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A B S T R A C T   

Sign language is one of the most important communication tools for hearing impaired people. In this study, the 
recognition of two-handed dynamic words in Turkish Sign Language (TSL) was studied using the LMC device. As 
a result of the repetition of 26 dynamic words, which were determined by considering the similarities and dif
ferences between them, by 6 participants, two data sets were obtained by extracting two types of feature sets. By 
applying a three-stage strategy to these feature sets, word recognition performances are presented by considering 
many aspects. These stages are data regularization, feature selection and dimension reduction. By performing 
these stages, new datasets with less dimension were obtained. The recognition performance was tested with six 
different ELM networks and the results were compared. Five-fold cross-validation was used to test the validity of 
the proposed system and accuracy of the obtained results. According to the results obtained with a compre
hensive analysis, it has been seen that the Meta-ELM classifier maintains its performance rate and gives the 
highest performance. At the same time it has been observed that the Meta-ELM classifier has a stable structure 
that offers less user intervention.   

1. Introduction 

Sign language is the most expressive way for deaf people to 
communicate and interact with others. It is the most popular in the deaf 
and hearing-impaired communities and is also the natural way of 
communicating with normal people. Those with hearing difficulties, 
often depend on sign language to participate in the real world. Ac
cording to World Health Organization (WHO) statistics, the number of 
people with hearing difficulties is 432 million adults and 34 million 
children in the world and nearly 2,5 million in Turkey. The World 
Federation of the Deaf (WFD) states that there are approximately 300 
active natural sign languages worldwide (WFD, 2018). Turkish Sign 
Language (TSL) is one of the sign languages with an unwritten grammar 
characterized by hand gestures and sometimes facial and body signs 
(Erten & Arıcı, 2022). TSL involves creating complex grammatical 
structures using dynamic word movements. Dynamic word movements 
are the most important building blocks during TSL sentence develop
ment and facilitate expressive communication. 

Among the parts of the human body, the hand is the most effective 
and intuitive interaction tool in most human–computer interaction ap
plications. Hand gesture recognition has been an active research area for 

the last 20 years, with various and different approaches being proposed. 
Hand gesture recognition is an active research area with numerous and 
diverse applications such as sign language recognition (Kim et al., 2013; 
Lu et al., 2016; Marin et al., 2016; Sohn et al., 2012; Katılmış & Kar
akuzu, 2021; Galván-Ruiz et al., 2023), interactive games (Rautaray & 
Agrawal, 2011; Lee & Hong, 2010), serious games (Avola et al., 2013; 
Placidi et al., 2013), emotional expression descriptors (Barrientos & 
Canny, 2002; Truong et al., 2016), robotics (Calinon & Billard, 2007; 
Goza et al., 2004), advanced computer interfaces (Ohn-Bar & Trivedi, 
2014; Pierce & Pausch, 2002; Reale et al., 2011; Ren et al., 2013), 
educational systems, virtual reality systems and physical rehabilitation. 
It offers intuitive and easy-to-use interfaces for these and similar ap
plications, provides support for the hearing impaired. Furthermore, it 
gives solutions for all environments that use contactless interfaces. This 
broad interest stems from the use of hands and fingers to communicate 
and interact with the physical world. 

In general, approaches to hand gesture recognition can be divided 
into two main classes: 3D model/contact-based (Cheng et al., 2015) and 
vision-based (Li et al., 2013; Sharma & Singh 2023). The former uses 
basic elements of body parts to extract relevant 3D information, while 
the latter uses images or video sequences to extract main features. The 
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first group addressed detection for sign language recognition (SLR) 
using a contact-based system. It includes wearable sensor-based systems 
such as the smart glove (Oz & Leu, 2011; Huang et al., 2019), the Myo 
armband (Ding et al., 2018). In addition, a recognition and interaction 
pathway is being developed using sensors such as accelerometers (Kaya 
et al., 2018), magnetometers (Kim et al., 2016), gyroscopes (Mimouna 
et al., 2018) and electromyography (EMG) (Kosmidou et al., 2006). This 
approach has several advantages such as simplicity in pre-processing 
and computations, high accuracy in motion tracking and object detec
tion. However, it has some limitations such as sensitive measurements 
and noise level in sensor signals (Nymoen et al., 2015). Furthermore, 
situations such as high cost, unnatural use, limitation of movement 
flexibility and calibration adjustment make the use of this technology 
difficult (Dipietro et al., 2008). 

The advent of digital cameras and camera stereo gave rise to the 
second group, the vision-based SLR (Cui et al., 2019; Kumar et al., 2020; 
Kolivand et al., 2021; Poonia, 2023). The main advantage of vision- 
based systems is that the user does not need to use overly complex de
vices. In this category, systems using effective and 3D depth cameras 
such as Microsoft Kinect (Ganguly et al., 2020; Cardenas & Chavez, 
2020), intel Realsense camera (Liao et al., 2018) and Leap Motion 
Controller (LMC) (Lee et al., 2020) have been developed. These provide 
detailed information about motion and even 3D motion data. Apart from 
these, there are also vision-based studies developed using a regular 
camera (Castro et al., 2023). These devices are increasingly used in the 
field of computer vision. The development of these sensors opens new 
opportunities for the field of hand gesture recognition. These sensor 
systems also have several challenges, such as sensitivity to lighting 
conditions, complex backgrounds and segmentation, occlusion, fixed 
interaction region in front of the sensor and noisy images (Almasre & Al- 
Nuaim, 2016; Jegham & Khalifa, 2017; Lejmi et al., 2017). In addition, 
they require extra computations in the preprocessing and image pro
cessing stages. Considering these devices and their limitations, the LMC 
sensor is accepted as the most natural, mobile, accurate and low-cost 
device dedicated to capturing hand gestures in an intuitive way. It is 
also of great interest due to several advantages such as less prone to 
environmental changes, low dimension of the features offered by skel
etal data, and accurate knowledge of the positions of the hand joints. 
Hand gesture recognition is still a challenging computer vision topic. 
The main reason for LMC is that the hand is an object with a complex 
topology and has many possibilities to perform the same gesture. This 
device only focuses on tracking hand movements. Each point of the hand 
contains many features such as direction, length, distance, position, 
location, position and angle for finger, knuckle and joint points. It has 
the capacity to collect and extract skeletal features and movements from 
both hands simultaneously with greater precision than image sequences. 
LMC is also more robust and outperforms vision-based approaches 
against problems such as background subtraction and light variation. 
For this reason, LMC was preferred in our study. There are few LMC- 
based hand gesture recognition researches in the literature. These re
searches have analyzed words from sign languages such as ISL, ASL, SIBI 
and ArSLR. 

