+ Oir =Y iew)* + @ir—Zkw)?
d(rw) i, = - .

(10)

All the above features are calculated for both hands. If the
sign language letter is performed by one hand, the values for
these features are 0 for the other hand.

For the two-handed letters, the relative position of the hands
is also important. Thus, features that describe the relative
positions of two hands are also calculated as illustrated below.

d(p) and d(w) Calculations: Let xi», yi, and zy, be the
coordinates of the palm and Xy, Viw and zi, be the coordinates
of the wrist of the kth hand; the distances between the palms
and wrists of the two hands, d(p) and d(w) are calculated using
Egs. (11) and (12).

d(p)k,j = \/(xkp - xjp)2 + (Ykp - yjp)z + (ka - ij)z- (11)

Aw)y., = J ew = )2 + Otow — Yiw)? + @iw — z00)% (12)

d(if) Calculation: Let xxq, yra and zxq be the coordinates of the
starting point of the distal bone of the index finger of the kth
hand in x, y, and z axes; the distance between the index fingers
of the two hands is calculated using Eq. (13).

d(if )i = Cra — Xja)? + Oka — Yja)?* + @ra — 2ja)?-(13)

Since most two-handed letters in the Turkish Sign Language
alphabet involve placing the right hand over the left hand, the
last feature in the dataset was extracted using an indexing
algorithm for the right hand. In this algorithm, a 3-bit binary
number was created by coding negative values as 0 and positive
values as 1 in the x, y, and z axes. The state of negativity or
positivity was determined by the palm position. A new feature
was extracted by converting the value obtained in the binary
system into the decimal system (i.e., 101 =5). In the feature
extraction process, 54 and 112 features were extracted for signs
made with single and two hands, respectively. In addition, a
categorical conversion was carried out for the target variables
by transforming [A—Z] to [0-28].

C. Classification

In this section, the LR, .-NN, RF, DNN and ANN classifiers
employed for classifying the Turkish Sign Language Alphabet
are explained. While the Keras Library was used for DNN, the
Ski-Learn Library was employed for the rest of algorithms.
Figure 5 shows the cascade voting approach applied to the
classification of each sign in the Sign Language alphabet.
Within the cascade voting approach, Voting-1 was applied to
the predictions obtained by each classifier, and the class with
the most votes was considered the output of the relevant
classifier. During the test process, data were received from the
LM device for 2 seconds. During this time, 120 frames were
received. In fact, a single frame was sufficient to describe the
sign language letter. However, since the LM device did not give
very stable data, 120 frames of information were received. All
of these 120 frames were given as input to machine learning
algorithms. Machine learning algorithms generated sign
language alphabet prediction for each frame. In other words, it
produced 120 predicts. Voting-1 was applied to make the final
prediction based on these predictions. The sign language
alphabet with the most votes was the prediction output of the
machine learning algorithm. Then, Voting-2 was used to reach
the final decision from the classification results of 5 different
classifiers. Thus, final prediction with the most votes was
demonstrated as the system prediction. In addition, the test
phase of the proposed study was performed in real conditions
and test data were not previously recorded input data.

Feature vectors consisting of single-handed and two-handed
signs in the feature extraction stage were 7 x 3000 x 54 and
22 x 3000 x 112, respectively. Here, 7 and 22 indicate
respectively the number of single-handed and two-handed
signs, 3000 indicates the number of sampling for each sign, and
finally 54 and 112 indicate the number of handcrafted features
for single-handed and two-handed signs, respectively. Here, the
features between 55 and 112 to equate the number of features
obtained from single-handed signs to the number of features
obtained from two-handed signs were filled by a value of 0. The
reason is to bring the feature space to the same size for single
and two hands. Finally, 29 x 3000 x 112 training data vector
was obtained by combining the extracted datasets for single and
two-handed signs. The complete this data vector was used for
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training the classifiers. As real-time new data were employed
for testing, the dataset was not divided into testing and training
data. This new testing data comprised 120 rows captured for 2
seconds in real time. Here, each row describes the related sign
language letter. Therefore, outputs of class predictions made by
the classifiers were obtained for each row during the testing. As
a result, 120 class predictions were obtained. These predicts
were reduced to one predict by applying Voting-1 for each
classifier. Then, the system prediction was obtained by
applying Voting-2 to predictions of five classifiers from
Voting-1.

