
 

 

  
Abstract—This document shows the results of an 

interdisciplinary research design in the areas of electronical 
engineering and speech therapy/communication sciences, using a 
proposed classification method of electromyographic signals. 
Recognition technologies use signals from the forearm musculature 
and 27 signal points that coorspended to the alphabet, pronouns and 
some verbs high frequency of the Colombian Sign Language (CSL). 
A neural network of Pattern Recognition and comparative analysis of 
the number of hidden layers, plus performance was implemented. 
During the classification and recognition of these results high 
accuracy was obtained with only a 2.03% error in the classification of 
signals corresponding to the aforementioned areas. The data 
collection process included the participation of a natural linguistic 
model or deaf person/LSC user 
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I. INTRODUCTION 
istorically, the deaf population has endeavored to 
participate in community equally. However, they often 
have few opportunities for participation in contexts such 

as employment and education [1] without communication 
hinderances. One of the factors limiting the participation of the 
deaf population is the low presence of interpreters to facilitate 
communication between the many different communication 
partners. When considering this barrier, the development of 
technologies that facilitate communication revealed a solution 
for the deaf when communicating with hearing people. This 
gives purpose to this research. A system of analysis and 
processing was developed using electromyography signals and 
movements from hand signals used by deaf persons in CSL. In 
this regard, it is important to mention that there are some 
technological developments that have sought to respond to the 
needs of the community, in terms of communication, 
particularly seeking to promote the communication of the deaf 
population (CSL user) within the hearing population. 
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Example, [2] in 2013, the University Francisco José de Caldas 
developed, from an undergraduate study, an effort aimed to 
facilitate children learning Colombian Sign Language and a 
technological prototype. This being the first version, it met 
with some limitations in technology. A later, and second 
version, with fewer errors was proposed. However, it was 
geared towards perfecting the tool. In 2015, engineers develop 
a third version that would allow the deaf child population to 
interact with CSL [3] using a touch screen (about the size of a 
smart phone). Unfortunately, this was limiting the user to a one 
lexical repertoire and reduced that impact to short interactions. 
With advanced technological developments, that input system 
was patented by the Colombian Ministry of Trade and 
Industry. 
There have been several engineers who have tried to translate 
the communication of the deaf. Nevertheless, among the most 
recent technological advances using an electronic system for 
language interpretation of Colombian sign language was made 
in 2015.  This is the implementation of sensors in shoulder, 
wrist, elbow and attached to gloves. These in turn 
synchronized within a mobile device that transforms the 
signals into voice and text. It is worth noting that this 
technological input has been patented by the Colombian 
Ministry of trade and industry by order #52860 issued on 28 
August 2015 [4]. 
This is one of the more relevant research studies because of 
their technique in the use of handles with EMG sensors and 
motion detecting patterns from the DTW (Dynamic Time 
Warping) algorithm. These movements, once performed are 
routed through a server and translated. [5] 
However, within a therapeutic context, there is no evidence of 
proposals or technological developments to mediate the 
communication of the deaf population or users of CSL with 
hearing people. Not because of the ignorance of the linguistic 
features but for lack of interactions with engineering 
professionals. This posed new challenges for the scientific 
community, from an interdisciplinary perspective, and 
knowledge dialogue between professionals. 
Moreover, these professionals are analyzing information for 
processing in the area of gesture recognition. Techniques exist 
in image processing electromyography, which uses signals and 
surface electromyography. This is highlighted in applying the 
research to the corresponding needs of the deaf community or 
in the therapeutic/treatment context. The surface 
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electromyography signal has become one of the most 
commonly used, promptly responding to problems in different 
areas like prosthetic devices, rehabilitation programs, 
diagnostic evaluation and implementation in gadgets for 
everyday use. 
Due to the growth in the use of these signals, classification 
studies have used different methods. Among which, we 
highlight studies in the area of rehabilitation and prosthesis for 
computational efficiency in the qualification of the movement 
and the application of prosthetic hands [6] [7] [8] [9]. One of 
the investigations in this case uses the evaluation of 4 
movements associated with wrist muscles. From this, they 
were able to classify them using the adaptive neuro-fuzzy 
inference system (ANFIS) and the artificial neural network 
(ANN). Thanks to this classification and accuracy, results were 
achieved in 88.90% in ANFIS.  Proving this to be a better 
technique than ANN in a matter of precision and speed during 
training and classification [6]. One of the forums found in the 
area of rehabilitation is seeking techniques for quick and 
precise strength in the upper limbs. They seek to implant a 
prosthesis by using techniques like Extreme learning machine 
(ELM), Support vector machine prediction (SVM), and 
Multiple nonlinear regression (MNR) while observing 
different characteristics in each technique. Throughout the 
trials, they demonstrate that the SVM is the best option 
concerning accuracy [10]. On the other hand, in the field of 
prostheses there are no comparative works. Techniques like 
Principal Component Analysis (PCA) are used with respect to 
Common spatial patterns (CSP) for the evaluation of 5 signals. 
In a population of 20 subjects validated and compared to an 
upper limb amputee, they obtained a results accuracy using 
PCA of 88.81 ± 6.58 and CSP of 89.35 ± 6.16%. This showed 
effectiveness in the results for the use of prosthesis in 
amputees [11]. Because of this, different ways to address 
efficiency when solving this problem are checked. 
Within the optimal methods of electromyography, signals for 
characterization and classification using neural networks to 
determine hand force and movements are located[12] [13] 
[14]. Also, research and methods proposed use pattern 
recognition to minimize misclassification. For implementation 
in upper limb prosthesis, 8 kinds of movements compared with 
6 signal processing techniques, based on Linear discriminant 
analysis [15], are used. Another study uses neural networks for 
the classification of hand movement with EMG signals from 
seven processing points of pre-processed EMG. This is used 
for detecting four movements of predefined hand gestures 
made from 10 neurons. Within a hidden layer, the study shows 
how neural networks, like Levenberg-Marquardt, can achieve 
an average rating of 88.4%. [16] Another technique to note is 
the presence of electrical activity in the musculoskeletal 
system, using wavelet maximum for EMG data analysis in 
conjunction with ANN for classification [17]. 
 

