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Abstract 
 
 The connection between the human body and science is still growing exponentially. The human body has many 
mysteries. The more we learn about them, the better we improve our scientific perspectives. In this case, the analysis of 
EMG (Electromyographic) signals gives the possibility the use the EMG data to perform classification tasks. Machine 
Learning models and Neural Networks are the best tools to classify different hand gestures using the dataset. This work 
aims to analyse the characteristics of EMG signals and use the EMG dataset to perform different ML models. The results 
will be used in robotic fields and control systems as future work. In this project, the Python programming language is 
used. The dataset was recorded using an MYO Thalmic bracelet. The number of instances is about 40000-50000 
recordings in each column (channels). There are six different hand gestures tasks recorded in the dataset that are; hand 
clenched in a fist, wrist extension, wrist flexion, hand radial deviations, hand ulnar deviations, hand extended palm. The 
study of ML models and using gestures to control robotic devices could be useful in industrial spheres. A person may use 
a forearm bracelet to use it in industrial operations. Another purpose of this paper is; helping people who lost their hands. 
With the help of robotic arm plugged-in to their fore-arm and EMG device, they might be able to perform several hand-
gestures. 
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1. Introduction  

 

Electromyography is a unique field to understand and evaluate the electrical activity produced by skeletal muscles. 

Thanks to today’s knowledge and technology it is not a secret how do our neurons and muscles work during our daily 

life. Using Electromyography, and Machine Learning, the project aims to analyse theoretical concepts of muscles and 

Electromyography and apply Machine Learning algorithms and make comparisons.  
The medicine field has significant improvements to understand our bodies. It is not a myth or magic to control robotic 

equipment, systems using our hand gestures. It is discovered that the human body creates many unique signals to control 

its actions. These signals can be depicted as the “language” in the human body. The human brain keeps talking to our 

hands, arms, legs, or organs all the time. Today, with the help of many kinds of research it is likely to get this language 

with the help of signal processing technology and instruments and transform them into machine understandable language. 
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Therefore in this project, it was possible to use Electromyography Dataset based on the human body language then 

classify the hand gestures using Electromyography signals. The Supervised Machine Learning algorithms were used to 

classify those activities and give us classification based on our gestures.  

The project has significantly high accuracy results therefore, it is possible to use the Machine Learning approach in 

other systems. Three different algorithms were compared after analysing muscles and Electromyography. The results may 

be new technical solutions to perform better classifications between six different hand gestures. 

It is aimed to use and test the results in Cyber-Physical Systems as future work. Using Medicine researches combined 

with Machine Learning technologies, Human-Computer Interaction systems will be created. 
 

2. Literature Review 

 

There are more than 430 skeletal muscles paired on the right and left sides of the body. Even the most demanding 

movements are produced by fewer than 80 pairs. Muscles provide strength and protect the skeleton from destructive 

impacts, absorb jolts, allow the movement of bones with joints, and help maintain body posture against loads. These 

features are usually manifested by muscles that work in groups rather than a single muscle. The figure below indicates 

the relaxation and contraction conditions in muscles: 

 

  
 

Fig. 1. Relaxation and Contraction in muscles, Figure is taken from [10] 

 

Position of I, A, and H bands when relaxed. First, the fibers partially cover the ends of the thick fibers and are stuck 

to the Z-lines. B. Contraction condition. It is seen that the actin fibers are shifted from both sides of the myosin fibers 
towards each other. There is no change in the lengths of thick and thin fibers. However, the length of the sarcomere has 

decreased from 2300 nm to 1500 nm. Two types of myofilaments are thick and thin. They are protein strands in muscle 

tissue that provide contraction and relaxation, which is the most important feature of muscle tissue. These muscles appear 

striated under the microscope because of their regular alignment in the striated (skeletal) muscle and cardiac muscle. 

Andrew Huxley and his team introduced the sliding Filament theory. According to this theory: the myosin (thick) 

filaments of muscle fibers slide past the actin (thin) filaments during muscle contraction, while the two groups of filaments 

remain at a relatively constant length. The keystone of the sliding mechanism is calcium ions (Ca2 +) that initiate and end 

the contraction process. Muscle contraction begins when calcium is used as the contraction element and ends when 

calcium transport is stopped. The functioning of the mechanism is based on the electrical events generated by usable 

calcium ions in the muscle membrane (sarcolemma) [10]. 

Therefore, the action potential in sarcolemma generates the electrical signal necessary for the contraction to start [10]. 