B

A T T ;

Models -"-m‘unf-mru‘u
)

Prediction results obtained by single classifier for 120 samples data.

Final prediction of single classifier with voting method
applied on the predictions obtained by single classifier.

Final prediction of proposed approach with Voting method
applied on the predictions presented by all classifiers in the
previous step.

Fig. 5. The proposed cascade voting approach architecture for sign language
prediction.

LR: The LR algorithm aims at learning weights that minimise
a cost function, such as a cross-entropy function with ridge
regression, and reducing the model complexity as well as
preventing overfitting [21]. LR classifier was trained using
default parameters. While default parameters in the library were
used as the parameters of the algorithm, some values were as
follows: solver = 'lbfgs', max iter = 100, multiclass = 'auto’,
penalty ="12', C=1.0, fit intercept = True.

k-NN: k-NN is a statistical method, which presents the class
label with the highest number of classes of the closest &
examples for the target variable as the prediction result. ~~-NN
classifier was trained using parameters such as number of
neighbors =5, weight function = uniform, leaf size = 30 and
algorithm = auto.

RF': The acceptance towards RF, a combination of decision
tree classifiers, is on constant increase due to its classification
performance. In addition, parameter determination is easier in
RF when compared to other methods that require rigorous
adjustments [22], [23]. The RF classifier was trained using the
parameter n estimators = 100, criterion = 'gini', max depth =
None, min samples split = 2.

ANN: The structure of ANN resembles that of the human
brain with interconnected artificial neurons in the place of

highly cross-linked axons and dendrites. The model does not
involve specific equations [24]. The ANN classifier was trained
using the parameter hidden layer number = 1, hidden layer
neuron number = 100, activation = 'relu’, solver = 'adam’,
learning rate = 'constant', learning rate init = 0.001, max iter =
200.

DNN: Deep learning is a sub-domain of machine learning
described as artificial intelligence. Using deep learning, it is
possible to establish Deep Neural Networks (DNN) with deep
architectures [25]. DNN is a multilayer perceptron with several
hidden layers and fully connected weights. DNN is almost
always initialized using an unsupervised or a supervised pre-
training technique [26]. The DNN classifier used in this study
had 3 hidden layers with 184, 368 and 552 neurons. This
classifier was trained with input and hidden layer activation =
'relu’, output layer activation = ‘softmax’, learning rate = 1, loss
function = 'Categorical crossentropy', optimizer = ‘Adadelta’
for parameters.

IV. EXPERIMENTAL RESULTS AND DISCUSSION

In this section, the real-time classification performance of the
proposed sign language recognition system is explained in
detail. The experimental study was carried out on the TSL
alphabet presented in Fig. 6. An independent person, whose
data were not in the training dataset, conducted the
experimental  study. Thus, the person-independent
classification performance of the recognition system was
introduced. In real-time recognition, firstly, the features were
extracted using two-second data collection for each sign
language alphabet. Then these features were fed into the
classifiers, and then the final prediction of the cascade voting
approach was presented on the screen. The results obtained in
this study and comparison with previous studies are presented
below.

R L
EOF G e
1 0 Wy
MmO _f‘o o N,
0 & ST

Fig. 6. Turkish Sign Language alphabet [27].

Ten experiments were conducted for each letter in the sign
language alphabet in the experimental study. The results are
presented comparatively in Table I, which illustrates the
average accuracy value obtained in 10 experiments using the
LR, A-NN, RF, DNN and ANN single classifiers and the
cascade voting method. The sign language letters predicted
inaccurately by classifiers are presented in parentheses. In
general evaluation of the letter-wise performance of the single
classifiers, the first 5 letters that were most often predicted
inaccurately were “C, H, J, S and G Respectively, the LR, .-
NN, RF, DNN and ANN classifiers were not able to classify
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letters “C”, “A, C, D, E, G, I and T”, “G and H”, “H” and “C”.
All of these letters with recognition problem were performed
with two hands. The reason is that the LM sensor cannot sense
the second hand or that the hands are virtualised inaccurately.
On the other hand, using the cascade voting method, all letters
in the sign language alphabet were recognised. All letters

excluding “J” and “H” were recognised at the accuracy rate of
100 %. The recognition accuracy rates for these letters are 80 %
and 90 %, respectively. Moreover, Fig.7 graphically
summarises the performance of the classifiers for each sign
language character.

