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Abstract— Gesture Recognition is a powerful tool in 

providing linkage between humans and computers. It is also 

considered a vital step in achieving multiple degrees of freedom 

control in prosthetic development. A wide range of machine 

learning algorithms are available to achieve gesture 

recognition. This study aims to provide a comparison of 

different machine learning based classifiers to provide an 

insight of which models work the best with gesture recognition. 

Gesture recognition model generally includes data acquisition, 

feature extraction, and classification. We perform amputees’ 

gesture recognition by applying three machine learning 

algorithms: Random forest, Logistic Regression and Support 

Vector Machine. Electromyography signals were acquired 

from 2 amputated subjects, while performing 6 different hand 

gestures, using the Myo armband sensors. Then 21 features 

were extracted from the signals and fed into the classifiers.  

The results obtained show that all the tested classifiers 

achieved an accuracy higher than 90%. However, the Random 

Forest algorithm achieved the best performance with an 
accuracy rate of 99.2%.   

 

Keywords—EMG, machine learning, gesture classification, 

Random Forest, Logistic Regression, SVM, Myo armband. 

I. INTRODUCTION  

With the growing potential of developing prosthetic 
control, a substantial amount of interest has been dedicated 
to automatic gesture recognition [1]. Pattern recognition is 
considered important because of its ability to enable control 
of multiple degrees of freedom (DoFs) both independently 
and simultaneously [2]. In this research field, utilizing the 
electrical properties of the human nervous system in order to 
link its neural signals to computers is considered one of the 
most challenging approaches [3]. Several biomedical signals 
can be used to achieve this linkage. Biomedical signals such 
as electro-encephalogram (EEG) or electromyography 
(EMG) can be acquired from a specific muscle, organ, or a 
system such as the nervous system [3].  

EMG is an electrodiagnostic medicine technique that 
measures the response of the muscle [4]. It measures the 
electric current generated by the muscle during contraction to 
give a representation of the neuromuscular activity [3]. EMG 
signals can be divided into two types depending on the type 
of sensors used to measure them: surface (sEMG) and 
intramuscular (imEMG). Surface sensors are placed on the 
skin to record the muscle activity in the case sEMG. 
However, invasive sensors, such as needle, is introduced into 
the muscle in the case of imEMG [5].  

EMG signals have practical applications in many fields. 
Particularly, medical and engineering fields. For instance, 
they are used for neuromuscular diagnosis and muscle 
function evaluation in clinical and rehabilitation medicine 
respectively [6]. Engineering applications of EMG signals 
include prostheses development and human-machine 
interaction systems [7], [8].  In most of these applications, a 
natural, intuitive manner of providing a real-time, robust, and 
simultaneous control of multiple DoFs is required. Therefore, 
pattern recognition plays a significant role [2].  

Building a gesture recognition system based on sEMG 
signals often requires 3 main steps: Data acquisition, feature 
extraction, and gesture classification [5]. Data acquisition 
stage is the process of collecting EMG signals from the 
muscles and it can be achieved by using commercial sensors, 
non-commercial sensors or a combination of both [5].  

Due to the fact that EMG signals have some dependency 
on anatomical and physiological properties of muscles, they 
carry some noise while traveling through tissues. As a result, 
analyzing these signals becomes difficult due to their non-
linearity and their large variation [8]. Therefore, feature 
extraction is essential when dealing with EMG signals. It is a 
technique of extracting useful information of the EMG signal 
and removing the unnecessary parts of it in order to reduce 
its dimensionality [4]. Feature extraction methods can be 
divided into 3 main groups: time domain features, frequency 
domain features, and time-frequency domain features [5].  

To reduce the computational complexity,  most of EMG 
studies focused on time domain features [9]–[11]. Time 
domain features are only evaluated based on the signal 
amplitude while it varies with time. In EMG signals, the 
amplitude of the signal varies depending on the muscle 
condition and type. Another advantage of using time domain 
features is that it does not require further signal 
transformation [12]. Examples of time domain features 
include: mean absolute value (MAV), mean absolute value 
slope, slope sign changes (SSC), zero crossing (ZC) and 
waveform length (WL) [13].  