II. PROBLEM STATEMENT 
However, based on such history, today it is important to 
develop technological tools not only with the aim of 
publicizing the Colombian Sign Language, or other that of 

other countries, and the characteristics of the deaf community, 
but also need to innovate based on artificial conductive pattern 
recognition techniques or intelligence technologies. The 
response times and signal processing thereof are characterized 
by better speed and also provide higher capacity in terms of 
recognition of sign, with the possibility of migrating data from 
different people, and of course with adaptive learning 
capability. 
 Therefore, this research aims to identify patterns and 
associated movements of hand signals used by deaf users of 
CSL. Using neural networks to thereby generate a system for 
interpretation of these signals. 
 To achieve this goal, it is necessary to make a list signs and 
gestures that correspond to alphabetic/linguistic units, personal 
pronouns and some high frequency verbs. For the 
measurement process and acquisition of data, signals are 
counted with a model of linguistic professionals in audiology, 
deaf persons using Colombian sign language, or an interpreter 
for te deaf and by placing a myo-gesture armband control 
around the proximal one-third of the forearm, making contact 
with the muscles, for movements in front of the face. Later, the 
same movements in the deaf person are captured and the 
process of signals is performed. 
 Subsequently, the selection of an analysis technique and 
neural network processing pattern recognition are used. The 
signal obtained matrices allow the construction of input and 
output for network training . Finally , we proceed to validate 
the results obtained by analyzing the number of hidden layers 
and neurons which yielded an error result on testing. 
 

III. DESIGN AND CLASSIFICATION USING ARTIFICIAL NEURAL 
NETWORKS 

 
In this section, we propose the design of a neural network type 
pattern recognition for the classification 27 signs. The signs 
correspond to the alphabet, pronouns, and ten high frequency 
verbs, for a total of 46 signs. For each gesture, 15 samples 
were taken from 18 sensors measurements. The samples came 
from eight EMG sensors, 3 accelerometers sensors, 3 
gyroscopes sensors and 4 that correspond to quaternion data. 
The figure 1 shows one of the captured gestures. The data 
sample for each movement was 70 recorded movements and 
these in turn are stored in a database for further processing. 
 

 
Fig. 1 Signals of Myo Gesture Control Armband 

 
From the 15 samples, gave way to a selection process that 
allowed to take the 8 most significant gestures, thus discarding 

INTERNATIONAL JOURNAL OF MATHEMATICS AND COMPUTERS IN SIMULATION Volume 11, 2017

ISSN: 1998-0159 231



 

 

the remaining 7.  As a result of this exercise, we were able to 
obtain an array of 368X1260 in system input data, which 
corresponds to the number of samples taken for gestures. We 
then analyzed all the data from the sensors and an array of 
368X46. corresponding these to the outputs of the system 
associated with a specific gesture. 
 