Sign language is the ability to speak, mainly through the use of the 
hands, but in some cases the body, face and head. Sign language 
recognition (SLR) can be defined as a collaboration of multiple research 
areas that can include pattern matching, computer vision, natural lan
guage processing and linguistics (Al-Ahdal & Nooritawati, 2012; Cheok 
et al., 2019; Wadhawan & Kumar, 2021). Approaches dealing with 3D 
hand gesture recognition can be divided into two main categories: Static 
and dynamic hand gesture recognition. The former focuses only on 
posture, extracting hand silhouettes or hand regions of interest. The 
latter considers the progression of hand joint positions over time. Since it 
provides more information and is more suitable for interaction in
terfaces, dynamic hand gesture recognition using skeletal data is dis
cussed in this study. In recent years, many approaches have been 
proposed to recognize dynamic hand gestures from hand skeleton 

sequences. Most TSL words are performed using both hands in deaf 
communication. The classification of dynamic sign words using one and 
two hands is a fundamental function for automatic sign language 
recognition applications. In particular, recognizing similar two-handed 
sign words is an important and useful research area in regards to ac
curacy. In this work, the recognition of two-handed dynamic words in 
TSL for towards the use of 3D skeleton-based features has been studied. 
It also contributed to the community with a new depth and skeleton- 
based dynamic hand gesture dataset. The original dataset obtained in 
this study can be downloaded from https://sites.google.com/view/z 
kdataset/. 

In this study, two separate datasets were composed using two sepa
rate feature sets determined by us. It has been desired to investigate and 
compare the effects of the datasets obtained with the generated features 
on word recognition performance. The datasets of the feature sets were 
first reduced by implementing the data regularization and feature se
lection technique. In the second stage, their dimension was decreased by 
using dimension reduction techniques. Meta-ELM and Constrained 
Extreme Learning Machine networks and their specific learning methods 
were used to analyze the performance accuracy of the original dataset 
and other datasets formed. K-fold is a cross validation method to sta
bilize and to verify the performance of the recognition model. The 
recognition rate of the each classifier algorithm has been evaluated 
using the 3, 5, 7 and 9 fold cross-validation methods. 

Since the results were close values, 5-fold cross validation results 
were used. 

The overall block structure of the proposed hand gesture recognition 
approach contains 3 modules and 9 steps as presented in Fig. 1. The LMC 
module (blue colored blocks) contains pre-processing, hand tracking 
and frame detection and acquisition. The dataset module (green blocks) 
contains feature extraction, data regularization, feature selection and 
dimension reduction. The implementation module (yellow blocks) 
contains training, testing and recognition. The first step is the pre- 
processing step, which initializes the LMC service. The second step is 
the hand tracking, where the tracking layer matches the data by 
extracting the hand and fingers tracking data. In the third step, image 
frames are collected from the matched data using LMC API features. In 
the fourth step, the dataset is formed by extracting the specified features 
from the image frames captured from the LMC. In the fifth step, data 
with different lengths and durations are regularized to the same length 
and duration by applying time–frequency domain feature extraction 
(TFDFE) method. In the sixth step, effective and qualified features are 

Fig. 1. Block structure of the proposed hand gesture recognition.  
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selected by applying the feature selection technique. In the seventh step, 
the selected features are decreased in dimension with the dimension 
reduction techniques. The eighth step is where these features are pre
sented as a vector to the classifier and the classifier model is obtained by 
training and testing for word identification. The last step is sign recog
nition used to distinguish the hand gestures. The major contributions 
and novelty of this research briefly described above can be listed as 
follows:  

a. Being the first application to use Meta-ELM and Constrained-ELMs 
network structures and their learning in dynamic word recognition  

b. Using the time–frequency domain feature extraction (TFDFE) 
method in the data regularization process in TSL  

c. Presenting a comprehensive datasets with 2 types of feature sets for 
sign language recognition in TSL  

d. Using PCC feature selection, ZCA and SVD dimension reduction 
techniques in dynamic word recognition  

e. Presenting recognition success analysis with 11 datasets formed by 
integrating 3-stage feature extraction, feature selection and dimen
sion reduction approaches  

f. Presenting the effect of making words in three different times as 
slow, medium and fast by the participants on recognition perfor
mance analysis.  

g. Presenting recognition performance analysis with the best and an 
appropriate number of features by gradually reducing the features at 
the stage of feature selection and dimension reduction techniques. 

2. Literature overview 

There are many researches on sign language recognition (SLR) in the 
literature. Among these, numerous studies have been conducted with 
vision-based camera SLRs, of which Table 1 summarizes the most recent 
of these. Within these researches, LMC-based static alphabet (Chong & 
Lee, 2018; Yang et al., 2020; Lee et al., 2021; Enikeev & Mustafina, 
2021) and dynamic sign recognition studies have been seen in the 
context of the subject. Especially dynamic word recognition is the scope 
of this study. Literature summary of dynamic sign language recognition 
studies is given in Table 2. In (Aliyu et al., 2017), Aliyu et al. proposed a 
dual LMC-based ArSLR recognition model to overcome the handicaps 
related to finger occlusions and missing data. For feature extraction, 17 
geometric features were chosen from both sensors, while Bayesian 
Gaussian mixture model (GMM) and simple LDA approach was used for 
recognition. The data was acquired from one participant for 100 two- 
handed Arabic hand movements and a recognition performance of 
94% was yielded. In the second research by the same authors (Deriche 