The chemical dimension of the contraction mechanism triggered by the electrical signal is known as the arousal-
contraction pair. 
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Fig. 2. The related area (forearm) and the muscle structure with neurons 

 

Neuro physiological experiments have revealed neural correlates of many arm movement parameters, ranging from 

the spatial kinematics of hand path trajectories to muscle activation patterns. The levels of the motor readiness field and 

particularly the motor field in sensors positioned over the sensory-motor complex of the cerebral hemisphere contralateral 
to the hand performing the movement were entirely consistent [8]. The motor cortex controls the intentional movement. 

In this project, forearm gestures were performed intentionally. The signal comes from the motor cortex area in the brain 

[8] [13] afterward, travels through the neuron system (alpha motor neurons), and reaches to the responsible muscle 

connection. In neurology, the term motor neuron classifies the nerve cells (neurons) found in the central nervous system 

(CNS) and directly or indirectly control the muscles. Axons in the CNS transmit information to other nerve cells [12]. 

Motor neurons transmit signals from the spinal cord to the muscles to perform the movement. The connection between a 

motor neuron and muscle fiber is a special synapse called a neuromuscular junction. Depending on the adaptation 

stimulation, the motor neuron causes an overflow of neurotransmitters holding the synaptic receptor and the muscle fiber 

to react by shaking [12]. 

The working mechanism of the nerve-muscle junction [11]: Neural stimulation to the end of the alpha-motor nerve 

(1), voltage-gated calcium channels in the membrane at the tip of the nerve open, and calcium enters the cell (2). Incoming 
calcium, secretion containing acetylcholine (Ach) vesicles, and move their contents into the synaptic space (thin between 

nerve and muscle) into space) (3). Released Ach in the membrane of the opposite muscle cell It is also a cation channel, 

attaching to Ach receptors located enables receptors to open; this way, while Na enters the cell, some K cells goes out 

(4). Thus, the muscle cell is depolarized. Depolarization across the membrane (5), by spreading voltage-gated fast sodium 

channels located in adjacent areas. It causes the muscle cell to open and create an action potential (6). Formed the action 

potential then travels across the membrane to effect the contraction. This meanwhile, ACh-esterase, an enzyme found in 

the muscle cell membrane, rapidly absorbs ACh molecules. It removes its effectiveness by breaking down and reduces 

the efficiency of ACh molecules, mainly choline. The building blocks are taken back into the nerve cell to be used in ACh 

production again. (7) Figure 3 indicates the steps with numbers (). 
EMG measures muscle response or electrical activity. The activation starts in the brain (motor cortex) [8]. The motor 

cortex creates the required signals to perform muscle movements. The EMG tests can be used to detect muscular 
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abnormalities as well as to create a Human-Computer-Interface. To receive the signals, at least one or more electrodes 

are connected around the forearm. (Surface EMG) The electrical activity picked up by the electrodes is then displayed on 

a device (oscilloscope). EMG measures the electrical activity of muscle during rest, slight contraction, and forceful 

contraction. In many cases, muscle tissue does not create electrical activity during rest. An electromyograph is made out 

of four components: the pre-amplifier, the transmitter-receiver couple, the hardware filters, and the analog-to-digital 

(A/D) [9]. The s-EMG plot is a graph of the differential voltage detected by the electrode pair plotted versus time [9]. In 

this project, the data is recorded in numerical format. The device that measures EMG signals is called an electromyograph, 

Electromyography is the electro-diagnostic technique and, the record created by electromyograph is electromyogram. 
Disposable electrodes generally used for s-EMG detection during motion are made out of a metallic part in Ag-Ag-Cl 

(electrodes) [9]. They are covered by an adhesive conductive gel (electrolyte) and surrounded by a plastic cap [9]. Machine 

Learning is effective when there is structured data (supervised) to perform learning. After implementing algorithms, ML 

can solve clustering, classification, or regression problems. In this project, it was a multi-class classification task. 

 

 
 

Fig. 3. The nerve-muscle junction and related areas [11] 
 

3. Methods & Materials 
 

1.1. EMG Device 

 

The MYO armband Thalmic Labs placed on the forearm was used to record the data. And this device integrates eight 

s-EMG sensors and an inertial measurement unit (IMU). It samples s-EMG with 8bit precision at 200Hz and transmits 

the result to PC wirelessly using Bluetooth Low Energy (BLE) protocol [1]. To collect, process, and manage the database 

of received s-EMG. It has its graphical user interface (GUI) and interfaces signal processing, experiment planning, and 

Database management. Surface EMG (s-EMG) is the technique in which electrodes are placed on the skin overlying a 

muscle to record or get the electrical activity of muscles. The dataset and this article are based on s-EMG data. 