TABLE I
REAL-TIME RECOGNITION PERFORMANCE OF THE MACHINE LEARNING ALGORITHMS (SINGLE CLASSIFIER AND CASCADE VOTING)
Cascade
Sign LR, % k-NN, % RF, % DNN, % ANN, % Voting, %
A 100 0 (0 and K) 100 100 80 (0) 100
B 100 100 100 100 100 100
C 100 80 (Y and L) 100 100 100 100
C 0(S) 0(Z) 100 90 (S) 0(C,Y) 100
D 90 (C) 0 (B and N) 50 (B,T and C) 100 100 100
E 90 (D) 0(B,Zand T) 60 (B and F) 100 90 (F) 100
F 100 10 (R and O) 100 100 100 100
G 100 80 (J) 90 (B) 100 100 100
G 90 C) 0(Y) o) 90 (B) 100 100
1 100 100 100 100 100 100
i 100 0 (Z and M) 100 100 100 100
J 70 (B, U, Y) 10 (G, G, Y and K) 30 (B) 70 (B) 90 (D) 80 (B)
H 90 (2) 70 (O, A, G) 0B,0,1,7,K) 0(B,1,Z,R) 90 (O) 90 (Z)
K 100 100 100 100 100 100
L 100 100 90 (C) 100 100 100
M 100 10 (B and N) 100 100 100 100
N 100 40 (B) 100 100 100 100
(¢} 100 100 100 100 100 100
o) 100 80 (A and D) 60 (I and Z) 100 100 100
P 90 (U) 100 100 100 90 (U) 100
R 70 (O and T) 20(T, F, Z) 80 (N and E) 100 100 100
S 90 (B) 40 (K, B, O and U) 10 (E,Dand B, U, J) 20 (E) 100 100
S 100 70 (S and U) 40 (U, 0, B) 50 () 100 100
T 100 0 (A and ) 90 (B) 100 100 100
U 100 100 100 100 100 100
U 70 (B and F) 40 (B, 1, 0,K) 90 (B) 90 (S) 100 100
\% 100 100 90 (N) 100 100 100
Y 100 100 60 (A) 100 100 100
Z 100 50 (F) 100 100 100 100
Mean 91.38 51.72 77.24 90.00 94.48 98.97
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Fig. 7. Letter-wise comparison of the accuracy rates of the classifiers.

To evaluate the overall classification performance of the
classifiers, the mean accuracy values are important. Figure 8
shows the average accuracy values of the classifiers
comparatively. The minimum classification performance
belongs to A-NN with a mean accuracy value of 51.72. The
maximum classification performance was obtained using the
cascade voting method at the accuracy rate of 98.97 %. The
classification performance of the other methods — RF
(77.24 %), DNN (90 %), LR (91.38 %), ANN (94.38 %),

respectively.
98.97
100.00 90.00 91.38 2as
90.00
77.24
80.00
70.00
>
g 60.00 51.72
£ s000
:
$  40.00
=
30.00
20.00
10.00
0.00
k-NN RF DNN LR ANN Voting

Fig. 8. Average accuracy presented by classifiers.

To explore the classification details of the cascade voting
method that was the most successful in the classification of the
proposed system, a confusion matrix was formed (see Fig. 9).
As seen in this confusion matrix, this method reaches the
accuracy rate of 100 % in recognition performance except for
letters “J” and “H”. In other words, the voting method allows
for error-free recognition performance for 27 letters. The letter
“H” was recognised at the accuracy rate of 90 %. Out of 10 real-
time experiments, the letter “H” was accurately recognised 9
times while once being recognised as “Z”. The classification
accuracy of the letter “J” was 80 %. Out of 10 real-time

experiments, the letter “J” was accurately recognised 8 times
whereas two times being recognised as “B”.
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Fig. 9. Voting method confusion matrix.

In the test process performed in real time, the computation
time was approximately 5 seconds for each sign language
character. In 4 seconds out of this time, raw data were obtained
from the LM sensor and then the handcrafted features were
extracted. In the rest of this time, the proposed model predicted
the sign language character.