et al., 2019), 92% performance was achieved using 2 participants. In 
(Pramunanto et al., 2017), Pramunanto et al. analyzed 5 dynamic and 5 
static words performed with one-handed hand gesture signs in SIBI and 
identified 19 features. In the research, the dataset was formed by per
forming 25 repeats for each sign. Using Naive Bayes method, 80% rate 
was achieved in the classification. In the research of Avola et al. (Avola 
et al., 2019), hand movements were represented by feature vector sets 
that change over time. Recurrent neural networks (RNNs) were trained 
with the angles formed by the finger bones of hand as features. The 
dataset contains 12 static and 12 dynamic ASL signs. The dataset con
tains 1200 hand movement sequences from 20 participants. Each 
gesture was performed by 15 males and 5 females. This proposed 
method achieved a performance of over 96%. In (Mittal et al., 2019), 
Mittal et al. proposed an LSTM model for sequential motion sequences 
and an SLR system that recognizes sequential connected motion se
quences. The model was based on subdividing continuous signals into 
sub-units and modeling them with neural networks. The dataset 
including 36 dynamic features extracted was formed by 6 participants 
repeating each signal 15 times. The proposed model has been tested 
using 35 different isolated two-handed sign words and 942 sign sen
tences of Indian Sign Language (ISL). Average accuracies of 72% and 
89% were yielded respectively. In Kumar et al. (Kumar et al., 2017a), a 
new combined multisensory structure for SLR was proposed using a 
combined hidden Markov model (CHMM). This framework was used to 
recognize dynamic isolated sign movements performed by hearing- 
impaired people. The best recognition rate was yielded with the 
CHMM, as high as 90%. For 25 dynamic one-handed sign gestures of ISL, 
8 repeats were performed by 10 different participants to generate data. 
In this research, Kinect and LMC sensors were used in parallel to capture 
the motions. 66 features were identified for the dataset. In a similar 
study (Kumar et al., 2017b), Kumar et al. proposed a new multi-model 
structure for isolated SLR using sensor-based devices. LMC and Kinect 
sensors were used in the multi-model framework to capture palm posi
tions and finger from two different views during movement. A feature- 
set is extracted from the data captured by both devices. Recognition 
was performed separately by sequential classifiers based on a hidden 
Markov model (HMM) and a bidirectional long short-term memory 
neural network (BLSTM-NN). The framework was tested on a dataset of 
7500 ISL hand movements containing 50 different hand gestures. It has 
been reported that accuracies are healed if data from both devices are 
combined compared to single sensor based recognition. Performance 
rates were determined as 97% and 94% for HMM and BLSTM-NN, 
respectively. In (Hisham & Hamouda, 2017), Hisham et al. proposed a 
model for recognizing dynamic and static gestures in sign realization. 
The proposed system is based on two different sets of bone and palm 

Table 1 
Literature summary of vision-based camera SLR.  

Reference. Architecture Sign Language Dataset Properties Dataset Type of Gesture Accuracy (%) 

(Basnin et al., 2021) Integrated CNN–LSTM Bangla (BSL) 36 alphabets 13,400 samples Static 88 

(Venugopalan & Reghunadhan, 2021) Hybrid GoogleNet-BiLSTM Indian (ISL) 13 signs 932 samples Dynamic 76 

(Sharma & Singh 2021) VGG CNN Indian (ISL) 43 signs 2150 samples Static 99 

(Kothadiya et al., 2022) LSTM, GRU Indian (ISL) 16 signs 1100 samples Dynamic 97 

(Das et al., 2023) 
Hybrid (VGG16 + RF) 

Bangla (BSL) 
10 digits 1075 samples 

Static 
97 

Hybrid (VGG16 + RF) 36 alphabets 1005 samples 91 

(Castro et al., 2023) Multi-stream 3D CNN 
Brazilian (BSL) 56 signs 1200 samples 

Dynamic 
91 

Indian (ISL) 50 signs 4287 samples 94 
Korean (KSL) 77 signs 1540 samples 50 

(Sharma & Singh 2023) MobilenetV2 Indian (ISL) 18 words 
10 alphabets 

2150 samples Static 99 

(Poonia, 2023) 

CNN + RNN 

Indian (ISL) 50 signs 4287 samples Dynamic 

65 
PoseEST 66 
3LayerLSTM 75 
LİST 92  
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feature-sets with common features between them. The study includes 20 
dynamic and 38 static gestures of ArSL. It was reported that the KNN 
model achieved 99% and 98% performance rate for static and dynamic 
gestures respectively, while the DTW model achieved 97% and 96% 
performance rate respectively. Katılmış and Karakuzu proposed a two- 
handed dynamic TSL word recognition system. In their study (Katılmış 
& Karakuzu, 2021), a dataset consisting of 8000 instance with 40 repeats 
was formed by 4 different participants for 50 dynamic words. The 

number of features was gradually decreased using a feature selection 
technique. Then, PCA, LDA and hybrid PCA + LDA technique were 
applied and a total of 12 dimensionally reduced datasets were formed. 
The results were compared by testing with extreme learning (ELM) 
based classifiers. It was observed that the ML-KELM classifier main
tained its performance rates and gave the best performance rates for the 
original and dimensionally reduced datasets. Bird et al. designed 3 
models using a multimodal approach in SLR, RGB and LMC based and 

Table 2 
Literature summary of dynamic sign language recognition.  

Reference Sensor Approach 
(Feature-set, number & language) 

Hand Performance 
(dataset, classifier & accuracy) 

(Aliyue et al., 2017) Dual  

LMC 

Hand sphere radius, hand Pitch, Roll, Yaw, fingertip 
positions, palm position, finger distance. 

16 Arabic 
(ArSL) 

Two- 
Hand 

1 participant, 100 
words, 10 repeats 

LDA  

GMM 

94 

(Pramunanto et al., 
2017) 

LMC Palm and finger angle, palm elevations, palm distance. 19 Indonesian 
(SIBI) 

One- 
Hand 

1 participant, 5 
words, 25 repeats 

NBC 80 

(Kumar et al., 2017a) LMC, 
Kinect 

Fingertip direction, fingertip positions. 66 Indian (ISL) One- 
Hand 

10 participants, 25 
words, 8 repeats 

CHMM 90 

(Kumar et al., 2017b) LMC, 
Kinect 

Fingertip direction, fingertip positions. 132 Indian (ISL) One- 
Hand  

Two- 
Hand 

10 participants, 50 
words, 15 repeats 

HMM 
BLSTM 
–NN 

97  

94 

(Hisham & Hamouda, 
2017) 

LMC 

Directional and positional features, each palm’s position 
and phalanx’s vectors, finger angles. 

170 

Arabic 
(ArSL) 

One- 
Hand 
Two- 
Hand  

3 participants, 16 
words, 25 repeats 

DTW 
SVM 
KNN 
ANN 

97 

Positional and directional features, the phalanx’s position 
vectors, finger angles. 

140 96 

(Deriche et al., 2019) Dual  

LMC 

Hand sphere radius, hand Pitch, Roll, Yaw, palm position, 
fingertip positions, finger distance. 

16 Arabic 
(ArSL) 

Two- 
Hand 

2 participants, 100 
words, 10 repeats 

LDA  

GMM 

92 

(Avola et al., 2019) LMC Palm position, internal finger angles, fingertip positions. 23 American 
(ASL) 

One- 
Hand  

Two- 
Hand 

20 participants, 12 
words, 2 repeats 

RNN  

LSTM 

96 

(Mittal et al., 2019) LMC Palm position, fingertip positions. 36 Indian (ISL) Two- 
Hand 

6 participants, 35 
words, 15 repeats 

LSTM 89 

(Bird et al., 2020) LMC 
RGB 

Finger tip and position distances, direction angles, hand, 
palm, arm, wrist and elbow positions. 