Frequency Domain methods, on the other hand, include 
the signals’ power spectrum density (PSD) and they are 
generally computed by either periodogram or parametric 
methods [12].  The most common examples of frequency 
domain features are power spectrum, frequency histogram, 
mean power and spectral moments [11], [14], [15].   Time-
frequency domain features provide a characterization of 
frequency components at varying times. They, as a result, 
give a non-stationary representation of the analyzed signals 
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[12]. Thus, they combine the advantages of both time and 
frequency     

 

 

 

 

 

 

 

 

Figure 1-Myo armaband surface sensors [16] 

domain features. Wavelet transform is the most used 
technique for EMG analysis [8]. 

For the classification stage, several classification 
algorithms can be used to determine which EMG signal 
belongs to which hand gesture class. Once the features are 
extracted from EMG signals, machine learning classifiers 
can be applied to achieve gesture classifications. In dynamic 
gestures classifications, Hidden Markov Models (HMMs) are 
commonly used and known to have the ability to achieve 
high classification accuracy rates [17] [18].  Due to their 
simple implementation and their high classification rates, k-
Nearest Neighbour (k-NN) classifiers are commonly used for 
static poses [19]. k-NN classifiers for recognition 
applications have been used in [20], [21]. Moreover, Support 
Vector Machines (SVM) [14], [22] and Neural Network 
(NN) [9]–[11] algorithms have been extensively used in 
gesture recognition studies because they require minimal 
data pre-processing [19].  

In this paper, we aim to provide a comparison between 
machine learning based classifiers that are not commonly 
used in literature for gesture recognition then compare them 
to one of the most used gesture recognition classifiers. The 
test will be carried out by performing hand gesture 
recognition on amputated subjects and analyze the 
classification accuracy rates obtained. The classifiers to be 
tested in this paper are Random Forest, Logistic Regression 
and SVM. The gesture recognition system is achieved by 
acquiring EMG data from amputated subjects then extracting 
features from them and lastly performing classification 
techniques to recognize which EMG signal belongs to which 
gesture class.  

II. METHODOLOGY 

A. Experiment protocol 

In this study, Myo armband developed by Thalmic Labs 
was chosen for data collection. Other than the low cost and 
size of this tool, it also benefits from the software kit 
development (SDK) capabilities which allow easy 
communication with the gesture recognition model. The Myo 
armband, shown in Fig. 1, can be worn in the forearm below 
the elbow. The armband consists of eight sensors that sample 
the sEMG signal to 8- bit precision at a frequency rate of 
200Hz. The signal is then communicated to a PC using built-
in Bluetooth Low Energy (BLE) protocol [23]. 

 Myo armband has a wide range of applications in mobile 
phones and personal computers such as music playbacks and 

game control. However, it is extensively used in scientific 
research for the medical and health sectors. Examples of this 
include sign language recognition [24] and prosthetic hand 
control for amputees [25]. The Myo armband is equipped 
with only five distinguishable gestures: wave left, wave 
right,  

 

 

 

 

 

 

 

 

 

double tap, fist, and fingers open [26]. Thus, this study aims 
to use the Myo armband to recognize more complex gestures 
that can be implemented in prosthetic hand control 
applications for upper limb amputees.  

Myo Armband data were collected using the official API 
C++ library and python binding. A python based interface 
tool was built to record and save EMG signals for each user 
as a Comma separated values (CSV) file.  

This study involved recording sEMG signals from 2 
forearm amputated subjects. Data were recorded from their 
left hands. The armband was placed on the arm just below 
the elbow. The subjects were asked to perform 6 different 
classes of gestures in the same order. Chosen gesture classes 
are depicted in Fig. 2.  