The Dataset [7] used in this project has around 40000-50000 recordings for each trial; it is numerical and supervised. 
For recording patterns, MYO Thalmic bracelet was worn on the user’s forearm, and a PC with a Bluetooth receiver. The 

bracelet is equipped with eight sensors equally spaced around the forearm that simultaneously acquire myographic signals 

[7]. Signals are transferred through a Bluetooth interface to a PC. Therefore the Dataset has its classes for seven different 

hand gestures represented with numbers as follows: 

0 - unmarked data, 1 - hand at rest, 2 - hand clenched in a fist, 3 - wrist flexion, 4 -wrist extension, 5 - radial deviations, 

6 - ulnar deviations, 7 - extended palm [7]. Therefore each number represents a specific gesture saved in the dataset. To 

apply machine learning algorithms, data is suitable for pre-processing, considerably clean (almost no pre-processing 

techniques required). More importantly, 36 different datasets were recorded from different subjects. To make comparisons 

and ensure the quality of machine learning techniques, at least three different datasets were used. 
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Fig. 4. The MYO armband, tools for the connection and usage placed on the forearm 

 

 
 

Table 1. The dataset structure, channels, time and the target class 
 

1.2.Machine Learning Algorithms 
 

In this project, three different Machine Learning methods were used. Those are XGBoost, Random Forest, and Deep 

Neural Network. Ensemble Learning techniques (XGBoost and Random Forest) were used because of their high 
performance and high tolerance against overfitting. 

As a definition; Ensemble learning combines several base models to produce one optimal predictive model. Today 

Industry 4.0 offers many challenging situations using big data [14]. Ensemble models in machine learning combine the 

decisions from multiple models to improve the overall performance. The first ML algorithm for the experiment is Random 

Forest. Random forests form a family of methods that consist of building an ensemble (or forest) of decision trees grown 

from a randomized variant of the tree induction algorithm (as described in Chapter 3). Decision trees are indeed ideal 

candidates for ensemble methods since they usually have low bias and high variance, making them very likely to benefit 

from the averaging process [2]. Random forest involves constructing a large number of decision trees from bootstrap 

samples from the training dataset [3]. After a large number of trees are created, they vote for the most popular result 

(class). The procedure is called as Random Forests. 
The other chosen algorithm was the XGBoost algorithm that is another model in the field of Ensemble Learning. 

XGBoost is based on Decision Trees, it is an ensemble Machine Learning algorithm that uses a gradient boosting 
technique. The algorithm is chosen according to its original research paper [4] and results on tabular data. The s-EMG 

dataset is also a tabular data which means, XGBoost is a valid variation as an algorithm. XGBoost is a special 

implementation of the Gradient Boosting, therefore the original name is Extreme Gradient Boosting. 
XGBoost applies the principle of boosting weak learners using gradient descent architecture. In this case, the Random 

forest is a bagging technique and XGBoost is a boosting technique. Therefore two different ensemble learning techniques 

were applied. The random forest takes votes of the similar or same implementations XGBoost on the other hand, improves 

the weights of the model. Each model, in this case, is influenced by the previous implementation. 
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Fig. 5. Tree boosting (Random Forest) is a highly effective and widely used in machine learning 

 

 
 

Fig. 6. The visualization of XGBoost implementation 
 

The third approach to the problem was the usage of a Deep Neural Network. Neural Networks may give acceptable 

results especially when the Data-set is big enough. Before a neural network can be used for the required problem or task, 

it must be trained. The learning is based on given rules and data. After 500 epochs of the training, the neural network 

weights the connections of the neurons afterward, it develops patterns, relations which also means intelligence. The 

learning rules depends on how the learning material changes the neural network iteratively. Therefore the Neural Network 

learns how to connect the weights and relations according to its neurons properly.  
The RELU (Rectified Linear Units) activation function is used in input and hidden layers. The advantages of using 

RELU are: it converges faster than traditional activation functions (tanh, sigmoid), and more particularly; RELU is non-

saturation of its gradient, which means it accelerates the convergence of stochastic gradient descent [6]. Therefore RELU 

is used as the main activation function of neurons. The Softmax gives at least a minimal amount of probability to all 
elements in the output vector [5]. The output values are between zero to one. Because of being able to generate any value 

between zero and one, Softmax is a perfect activation function when it comes to multi-class classification. Therefore in 

the output layer, the Softmax function is used. 
The shape of the neural network is related to the number of features, in this case; the dataset has nine features for the 

model evaluation and training, thus the Neural network starts with nine input neurons, two hidden layers with 18 hidden-

layer units(nodes), and nine output units. Below in figure, the generated Neural Network summary is shown (python 

programming). 
 