90 British (BSL) One- 
Hand 
Two- 
Hand 

5 participants, 18 
gestures, 2 repeats 

DNN 
CNN 

94 

(Hisham & Hamouda, 
2020) 

LMC Finger and palm position, direction, fingertips direction, 
finger angles, Pitch, Yaw, and Roll. 

70 Arabic 
(ArSL) 

One- 
Hand 
Two- 
Hand 

28 participants, 40 
words, 10 repeats 

Ada- 
Boosting 

93 

(Katılmış & Karakuzu, 
2021) 

LMC Hand, Palm, arm wrist and elbow positions, fingers 
extended, position distances, direction angles. 

119 Turkish 
(TSL) 

Two- 
Hand 

4 participants, 50 
words, 40 repeats 

ELM 
ML-KELM 

96 
99 

(Abdullahi & 
Chamnongthai, 
2022a) 

LMC Finger joints, tips of hand, palm center, wrist center, hand 
velocity, orientation angles. 

192 American 
(ASL) 

Two- 
Hand 

10 participants, 57 
words, 10 repeats 

FFV- 
Bi-LSTM 

98 

(Abdullahi & 
Chamnongthai, 
2022b) 

LMC Hand shape, orientation, position and motion. 114 American 
(ASL) 

Two- 
Hand 

10 participants, 40 
words, 10 repeats 

BiLSTM 97 

(Wu et al., 2022) LMC Position of the palm, fingers and joints, Pitch, Roll and Yaw 
of palm, distance between the fingertips and the palm, 
normal and direction of the palm. 

190 Chinese 
(CSL) 

One- 
Hand 
Two- 
Hand 

5 participants, 20 
words, 100 repeats  

LSTM 99 

(Galván-Ruiz et al., 
2023) 

LMC Direction, position, orientation, length, width and speed. 276 Spanish 
(SSL) 

Two- 
Hand 

1 participants, 176 
words, 30 repeats 
15 participants, 50 
words, 10 repeats 

DTW 95 
95 

This work LMC 

Finger tip and palm position distances, bone and hand 
direction angles, and finger and hand position vectors. 

124  
Turkish 
(TSL) 

Two- 
Hand 

6 participants, 26 
words, 15 repeats 

Meta-ELM 

93 

Finger joint position distance, direction angles and vectors. 124 92  
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RGB + LMC fused approaches. Recognition was performed with a large 
simultaneous dataset of 18 BSL gestures collected from multiple par
ticipants. Multimodality seems to be more successful for BSL classifi
cation. It also shows that weight transfer of the multimodal model is the 
most powerful approach for ASL classification (Bird et al., 2020). 
Abdullahi et al. presented an approach for recognizing highly correlated 
ASL words. The selected words belong to ASL words that are frequently 
used on a daily basis. The dataset was generated signer-independently 
using different types of participants. For complex gestures that are 
critical to recognize and do not require large abstraction for feature 
selection and encoding in traditional deep Bi-LSTM, fast fishing vector 
(FFV) was added. A large dynamic signal word recognition algorithm 
called FFV-Bi-LSTM was designed. This method was run on datasets 
containing a limited number of static and dynamic hand gestures, as well 
as on readily available published datasets, and was seen to give close 
results (Abdullahi & Chamnongthai, 2022a). In a second study by the 
same authors, a multi-stack deep BiLSTM recognition network was 
designed for two-handed dynamic similar and dissimilar ASL words. 
They presented innovative approaches in the process of tracking errors 
and uncertainties in each frame, controlling noise, selecting the most 
important features, and distinguishing between similar two-handed 
dynamic words in the acquisition of hand movement trajectories 
(Abdullahi & Chamnongthai, 2022b). Hisham et al. introduced an 
Arabic Sign Language (ArSL) recognition system using LMC and Latte 
Panda. The proposed model used two machine learning classifiers. DTW 
was applied to improve the accuracy of both algorithms and compared 
with AdaBoost. The research involves dynamic gestures that include 
more complex gestures variations than static gestures. The prototype 
was implemented on a single board (Latte Panda) to increase the reli
ability and mobility of the system and to ensure that it works efficiently 
(Hisham & Hamouda, 2021). Wu et al. proposed a dynamic Chinese Sign 
Language (CSL) word recognition method based on a modified LSTM 
model with attention mechanism. They developed a sign language 
human–computer interaction (HCI) synthesis system that validates the 
real-time performance and effectiveness of the proposed method (Wu 
et al., 2022). In (Galván-Ruiz et al., 2023), Galván-Ruiz et al. proposed 
an Spanish Sign Language (SSL) recognition system using 4 types of 
word groups and datasets. This study was tested using a DTW classifier 
with a total of 276 features and 176 words. 

As can be seen from the studies given in Table 1 and briefly sum
marized above, this study proposes a different perspective and solution 
method. Briefly, the originalities of this study are as follows:  

a. Meta-ELM based classifier is the first application in sign language 
recognition,  

b. Selection of similar/close words in terms of construction in TSL,  
c. Presentation of success analysis of datasets formed by integrating 3 

different making rapidity,  
d. Increasing the diversity of the dataset by making signs in 3 different 

rapidity (slow, medium and fast) by the participants. 

3. The Leap Motion Controller (LMC) 

The Leap Motion Controller (LMC) is an electronic device introduced 
by Leap Motion Company in 2013. The LMC contains many sensors 
(optical and infrared) that enable the detection of the pointer’s hands 
and fingers. It can accurately track hand movement and has three 
infrared LEDs to capture the signer’s hands in detail at 200 fps. The 
range of the device is from 25 to 600 mm (Mohandes et al., 2014). LMC 
has many advantages: Portability, cost-benefit value, plug and play via 
USB. The LMC service includes application programming interfaces 
(APIs) and SDKs that contain some algorithms and mathematical oper
ations that interpret the captured 3D image and extract the positions of 
the detected objects (Weichert et al., 2013). This device is also capable 
of collecting movements from both hands simultaneously with an ac
curacy of more than 0.01 mm (LMC, 2023). Furthermore, LMC raw data 

is delivered as time series data, which offers important temporal infor
mation. While Kinect is used to interpret the movement of the whole 
body, LMC provides real-time tracking of finger and hand movements. 
LMC is widely used in research areas such as sign language recognition 
(SLR), computer interaction, medical diagnosis, robot control and 
rehabilitation. The interaction area and schematic view of the LMC 
device is given in Fig. 2. 