B. Feature Extraction  

Feature extraction is the process of compressing the 
dimensionality of the data and discarding irrelevant 
information. In order to apply classification algorithms to 
sEMG signals, time and frequency domain features were 
extracted. The total number of extracted features of the 
recorded EMG signals, in this case, was 21 features, 
including 17 time domain features and 4 frequency domain 
ones. These features are illustrated in the Tables I and II 
representing time and frequency domain features 
respectively.  

TABLE I.  TIME DOMAIN FEATURE EXTRACTED SIGNALS 

Feature Abbreviation Reference  

Integrated EMG IEMG  [27] 

Mean Absolute Value MAV  [27] 

Root Mean Square RMS  [27] 

Variance VAR  [27] 

Waveform Length WL  [27] 

Skewness SKEW  [28] 

Kurtosis KURT [28] 

Zero Crossing ZC [27] 

Wilson Amplitude WAMP [27] 

Standard Deviation SD [29] 

V-order V [27] 

Maximum Amplitude MAX [30] 

Difference Absolute DASDV [27] 

 

 

Figure 2-Hand gesture classes used 
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Multiple Hamming 

Windows 
MHW [27] 

Multiple Triangular 

Windows 
MTW [27] 

Simple Square Integral SSI [27] 

LOG Detector LOG [27] 

 

TABLE II.  FREQUENCY DOMAIN FEATURE EXTRACTED SIGNALS 

Features  Abbreviation  Reference  

Mean frequency  MNF  [27] 

Mean power frequency  MNP  [28] 

Peak frequency  PKF  [27] 

Total power  TTP  [27] 

 

C. Gesture Classification  

The classifier models chosen for this study were Random 
Forest, Logistic Regression, and SVM. Random Forests can 
be defined as a combination of tree predictors that all have 
the same distribution in the forest. However, each tree 
depends on a value of random vector that is sampled 
individually [31]. The generalization error in Random Forest 
classifiers depends on the strength of individual trees and the 
correlation between them.  

In classification tasks, Random Forest models are 
effective when applied to large datasets [32]. It offers a 
highly accurate classifier that has the ability to learn very 
fast. Introducing the randomness element while creating the 
decision trees reduces the problem of over-fitting [32]. 
Random Forests are applicable for classifying data such as 
gestures. Since these types of data can be noise sensitive, 
Random Forests have been proven to be robust to noise. 
They also give a good generalization to variations in data 
[32].  

Estimation of linear models to the probability of classes 
is applied in Logistic Regression [33]. Logistic regression 
models binary dependent variables through a logistic 
function. The logistic regression model is quite stable, but it 
can extract linear patterns in data. However, using 
polynomial features engineering, nonlinear decision 
boundaries and pattern can be extracted [34].  

SVMs are classified as supervised learning models which 
take the training samples and separate them into two 
different classes with a maximum marge between them [23]. 
Because of the maximum marge, SVM has high 
generalizability. SVM classifier has been extensively 
implemented for bio-signals processing due to their 
robustness with non-stationary data [35]. Furthermore,  SVM 
is a versatile algorithm and performs well when working 
with high dimensional spaces [36].  

III. RESULTS 

In this section, the results obtained from the three tested 
models are provided to validate their classification rates. 
Confusion matrices of each classifier’s results are also 
provided. It gives a comparison of the models’ Classification 
Accuracy (CA), F1 score and precision.  

The EMG data were acquired from the 2 amputated 
subjects by asking them to perform the 6 different classes of 

gestures illustrated in Fig. 2. The gestures were performed at 
the same order as it is represented in the figure and the 
gesture classes were labeled from 0 to 5. The following step 
was to perform feature extraction on the collected data. As 
explained earlier, the Myo armband acquires EMG signals 
using 8 sensors. Therefore, 21 features were extracted from 
each sensor’s signals separately. This has resulted in a total 
number of 168 features for 630 recorded instances.  