W
or

kin
g P

ap
er

 of
 31

st 
DAA

AM
 S

ym
po

siu
m



31ST DAAAM INTERNATIONAL SYMPOSIUM ON INTELLIGENT MANUFACTURING AND AUTOMATION 

 

 
 

  
 

Fig. 7. The structure of the Neural Network of the project 
 

4. Results 

 

The muscle structure and principles of contraction and relaxation were analysed. According to this information, The 

Sliding Filament Theory was described. The movement of thick and thin filaments was analysed. Calcium ions (Ca2+) 

play a significant role during the contraction process. As soon as calcium transport stops, the contraction also stops. As a 

result, electrical events are generated by calcium ions in the muscle membrane.  
The signals from the brain (motor cortex area) control the specific hand movements. The alpha motor neurons are 

transmitting the signal through neurons and reaching to the connected muscle. The nerve cells were placed on the Central 

Nervous System. Afterward, the working mechanism of the nerve-muscle junction was shown and described step by step. 

  The principles of s-EMG were described from the beginning (motor cortex) to the required muscle. The components 

were shown and analysed. The terminological definitions were explained. 
The principles of AI were studied. The possibilities of AI were analysed [15]. The Machine Learning models were 

used to get results. The six different hand gestures tasks recorded in the dataset that are; hand clenched in a fist (1), wrist 

extension (2), wrist flexion (3), hand radial deviations (4), hand ulnar deviations (5), hand extended palm (6). The hand 

gestures are shown in Fig. 8. 
 

 
 

Fig. 8. The hand-gestures in the dataset 

W
or

kin
g P

ap
er

 of
 31

st 
DAA

AM
 S

ym
po

siu
m



31ST DAAAM INTERNATIONAL SYMPOSIUM ON INTELLIGENT MANUFACTURING AND AUTOMATION 

 

 
 

In the dataset, the gestures are represented by the same numbers as well. The only difference is the 0 in the target 

column indicates the unmarked data. There are three different ML models were used. XGBoost and Random Forest 

algorithms were implemented. The algorithms were explained in the Methods and Materials section. The accuracy and 

confusion matrix is shown below for both algorithms, see Fig. 9. 
A deep neural network was used. The structure and details of the built neural network where indicated in the methods 

and materials section. The neural network with 0.01 learning rate, ADAM optimizer, and sparse categorical cross-entropy 

loss function gives the following results with 97% accuracy on the EMG dataset for multi-class classification. The dataset 

was split into the test and training set and, the percentage was 80% training set and 20% test set. 
 

  
Fig. 9. The results of the algorithms for testing 

 

 
Fig. 10. The final five epochs of the training and the results (accuracy and loss) of the DNN 

 

 

5. Discussion 
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The muscular activity in the human brain is analyse. Respectively, the Motor cortex sends the signal via alpha motor 

neurons to the required forearm muscle. During muscle activities, individual signals are created, and using the s-EMG 

device, signals are collected and used for ML algorithms as a dataset. All three algorithms in the experiment have 

successfully classified the dataset. The EMG data was relatively easy to perform classification. EMG is the strongest of 

the signals produced by the human body. The amplitude of the sign can be up to 1-2 volts in some individuals. Therefore 

the dataset created by the signals was significant enough to have high accuracies. All three accuracies were over 95%. 

Random forest and XGBOOST gave over 99% accuracy. The result of the Neural Network, on the other hand, was 97% 
accuracy. But according to the NN results, there might be better regularization techniques to use in the future. The model 

accuracy and the model loss graph shows the instability during training (during 500 epochs). The dataset is big enough to 

experiment with more different algorithms such as Support Vector Machine, different Neural Network architectures, and 

a Recurrent Neural Network to analyse and compare the results. 

After successfully classifying six different hand gestures, and having high accuracies from particular models, each 

model might be used in robotic systems to classify the incoming real-time EMG signals from the forearm. The Signals 

could be interpreted and pre-processed. Afterward, using ML algorithms, robotics, industrial devices can be controlled 

using EMG signals and ML models. For future work, other algorithms will have experimented and the model will be 

tested using Cyber-Physical Systems [16]. 

 

6. Conclusion 

 
In conclusion, muscles in the human body work together to perform movements or actions. Muscle movements depend 

on relaxation and contraction mechanism. The action command comes with the alpha motor neuron and triggers chemical 

activity around the nerve-muscle junction. The procedure creates the action potential to perform gestures or actions using 

our muscles. EMG activity can be used to determine the unique hand gestures. The muscular activity generates individual 

signals thus, it is possible to detect specific hand gestures. The EMG signals are clear enough to perform multi-class 

classification using Machine Learning algorithms. The classification accuracies are significantly high enough to use the 

model in real-time equipment. In the future, the Machine Learning model will be tested using Cyber-Physical and control 

systems. Finally, the EMG signals can be used to develop artificial intelligence to mimic hand gestures. 
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