4. Data acquisition and feature extraction 

Within the scope of this research, 26 TSL words were chosen 
considering the differences and similarities between them. These are 
composed of words that are similar to each other in terms of their 
structures under 8 different categories. The Turkish words used in our 
research are given in Table 3. Turkish words are listed in the first row of 
the table and their English corresponding in the second row. The words 
were made by the participants in different rapidity (slow, medium and 
fast) and data records were taken. Thus, it is aimed to increase the 
robustness of the recognition performance rate and reliability with the 
diversity of the dataset. In this research, first of all, data were acquired 
and feature extraction was performed for 26 dynamic two-handed words 
in TSL using 6 participants, two adult females and males, and a girl and a 
boy each. Special care was taken to ensure that the age range and hand 
geometry of the participants were different. In this context, for each of 
the hand, finger, joint and joint points, 124 discriminative features have 
been determined separately for 2 feature sets from features such as po
sition, distance, direction and angle. A dataset raw consisting of a total 
of 2340 samples was formed by 6 participants containing 15 repeats 
with a single frame for each gesture. The dataset contains a total of 
42,347 image frames taken at different times for the words. The arrayed 
image of the 2 similar-words used is shown in Fig. 3. 

The large variation in the data is measured using a statistical analysis 
method called box plot. It uses 5 data points: median, first/third quar
tile, lowest/highest, first/third quartile, and highest/lowest for the level 
of dispersion, symmetry of the data and spread. A box plot for the hand 
movements of 2 similar-words for 6 participants is shown in Fig. 4. These 
movements were captured using LMC. Each color in the plot was used to 
distinguish the change obtained from one signer from the others. In 
addition, since a sequence of hand movements is made in the air, it can 
also be visualized using a 2D plot showing the variation in hand 
movements of similar-words when made by 6 participants. The repre
sentation in Fig. 5 was acquired by plotting the palm center points (Palm 
Position) over the entire gesture duration. The figure is an example 2D 

Fig. 2. LMC device: Interaction area (top) and schematic view (down) (Curiel- 
Razo et al., 2016). 
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plot for the hand movements of 2 similar-words for 6 participants. In the 
drawing, the same color line was used for 6 participants in order to 
distinguish the change (Palm Position) during the construction of the 
two words. In Figs. 3, 4 and 5; it is aimed to visualize the data obtained 
for two words (heavy/heavy, accept/accept) that are similar in structure 
and to reveal the diversity and relationship for the data. An illustration 
of hand and fingers skeleton points obtained from the LMC is shown in 
Fig. 6. 

The implementations have been performed using a computer (Intel 
core i7 CPU at 2.2 GHz and 6 GB DDR4 RAM) with Matlab program. A 
raw data acquisition was implemented in via C# programming language 
using LMC SDK version 4.1 to obtain the dataset. Hand movements were 
collected using an LMC connected to the laptop through USB port. In the 
process of performing the hand movements of the participants, daylight 
lighting and natural environments were used without changing the 
lighting conditions. The conversion of the raw file to Matlab file format, 
normalization, feature extraction, data regularization, feature selection, 
dimension reduction, classification and recognition stages were per
formed using Matlab. 

Two group of feature extraction sets (Feature Set 1, Feature Set 2) 
were prepared for 26 dynamic words selected from TSL. The features 
were chosen by considering the structure of each sign and every point 
needed, and divided into two equal groups. Each group consists of 3 sub- 
categories: distance, angle and vector info. In order to compare the 
success impact of the feature sets, an equal number of features were 
chosen. 

In the first feature set (Feature Set 1), the distance data among the 

fingertip (TipPosition) and palm (PalmPosition) position points is the 
first referenced. A total of 30 features were defined among these 2 po
sition points. Distance_set1¼{f1,…f30}. 

In addition to these, since finger sizes and dimensions differ, finger 
bone direction (Bone.Direction) and finger-hand direction (Direction) 
angle data was needed. Furthermore, angle data about the longitudinal 

Table 3 
The dynamic words used in this study are grouped by their similarity to each 
other in regards to their construction.  

Words (Turkish, English) 

1 Düzgün, ertelemek, karışmamak 
(Properly, to postpone, not to interfere) 

2 Çatı, ev, komşu 
(Roof, house, neighbor) 

3 Adım, bilgisayar, börek, sakin, terzi 
(Step, computer, patty, quiet, tailor) 

4 Büyük, geniş, kocaman 
(Big, wide, huge) 

5 Ağır, kabul 
(Heavy, acceptance) 

6 Bozmak, bozuk, işaret dili 
(Disrupt, corrupt, sign language) 

7 Yaymak, yetmek 
(Spread, suffice) 

8 Hafif, ihmal, kaldırmak, kantar, okumak 
(Light, neglect, remove, scale, read)  

Fig. 3. Arrayed image of the 2 similar-words: “Accepted (Kabul)” (top row) and “Heavy (Ağır)” (bottom row).  

Fig. 4. Box-plots for the hand movements of two similar-words.  

Fig. 5. 2D plot of for the hand movements of two similar-words.  
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horizontal and vertical axis (pitch, yaw, roll) directions of the hand has 
been also utilized. A total of 40 features were defined for the angle data 
in each direction. Angle_set1¼ {f31,….…,f70}. 

In addition, some feature vectors were utilized to enhance discrim
ination. These are fingertip (TipPosition) and palm (PalmPosition) po
sition points of hands, and the vector data of hands and its horizontal 
axis (PalmNormal) direction. Moreover, the arm-elbow position point 
vector data was also utilized. A total of 54 features were utilized for each 
vector data. 

Additionally, some feature vectors are utilized to enhance discrimi
nation. These are the fingertip (TipPosition) and palm (PalmPosition) 
position points of the hand and the vector data of the horizontal axis 
(PalmNormal) directions of the hands. Furthermore, arm-elbow position 
point vector data is also utilized. A total of 54 features were utilized for 
hands. Vector_set1¼{f71,…..,f124}. 

In the second feature set (Feature Set 2), firstly, the distance data 
among the fingertip (TipPosition) and joint (JointPosition) position 
points is referenced. A total of 24 features were defined for these posi
tion points. Distance_set2¼{f1,…f24}. 

In addition to these, since finger sizes and dimensions differ, finger 
direction (Direction) and finger-hand horizontal and vertical axis di
rection (Direction) angle data was needed. Angle data about the direc
tion of the hand (pitch, yaw, roll) has been also utilized. A total of 34 
features were defined for the angle data among each direction. 
Angle_set2¼ {f25,….…,f58}. 