Feature vectors consisting of the EMG information are 
then fed into the classifiers. Train/Test split technique has 
been used to evaluate the systems’ performances. Train\ test 
split method mainly divides the data into training and testing 
subsets. In this study, approximately 80% (500 instances) of 
the data recorded from the amputee subjects were used as a 
training set. Whereas, 20% (130 instances) of it was used for 
testing the performance. 

A. Performance of Random Forest 

Table III represents the confusion matrix of the Random 
Forest algorithm for EMG based gesture recognition.  In this 
Table and the following ones, the numbers from 0 to 5 
represent the gesture classes shown previously in Fig. 2. It 
can be seen from the matrix that out of the tested 130 
instances, 129 were classified accurately. This gave an 
overall accuracy of 99.2%. The only one instance that was 
not predicted accurately was gesture class 4 that was 
predicted as gesture 3.  

TABLE III.  CONFUSION MATRIX OF RANDOM FOREST CLASSIFIER 

Predicted/ Act 0 1 2 3 4 5 sum 

0 24 0 0 0 0 0 24 

1 0 16 0 0 0 0 16 

2 0 0 23 0 0 0 23 

3 0 0 0 26 0 0 26 

4 0 0 0 1 17 0 18 

5 0 0 0 0 0 23 23 

sum 24 16 23 27 17 23 130 

 

B. Performance of Logistic Regression 

Logistic Regression classifier’s performance is assessed 
through the confusion matrix illustrated in Table IV. From 
the table, it can be concluded that this classification 
technique represented a high recognition rate (approx. 95%) 
as 123 instances out of the 130 tested were predicted 
correctly. In this case, more instances were not predicted 
correctly in comparison to the Random Forest classifier. 
Nevertheless, the number of the wrongly predicted instances 
per each class did not exceed 2 instances.  

TABLE IV.  CONFUSION MATRIX OF LOGISTIC REGRESSION CLASSIFIER 

Predicted/ 

Actual 

0 1 2 3 4 5 sum 

0 24 0 0 0 0 0 24 

1 0 14 0 0 0 2 16 

2 0 0 21 0 2 0 23 

3 0 0 0 26 0 0 26 

4 0 0 1 0 17 0 18 

5 0 1 0 1 0 21 23 

sum 24 15 22 27 19 23 130 
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C. Performance of Support Vector Machine (SVM) 

The results obtained from applying gesture recognition 
on SVM classifier are illustrated through the confusion 
matrix represented by Table V. As seen from the Table, 9 
instances were not predicted accurately out of the 130 
instances test set. This gives an average accuracy of 93% 
across the gesture classes. 7 out of the 9 inaccurately 
predicted classes were across gesture class 5. This suggests a 
quite large confusion between gesture 5 and 1 which was not 
the case when the other classifiers were evaluated.  

TABLE V.  CONFUSION MATRIX OF SUPPORT VECTOR MACHINE 

CLASSIFIER 

Predicted/ Act 0 1 2 3 4 5 sum 

0 24 0 0 0 0 0 24 

1 0 16 0 0 0 0 16 

2 0 1 22 0 0 0 23 

3 0 0 0 26 0 0 26 

4 0 0 1 0 17 0 18 

5 0 7 0 0 0 16 23 

sum 24 24 23 26 17 16 130 

 

D. Comparison of the Performance of the three models 

Table VI provides a comparison of the performance of 
the three different classifiers in classifying gestures of 
amputated subjects. The metrics to assess the systems’ 
performance are, as shown in the Table. 

Accuracy can be expressed as the ratio of the precisely 
predicted gestures to the total number of gestures evaluated. 
Accuracy is considered as one of the most intuitive measures 
of the models’ performance when datasets are symmetric. 
However, in  case of non-symmetric datasets, other measures 
of system performance such as precision and recall are also 
needed [33].  