Based on these matrixes, the neural network was implemented. 
For the first stage of testing, a script that allowed stored 
information in a database, holding the records of hand signals 
taken from each of the persons, was sampled. A second stage, 
with the data collected, training the neural network was 
performed by a Matlab tool.  
 
In order to calculate the mean square error of the ANN 
training process, to analyze the performance of the 
feedforward ANN [18] based in weights and biases is defined 
by: 
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Where each individual mean square error is defined by:  
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 Which, through the matrix of collected data, proceeded to 
conduct training in a range of 20 to 80 neurons, with 50 
repetitions per neuron, getting the error rate in testing average 
is 0.0244. This was achieved with 78 neurons. From these, a 
data classification accuracy of 97.56% was generated. This is 
seen more clearly in figure 2, which shows the mean and error 
trend neurons (i.e the maximum and minimum for each of the 
neurons). 
 

 
Fig. 2 Training with a layer 

 
From the results, it was shown that the margin of error is very 
high for the performance requirements of the NNA. So, the 
need to reduce this error by reconfiguring the neural network 
was generated. This included a new layer and repetition of the 
training procedure. Retraining NNA was conducted with the 
same procedures as the previous network. Obtaining results, 
the lowest percentage of error in testing of 0.0203 (average), 
shown in figure 3.  This was achieved with 43 neurons 
generating a classification accuracy of 97.97%. 

 

 
Fig. 3 Training with two layer 

 
According to the results, a reduction of 28.73% in the percent 
accurate was identified with a layer of training in respect to 
the two layers, evaluating all training from 20 to 80 neurons. 
This percentage is not significant when evaluating the average 
training. However, minimal errors that are obtained by each 
neuron found generate a 43% reduction. In figure 4, the 
difference between the layers to their minimum values of 
each neuron is identified. 
 

 
Fig. 4 Comparison of training by layers 

IV. ANALYSIS AND RESULTS 
From the analysis of results obtained, the neural network had 
isolated cases with an error margin of 0.00663 with 57 neurons 
with two hidden layers. This was compared to the results that 
were acquired in a layer where a percentage of 0.0102 was 
obtained with 74 neurons. It is important to mention, in this 
case no online training is done, since these isolated cases can 
be obtained as a training base. However, it is evident that the 
least common denominator in a neural network training for the 
two-layer neurons is 43, to still retain the best option for 
retraining online. Research online for retraining may not be 
necessary. The best isolated case was obtained. This structure 
is shown in Figure 5. 
 

 
Fig. 5 Structure of the neural network 

 
For evaluating the performance of the implemented neural 
network, it was based on the mean squared error (MSE). While 
the weights were adjusted using the back propagation learning 
rate to improve network performance. 
As a result, information obtained from performance analysis 
concerning different layers and number of neurons, validation 
network 0.01444 in time 38 epochs, seen in Figure 6 were 
achieved. This error is acceptable considering the error of 
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validation and testing are even lower. This generated an 
appropriate response from the network to the training set. 
 

 
Fig. 6 Validation performance training  

 
Using gradient data obtained, graphic Figure 7, it was 
observed, that in 44 times, it is possible to obtain a gradient 
value of 0.003997. This is consistent with the tolerance used. 

 
Fig. 7 Neural network training epochs 

 
Culminating was evident, that being a multiplex type problem, 
classified gestures as being more dificult corresponded to "o 
and c" this is most thoroughly observed in the following Figure 
8. This is due to the similarity of gestures and variations 
presented. 

 
Fig. 8 ROC curves for artificial neural networks 

 

V. CONCLUSION 
 
Thanks to the results, it is concluded that the Pattern 
Recognition type of neural network generated good 
performance for pattern recognition electromyography 
associated with signs produced by a deaf person using CSL.  
Generating an average error with two hidden layers of 0.0203 
evaluated on testing. 
MSE results also identified in isolated cases up to 0.00663, 
generating error and checking accuracies of 99.34%, thus the 
effectiveness of the technique as a tool for pattern recognition 
in deaf individuals using CSL. 
The analyzed results identified that this can improve a learning 
model for new classes or patterns of gestures. Taking average 
values that generate online training for constant learning of the 
neural network. This can improve learning within the neural 
network. In addition, the use of new learning algorithms 
suggests that, given the implications, Colombian sign language 
can become a problem of multiplex data. In other words, this 
language has a robust lexical repertoire. This will a develop 
software that each user learns online. It is suggested that these 
preloaded supported targets and a user interface are 
implemented. 
Finally, the participation of relay center technologies for 
inclusion, funded by the Ministry of ICTs, is appreciated and 
from linking linguistic models in research, during the initial 
stages. 
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