Additionally, some feature vectors were utilized to enhance 
discrimination. These are the finger and arm (Direction) direction, arm- 
wrist position and arm center point vector data. Furthermore, the vector 
data of the base points of the hands was also utilized. A total of 66 
features were utilized for hands. Vector_set2¼{f59,…..,f124}. 

In this research, the same number of features was defined for each 
feature set. The measures, units of measurement, names and numbers of 
the features of the feature sets are given in Table 4 and Table 5, 
respectively. 

5. Time-Frequency domain feature extraction (TFDFE) 

Time-frequency domain feature extraction (TFDFE) method was 

used in the data regularization phase on the obtained dataset. There are 
many criteria used for this feature extraction. Among these, 5 criteria 
has been used, namely the root of mean squares (RMS), standard devi
ation (STD), mean (AVG), fast Fourier transform (FFT) and discrete 
wavelet transform (DWT) (Risqiwati et al., 2013; Risqiwati et al., 2020; 
Çalışkan, 2019). In the first stage, these criteria were applied separately 
for each feature of each signal sample and a value was taken for each of 
them. In addition, the highest 2 peak values were taken for the frequency 
domain criteria (FFT, DWT). A new data set was formed by combining 
the 7 values obtained in total for each sample feature separately. The 
values obtained for each feature of each signal sample are as much as the 
number of criteria. In the second stage, this process is performed for 124 
features data belonging to each feature set. As a result of this process, a 
(2340 × 868) sized dataset is obtained. Through this process, the size of 
the dataset with different lengths is regularized and at the same time 
reduced. At the end of this process, the dataset is reduced by approxi
mately 2,5 times. 

6. Feature selection 

Feature selection is defined as the selection of the best, efficient and 
qualified features from an original dataset. It offers advantages such as 
resource optimization, result accuracy, execution time, and effective use 
in datasets with large size and high number of features. In this study, 

Fig. 6. Illustration of hand and fingers skeleton points obtained from the LMC 
(LMC, 2023). 

Table 4 
Feature information extracted from hands and fingers (Feature Set 1).  

Measure Unit Features Number of 
features 

Distance mm 

Fingers.(TipPositionToTipPosition) 20 

Fingers.TipPositionToHands. 
PalmPosition 

10 

Angle radian 

Fingers.(Bone.DirectionToBone. 
Direction) 

18 

Fingers.DirectionToHands.Direction 10 

Hands.PalmNormal(Pitch,Yaw,Roll) 6 

Hands.PalmPosition(Pitch,Yaw,Roll) 6 

Vector float 

Fingers.TipPosition(X,Y,Z) 30 

Hands.PalmPositions(X,Y,Z) 6 

Hands.Direction(X,Y,Z) 6 

Hands.PalmNormal(X,Y,Z) 6 

Arm.ElbowPosition(X,Y,Z) 6  

Table 5 
Feature information extracted from hands and fingers (Feature Set 2).  

Measure Unit Features Number of 
features 

Distance mm Fingers.(TipPositionToJointPosition) 24 

Angle radian 

Fingers.(DirectionToDirection) 8 

Fingers.DirectionToHands. 
PalmNormal 

10 

Fingers.DirectionToHands. 
PalmPosition 

10 

Hands.Direction(Pitch,Yaw,Roll) 6 

Vector float 

Fingers.Direction(X,Y,Z) 30 

Hands.Basis(X,Y,Z).Basis(X,Y,Z) 18 

Arm.WristPosition(X,Y,Z) 6 

Arm.Direction(X,Y,Z) 6 

Arm.Center(X,Y,Z) 6  
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PCC technique was used. 
Pearson Correlation Coefficient (PCC) is a technique used to statis

tically measure strength and direction of relationship between features. 
It is based on the covariance method. It is determined by dividing the 
covariance of two features by their standard deviation. With this tech
nique, the correlation coefficient is found for each feature in the dataset 
and the linear dependency relationship between the features is revealed 
(Sun et al., 2013; Sun et al., 2023; Sadiq et al., 2013, Sadiq et al., 2021; 
Daru et al., 2013; Daru et al., 2021; Sugianela & Ahmad, 2020). The 
correlation coefficient takes a value in interval of [− 1, 1]. The values 
obtained for the features are ranked after taking their absolute value and 
the ones with the highest value are selected. P represents the Pearson 
correlation coefficient between the features and is defined as in equation 
(1). The P coefficient (effect ratio) values of the 868 features belonging 
to the first feature set are presented in Fig. 7. 

P =
cov(x, y)

σxσy
(1)  

7. Dimension reduction techniques 

Dimension reduction technique is the process of transforming a high- 
dimensional dataset with a large number of features into a low- 
dimensional dataset. In this study, SVD and ZCA techniques were used 
for dimension reduction. 

7.1. Singular value decomposition (SVD) 

Singular value decomposition (SVD) is a technique used to extract 
dominant features and reduce dimension for large datasets. Matrices are 
decomposed using this technique to create a semantic vector space. SVD 
is also used both classification and dimension reduction (Li & Park, 
2009; Song et al., 2013). Its dimension reduction technique is similar to 
PCA but more effective. In this technique, a matrix is expressed as the 
product of three different matrices (U, S, V). Moreover, these three 
matrices have certain constraints associated with them. Singular value 
decomposition for a matrix A is defined as in Eq. (2). Through SVD 
decomposition, the orthogonal matrix U and V, and the diagonal matrix 
S of singular values are obtained. After finding the eigenvalues, eigen
vectors are formed using singular values by sorting. In this technique, a 
new dataset is obtained by multiplication the largest singular values (S) 
matrix and the orthogonal (U) matrix as in Eq. (3). 

[U, S,V] = svd(X) (2)  

X
ˇ

= U × S (3)  

7.2. Zero-phase component analysis (ZCA) 

Zero-phase component analysis (ZCA) is another dimension reduc
tion technique utilized in many areas such as statistics and machine 
learning. ZCA is an effective technique to reduce the correlation be
tween different features making the features more independent. It was 
proposed to ensure that all features have the same covariance (Lin et al., 
2019). In the ZCA technique, for an n- instance dataset X= {x1, x2, …., 
xn} of dimension d, the matrix X is obtained by subtracting the mean 
vector. Through SVD decomposition, the orthogonal based eigenvector 
U and the diagonal eigenvalues matrix S are obtained as shown in Eq. 
(4). ε is fixed to a small number to avoid zeros in the diagonal matrix. 
Here, the eigenvectors with the highest value in the feature vector are 
sorted to obtain a new size-changed X̌ dataset. The zero-phase compo
nent analysis for matrix X̌ is defined as in Eq. (5). 