Precision can be defined as the ratio of positive 
observations predicted correctly to the total number of 
positive observations. While recall represents the ratio of 
correctly predicted positive observations to the total number 
of observations in a class [33].  

F1 score provides a balance between accuracy and 
precision. It considers the false negative and false positive 
observations. F1 can be a better measure than accuracy when 
the data used are unevenly distributed [33].  

True Positives are when the value of the predicted class is 
yes and the actual value of the class is yes. So they are the 
positive values that have been predicted correctly. While 
True Negatives are when the predicted value of the class is 
no and the actual class value is also a no. False Positives and 
Negatives are when the actual class does not match the 
predicted class. False Positive is when the predicted class is 
yes while the actual class is no. A false negative is when the 
predicted class is no but the actual class is yes [33]. 
Expressions evaluating accuracy, F1 score, precision, and 
recall can be given as:  

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑡𝑟𝑢𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒+𝑡𝑟𝑢𝑒 𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒

𝑡𝑜𝑡𝑎𝑙 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 


𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑡𝑟𝑢𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒

𝑡𝑟𝑢𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒+𝑓𝑎𝑙𝑠𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒 


𝑅𝑒𝑐𝑎𝑙𝑙 =  
𝑡𝑟𝑢𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒

𝑡𝑟𝑢𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒+𝑓𝑎𝑙𝑠𝑒 𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒


𝐹1 𝑠𝑐𝑜𝑟𝑒 =  2 ×
𝑟𝑒𝑐𝑎𝑙𝑙 × 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛

𝑟𝑒𝑐𝑎𝑙𝑙+𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛


As seen from Table VI, Random Forest classifier has 
achieved the best gesture recognition rate for all performance 
metrics. Logistic Regression and SVM classifiers do not 
significantly differ from each other. However, Logistic 
Regression achieved better accuracy and F1 score than SVM, 
while SVM had a slightly higher precision.   

Another method of assessing the systems’ performance is 
to analyze their error rates with regards to the gesture classes. 
This is illustrated in Table VII. It can be noticed that gestures 
0 and 3 were accurately predicted by all the tested classifiers. 
These two gestures represent, as shown in Fig.2, the resting 
hand position, and rock. As the same posture is taken by all 
fingers in these gestures, their signals were different than the 
other gestures. Therefore, there was no confusion in 
recognizing them by all classifiers. However, SVM had a 
quite significant error rate in evaluating gesture 5. 30% of the 
tested instances were predicted as gesture class 1. This had 
caused the model accuracy to drop and proved the poor 
performance of this classifier in comparison to the previous 
two. 

TABLE VI.  PERFORMANCE COMPARISON OF THE CLASSIFICATION 

METHODS 

Method Accuracy F1 Precision 

Random Forest %99.2 %99.2 %99.3 

Logistic Regression %94.6 %94.6 %94.6 

SVM %93.1 %93.2 %95.1 

 

TABLE VII.  ERROR RATES OF CLASSIFIERS WITH REGARDS TO 

GESTURES 

Model/ Class RF LR SVM 

0 0 0 0 

1 0 2 0 

2 0 2 1 

3 0 0 0 

4 1 0 1 

5 0 1 7 

 

IV. CONCLUSION 

In this paper, we carried out research comparing the 
performance of machine learning based algorithms on 
performing gesture recognition on amputated subjects. Three 
algorithms were tested: Random Forest, Logistic Regression 
and SVM. In this study, the Myo armband was used to 
acquire the EMG signals from the subjects. A total of 21 
features were extracted from the signals and then used as an 
input for the machine learning classifiers. The results 
obtained from the data show that all the three classifiers are 
able to achieve gesture recognition of amputated subjects 
with accuracy rate higher than 90%. For a testing set of 130 
instances, Random Forest classifier had the capability of 
achieving the highest accuracy rate which is 99.2%. The 
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accuracy rate of Logistic Regression gets into 94.6%, where 
SVM has achieved an accuracy of 93.1%.  
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