A comparison of the present work with the results of previous
studies is shown in Table II. Reviewing the prior research does
not reveal a study directly related with the present study that
uses Leap Motion for real-time classification on TSL. However,
there are some studies that conduct real-time sign classification
using video images obtained from Kinect device. Oktekin &
Cavus [6] classified 33 Turkish sign language expressions in
real time with 82 % accuracy using Kinect sensor and HMM
model. Haberdar & Albayrak [3] classified 22 one-handed and
28 two-handed sign language gestures in real time with 95.7 %
accuracy. As can be seen, the classification performance of
these studies in real-time Turkish sign language recognition is
lower than that of the proposed approach. Moreover, there are
a limited studies performed in real time using LM for other sign
languages. For example, the study presented by Naglot and
Kulkarni [28], which was performed on American Sign
Language alphabet, was quite similar to our study. They
classified 26 letters in real time with 96.15 % accuracy using
LM sensor and ANN. In another study, Kumar et al. [29]
classified 56 sign language gestures in real time with 63.57 %
accuracy using SVM classifier and LM sensor data.

In addition, there are three studies that conducted offline
classification on the Turkish sign language. The first study
conducted by Demircioglu et al. [8] involved offline
recognition of 18 sign language alphabets using data captured
by LM device at the accuracy rate of 99.03 %. In the second
study, Unutmaz et al. [1] classified offline 9 different sign
language expressions captured by Kinect using CNN at the
accuracy rate of 99.25 %. The last study involved recognition
of 28 Arabic sign language alphabets at the accuracy rate of
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99.1 % [18]. High performance was expected in offline
classification studies as the data was not captured in real time.
The success rate is typically lower in real-time classification
systems due to the potential changes in real-time data captured
by the device, hand position, distance to device and lighting
conditions. The proposed system of the current study works in
real time; it offers a very close classification performance to

offline studies. In this respect, the design of an expert system
that includes the approach we propose in sign language
classification can be implemented. This eminence of the
classification system is largely due to the new feature extraction
method that can extract features independent of environmental
conditions and the person performing the sign language
expressions.

TABLE II
COMPARISON WITH PREVIOUS STUDIES ON THE TURKISH SIGN LANGUAGE
Reference Sign Language Classifier Method Dataset Maximum
Recognition Rate
Demircioglu et al. [8] TSL Heuristic, RF and MLP Leap motion 18 sign language 99.03 %
Offline alphabets
Oktekin & Cavus [6] TSL HMM Kinect 33 sign language 82 %
Real-time expressions
Unutmaz et al. [1] TSL CNN Kinect, 9 different sign language | 99.25 %
Offline expressions from 12
different people
Ezel & Baykan [12] TSL CNN Image 29 sign language 84.48 %
Offline alphabet images
Haberdar & Albayrak [3] TSL HMM Video Images 22 one-handed and 28 95.7%
Real-time two-handed gestures
Naglot & Kulkarni [28] American Sign ANN Leap Motion, 26 letters 96.15 %
Language Real-time
Kumar et al. [29] Indian Sign SVM Leap Motion 56 gestures 63.57 %
Language Real-time
Mohandes et al. [18] ArSL NB Leap motion 28 Arabic sign language | 99.1 %
MLP Offline alphabets
Our Study TSL LR, k-NN, RF, DNN, Leap Motion, 29 TSL alphabets 98.97 %
ANN and Voting Real-time

V. CONCLUSION

In this study, a real-time Turkish sign language alphabet
recognition system was developed using LM sensor. There are
many factors that may influence the system performance in
real-time sign language recognition. Some of these factors are:
(i) the x, y and z coordinates of the hand on the LM device, (ii)
the hand sizes, (iii) the distance between two hands, (iv) the
palm direction, (v) failure to detect one of the hands in letters
performed using both hands, (vi) the lighting conditions of the
environment. The study explained the new handcraft feature
extraction method, which was based on mathematical model
and allowed for recognition independent of these factors or the
person performing the sign language. The extracted features
were used for training LR, A-NN, RF, DNN, ANN single
classifiers and also cascade voting approach, and their
classification performance was evaluated in detail. The best
classification performance was obtained using the cascade
voting method as it integrated the classification results of the
other five machine learning methods. The classification
accuracy rate of the cascade voting method was 98.97 %. In
comparison to the previous studies on Turkish sign language
recognition, the present system was tested by an individual out
of the training dataset, employed real-time classification and
achieved person-independent high classification accuracy.
Furthermore, the proposed feature extraction method can be

adapted to other sign language recognition systems. Our future
research will focus on expanding the sign database and
presenting the system to disabled individuals by the means of
integration to expert systems.
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