[U, S] = svd
(
XXT) (4)  

X
ˇ

= U
(

1
̅̅̅̅̅̅̅̅̅̅̅
S + ε

√

)

UT X (5)  

8. Meta-extreme learning Machines (Meta-ELM) 

Over the last few decades, many neural network architectures have 
been developed. Feed-forward neural networks are among the most 
widely studied. The model has been extensively analyzed and applied by 
researchers due to its simplicity and relatively high learning and 
responsiveness. The learning capacity of single-layer feed-forward net
works (SLFNs) is higher than that of multilayer feed-forward neural 
networks, as proven in (Tamura & Tateishi, 1997). Gradient-based 
learning, optimization-based learning, and least mean square (LMS)- 
based learning are three approaches used to train SLFNs. 

Recently, Huang et al (Huang et al., 2006) proposed ELM, a new 
extremely fast learning model for SLFNs. ELM has some advantages such 
as no need to tune the hidden layer parameters, fast learning and good 
generalization performance. In ELM, it is sometimes not possible to 
achieve the desired level of learning performance due to the random 
selection of input connection weights and cell thresholds. Moreover, for 
large-scale problems, the high computational cost was a problem due to 
the repetitive use of the entire dataset. Various studies have been carried 
out to overcome these drawbacks and various ELM network architec
tures have been developed. One of them is a network architecture that 
combines several ELMs together, called Meta-ELM, which stands out for 
its generalization capability (Liao & Feng, 2014). Recent studies have 
shown that a group combination of ELMs achieves better generalization 
performance than the original ELM. Meta-ELM is a learning algorithm 
that combines a group of traditional ELMs. It can be seen as an ensemble 
of standard ELMs. Meta-ELM can also be called a hierarchical learning 
model. The Meta-ELM architecture is achieved by a basic configuration 
shown in Fig. 8, which has several basic ELMs and a meta structure that 
connects them (Liao & Feng, 2014; Zou et al., 2018). ELM structures are 
widely used in classification, regression, semi-supervised, supervised 
and unsupervised learning areas (Huang et al., 2014; Karakuzu, 2019; 
Huang et al., 2011; Bartlett, 1996). 

9. Constrained - extreme learning Machines (CELMs) 

Constrained-ELM is a single hidden layer feed-forward neural 
network based on ELM. CELMs randomly select the parameters of the 
hidden neurons based on the sample distribution. The main contribution 
of C-ELM is that it provides better discriminative feature matching by 
incorporating the sample distribution before the construction of the 
hidden layer (Zhu et al., 2015; Zhu et al., 2014). Experimental results Fig. 7. P coefficients of features belonging to Feature Set 1.  
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show that CELMs have better generalization ability than traditional ELM 
and some other methods. Moreover, CELMs retain the similar fast 
learning characteristics of ELM. Sub-models of CELMs with different 
constraints have also been defined to balance the high discriminative 
feature learning and fast training speed of ELM. A model called DELM 
(Constrained Difference ELM) is presented which uses a random subset 
of the difference vectors of the between-class examples (Zhu et al., 2015; 
Zhu et al., 2014). Other CELM models has been proposed by using the 
sum vectors of in-class samples SCELM (Constrained Sum ELM), sample 
vectors of all classes SELM (Constrained Sample ELM), the sum vectors 
of randomly selected sample vectors RSELM (Rand Sample ELM), and 
the mixed vectors containing difference and sum vectors MELM Con
strained Mixed ELM) (DELM + CSELM) (Zhu et al., 2015; Zhu et al., 
2014). 

10. Experimental results and discussion 

In this study, 2 separate datasets consisting of 2340 samples and 
belonging to 2 different feature sets were prepared by 6 participants to 
evaluate the performance rates. For each of the 2 original datasets, a 3- 
stage process of data regularization, feature selection and dimension 
reduction was performed. These stages were applied separately for each 
original dataset or feature set. First of all, the data regularization stage is 
realized, by using the TFDFE method on data with different lengths due 
to the fact that the words were made by the participants at different 
rapidity. At this stage, although the number of features (inputs) in
creases, dimension-reduction is also performed. In the second stage, the 
PCC feature selection technique was implemented. In this stage, four 
different number of feature selections (250, 150, 100, 50) were made 
considering to determine the most effective and appropriate feature 
numbers. Hence, four datasets were formed using the feature selection 
technique. In the third stage, ZCA and SVD dimension reduction tech
niques were applied to the feature-selected datasets. In this process, it 
was desired to form the best dimensional subsets by performing 3- 
gradual (150, 100, 50) dimension reduction to the new datasets. Using 
each dimension reduction technique, 3 datasets belonging to the grad
ually composed feature sub-sets were formed. As a result, a total of 11 
datasets were used in the classification process for the purposes of 

investigation. Table 6 presents the formation of 11 datasets for the 3 
stages. The performance of the datasets using ELM-based Meta-ELM and 
CELMs classifiers was analyzed. In Meta-ELM and CELMs classifiers, 
neuron activation is sigmoid function and 100 neurons were used in 
each ELM structure. For the Meta-ELM, the number of ensembles (M) 
was taken as 150. These values were determined by trial-and-error 
analogy. 

First of all, the recognition results of 5 sub-datasets obtained by 
applying PCC to the TFDFE applied datasets were analyzed. The 
recognition results and execution times of Meta-ELM and CELMs clas
sifiers for these datasets are given in Table 7 and Table 8, respectively, 
for the datasets we named Feature Set 1 and Feature Set 2. The testing 
accuracy graphs are given in Fig. 9 and Fig. 10 respectively. In the tables, 
the performance analysis for each sub-dataset was labeled as “applica
tion”. The first application is for the TFDFE dataset and the other 4 
applications are for the sub-datasets obtained by applying PCC. These 
datasets were subjected to classification algorithms. Considering the 
results obtained, the best performance rate for the first 2 applications 
was obtained with the Meta-ELM classifier. As can be seen from the 
tables, Meta-ELM maintained its performance rate despite the decrease 
in the number of features in the sub-datasets. The other 3 applications 
(with 150, 100, 50 features) were not used in the dimension reduction 
stage due to their low performance rates. Although the performance 
rates for the other classifiers were close in the first application, the 
performance rates gradually decreased in the other 4 applications (PCC 
applied). SELM is the classifier with the least training and testing time. 
Considering the execution times of the algorithms, a decrease was 
observed in the execution time as the number of features decreased. 
Except for Meta-ELM, CELMs based algorithms have been seen to have 
lower performance rates within the scope of PCC-based generated 
applications. 

The second subgroup of datasets is the datasets formed using ZCA 
dimension reduction technique on the dataset having 250-features 
selected by applying PCC. The performance rates of these datasets 
were also analyzed. This examination consists of 3 hybrid (PCC(250) +
ZCA) applications. The recognition results and execution times of Meta- 
ELM and CELMs classifiers for these datasets are given in Table 9 and 
Table 10, respectively, for each feature set. The testing accuracy graphs 
are given in Fig. 11 and Fig. 12, respectively. When the results of this 

Fig. 8. Meta-ELM architecture with M SLFNs with 3 cells each (Karakuzu & 
Bakırcı, 2019). 

Table 6 
The formation stages of 11 dataset.  

Original 
dataset 

First stage Second stage Third stage 

(124 
feature) 

Feature extraction Feature 
selection 

Dimension 
reduction 

Time-Frequency Domain 
Feature Extraction (TFDFE) 
(868 feature) 

PCC (250 
feature) 

ZCA (150 
feature) 

ZCA (100 
feature) 

ZCA (50 
feature) 

SVD (150 
feature) 

SVD (100 
feature) 

SVD (50 
feature) 

PCC (150 
feature)  

PCC (100 
feature) 

PCC (50 
feature)  
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gradual 5 implementation are analyzed from the tables, it is seen that the 
best performance rate is obtained with the Meta-ELM classifier. In fact, 
we can say that Meta-ELM maintains its success rate even though the 
number of features decreases. The classifier with the least time in terms 
of training and testing times is again SELM. Considering the execution 
times of the algorithms, a gradual decrease was observed in the execu
tion time as the number of features decreased. Except for meta-ELM, 
performance rate of CELM-based algorithms decreased in sub-datasets 
created by applying hybrid PCC + ZCA. 

The third subgroups of datasets are the datasets formed by applying 
SVD dimension reduction technique to the dataset having 250-features 
selected by applying PCC. The performance rates of these datasets 
were also analyzed. This analysis also consists of 3 hybrid (PCC(250) +
SVD) applications. The recognition results and execution times of Meta- 
ELM and CELMs classifiers for these datasets are given in Table 11 and 
Table 12, respectively, for each feature set. The testing accuracy graphs 
are given in Fig. 13 and Fig. 14, respectively. For each of the 5 cascaded 
applications in this analysis, the best performance rate was obtained 
with the Meta-ELM classifier. Again, it is seen that this classifier keeps its 
success accuracy despite the decrease in the number of features for these 
datasets. The fastest working classifier in terms of training and testing 
times is again SELM. Looking at the execution times of the algorithms, it 
has been observed that the execution time also decreased gradually as 

the number of features gradually decreased. Except for Meta-ELM, it has 
been observed that the performance rates of CELM-based algorithms 
have decreased within the scope of hybrid PCC + SVD-based generated 
applications. 

Considering the above-mentioned applications it seems that among 
the classifiers, Meta-ELM outperforms the others in terms of perfor
mance robustness. On the other hand, the Meta-ELM classifier seems to 
have a more stable performance rate. However, it has the largest elapsed 
time for both training and testing. The reason for this difference in 
computation and execution time is the difference in the architecture as 
well as the computational style used in this architecture. The main 
reason for this is the training for each group during Meta-ELM training 
and the process of determining the output connection weights between 
the base ELMs and the outputs by meta-learning with the whole dataset 
after the base ELMs have been trained. Therefore, relatively large 
dimensional matrix operations take a long time. However, it is clear that 
the computation structure mentioned briefly brings a more robust and 
stable generalization ability compared to other structures. On the other 
hand, it has been observed that CELMs classifiers cannot maintain their 
performance rates and show a decrease. Besides, due to the different 
structure of the algorithms, there have been differences in execution 
time. On the basis of all applications, the fastest operating classifier is 
SELM. In addition, when all applications are analyzed, it is seen that the 

Fig. 9. Testing accuracy graphics of PCC datasets (Feature Set 1).  

Fig. 10. Testing accuracy graphics of PCC datasets (Feature Set 2).  
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first feature set (Feature Set 1) is more advantageous than the other in 
terms of performance rate. When we compare the datasets obtained by 
applying the PCC + ZCA and PCC + SVD hybrids in terms of classifi
cation success, number of features and execution times, hybrid feature 
selection and dimension reduction, it is seen that the classifier algo
rithms are successful. For this reason, it can be said that a balanced 
feature distribution has been made for the two feature sets. Moreover, it 
can be said that the success rates of CELMs classifiers decrease in 
dimensionally reduced (hybrid applications) datasets. We can say that 
the RSELM network provides the highest performance rate among 
CELMs classifiers. 

11. Conclusions and future work 

In this research, an efficient dynamic gesture acquisition approach 
has been proposed by using sequential data captured by LMC, which is 
preferred over similar sensors due to its superiority in many ways, in 
order to approach the goal of people communicating more easily 
through sign language. To test the performance of the proposed 
approach, two original datasets/feature sets with two different feature 
sets were formed for 26 dynamic words with different lengths and du
rations according to their chosen structures. The word recognition per
formance of the sub-datasets formed from these feature sets by data 
regularization, feature selection and dimension reduction techniques 

were handled in many ways. Datasets which are obtained performing 
feature selection, dimension reduction, and their hybrid application 
offer advantages in terms of computation, performance, cost, storage 
and time. In this study, a high performance rate was obtained from the 
datasets formed with the developed strategy. This proposed approach is 
robust as it efficiently evaluates the sign inputs for similar and differ
ently structured words using the presented strategy in this study. 
Recognition was performed using the Meta-ELM approach, where the 
best accuracy of approximately 93% and 92% was recorded for the 2 
feature sets, respectively. Considering that the stable generalization 
ability of this network will contribute to improvement in the field of sign 
language recognition, it is recommended to be used in studies in this 
field. The specified feature set datasets and the datasets obtained from 
these sets with the described methods can be easily adapted to other sign 
languages. 

Since the LMC device and its API software are new and open to 
technologically development, it is thought that the limitations and 
problems occurred especially in perception of letters performed with 
two-handed can be solved and better results can be obtained with the 
development of the device in the future. Our future research will focus 
on developing real-time SLR and an effective sign language human
–computer interaction system. 

Fig. 11. Testing accuracy graphics of PCC(250) + ZCA datasets (Feature Set 1).  

Fig. 12. Testing accuracy graphics of PCC(250) + ZCA datasets (Feature Set 2).  
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