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DEVELOPMENT OF A GRIP FORCE

RECOGNITION SYSTEM BASED
ON EMG SIGNALS AND NEURAL
NETWORKS

The object of research is a bionic prosthesis control system that uses EMG signals read using the MYO bracelet, as well as feedback
sensors to determine the grip force. In the context of the development of modern bioengineering and neurotechnology, this system is
aimed at ensuring accurate and adaptive control of the prosthetic hand, taking into account the user’ intentions.

The problem considered in the research is to recognize the grip force of a bionic hand based on EMG signals and transmit feedback
to the user. Special attention is paid to the use of a deep neural network for classifying force levels and developing a real-time signal
processing technique. The task is to create a stable and user-friendly grip control system.

The essence of the results obtained is to create an experimental system that classifies the grip force of objects with a bionic hand with
high accuracy (95%). The system is based on a neural network with a two-layer autoencoder, trained on labeled and unlabeled data.
To improve the accuracy of the model, the temporal characteristics of EMG signals were used: MAV, RMS, SD and WL.

The results are explained by effective biosignal processing and machine learning. The division of force into 8 levels and the use of
a fuzzy controller ensured stable control of the grip and the transfer of information to the user via vibration feedback. The system was

successfully tested in real time.

The innovation lies in the integration of the MYO bracelet, force sensor and FSR with deep learning. This provides accurate force
classification and natural feedback, which increases controllability and ease of use.

The use of the system provides new opportunities in prosthetics: it more accurately conveys the user’s intentions, reduces errors and
increases comfort. The results have the potential for clinical implementation to improve modern prostheses.
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1. Introduction

The development of intelligent prosthetic systems has garnered
increasing attention due to its significance in both clinical rehabilitation
and human-machine interaction. These systems are especially useful
for restoring functionality to people with limb loss. They provide im-
proved control and sensory feedback, which increases the usability of
prosthetic devices. In modern prosthetic hand control, various methods
based on electromyographic (EMG) signals have been developed. These
methods are often combined with machine learning algorithms to en-
sure fast response and adaptability in real time.

In this research, a multi-component system was proposed that in-
tegrates the MYO armband for capturing surface EMG signals from the
forearm muscles, a six-axis force sensor for measuring grip intensity, and
aforce-sensitive resistor (FSR) mounted on the fingertip to enhance tactile
feedback. Vibration-based feedback is employed to convey grip strength
back to the user’s arm, closing the loop for a more intuitive interaction.

The EMG signals are processed using a deep neural network (DNN)
equipped with a two-layer autoencoder structure. This configuration
is designed to classify grip force into eight discrete levels ranging from
0 to 40 newtons. The discretization of force enables more stable con-
trol, as continuous values tend to produce signal instability and erratic
feedback responses. Feature extraction is based on time-domain charac-

teristics such as mean absolute value (MAV), root mean square (RMS),
standard deviation (SD), and waveform length (WL), which collec-
tively capture the signal’s amplitude, complexity, and dynamic behavior.

The current work extends this concept by integrating force feed-
back and fuzzy control to enable adaptive grip modulation. In contrast
to methods relying on image processing or electric impedance tomog-
raphy (EIT), the proposed system maintains non-invasiveness while
delivering high classification accuracy.

The experimental setup involved collecting synchronized EMG
and force data from participants performing three-finger pinch gestures
across predefined force levels. Data were segmented using overlapping
sliding windows, allowing for high-resolution signal processing. The
DNN was trained using labeled datasets, achieving an average clas-
sification accuracy of 95% in real-time testing scenarios.

From a practical standpoint, the proposed methodology offers sev-
eral advantages for adaptation in Ukrainian clinical and engineering
contexts. Its reliance on commercially available hardware and efhcient
machine learning architecture enables feasible deployment in domes-
tic medical facilities. Furthermore, the ability to relay tactile feedback
without requiring invasive sensors or complex imaging systems makes
it suitable for rehabilitation and assistive robotics applications.

However, certain challenges remain. The system’s performance may
depend on proper skin preparation and sensor positioning, which could
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affect reproducibility under less controlled conditions. Nevertheless, the
flexibility of the DNN framework and the modular design of the sensing
components provide strong potential for further development.

Overall, the findings underscore the viability of applying deep
learning to EMG-based prosthesis control, particularly when com-
bined with intuitive feedback mechanisms. Such systems may serve as
a foundation for future efforts aimed at improving the functionality,
responsiveness, and user experience ofnext-generation prosthetic de-
vices in Ukraine and beyond.

The development of bionic prosthetic control systems based on
electromyographic (EMG) signals has been actively studied in recent
years. [1, 2] have shown the effectiveness of using deep recurrent neural
networks to predict and simultaneously control joint positions and
grip force. However, these models, although they demonstrate high
accuracy, often require significant computational resources, which
complicates their implementation in real time.

Papers [3-5] present methods for continuous estimation of grip
force using various neural networks, including generalized regression
networks. However, in practice, the accuracy of these methods de-
pends on the stability and quality of the signal, which can deteriorate
when the position of the sensors or the physiological parameters of
the user change.

Papers [6, 7] emphasize the importance of simultaneously sensing
hand posture and grip force to improve prosthetic functionality, but
most systems lack haptic feedback to help the user control force more
accurately. At the same time, [8, 9] consider the integration of force
sensors and vibration feedback to improve the user experience, but
such approaches have not yet been sufficiently explored in the context
of everyday prosthetic use. There is also the problem of generaliz-
ability of models - the variability of EMG signals between different
users and changes in the same user over time make it difficult to apply
universal solutions. As noted by [10, 11], adaptive neural networks
with the ability to learn may be the key to overcoming this problem,
but the methods for their implementation have not yet received wide-
spread practical application.

The aim of the research was to create a system for accurate rec-
ognition of the grip force level of a prosthetic hand based on surface
electromyography (sSEMG) signals in real time. The challenge was to
develop an efficient method for classifying discrete grip force levels,
which would allow for stable control of the prosthesis and tactile feed-
back to the user. An important task was to overcome the instability
when working with continuous force values and adapt the system to the
limitations of the feedback device, which works with fixed force levels.

2. Materials and Methods

The object of research is the process of controlling
and estimating the grip force of a prosthetic hand

nals were extracted using a sliding window approach (50 ms window
with 25 ms overlap), which is commonly used for real-time biomedical
signal processing.

Machine learning method: A supervised machine learning approach
was applied using a deep neural network (DNN) with a two-layer
autoencoder for classification. The model was trained in two stages:
unsupervised feature extraction from unlabeled data, followed by su-
pervised classification using labeled force data. Regularization tech-
niques (sparsity penalty) and the backpropagation algorithm were used
to improve generalization and prevent overfitting.

Comparative analysis: The performance of the proposed discrete
force classification method was compared with continuous force esti-
mation approaches described in related studies. The analysis demon-
strated that the discretization method provides greater control stability
and is more suitable for real-time applications with limited hardware
capabilities.

Software-based simulation and testing: The system was implement-
ed using Python and TensorFlow, and real-time testing was conducted
to evaluate accuracy, responsiveness, and usability. A prototype pros-
thetic hand controlled by the model was used to validate real-world
functionality.

These combined methods ensured that the results were not only
computationally valid but also grounded in real-world user interaction,
providing a comprehensive evaluation of the prosthesis control system.

The system consists of several main components that operate in
real time.

The first component is the MYO armband [1], which records sur-
face electromyographic signals from the forearm muscles. This device
was chosen due to its portability, non-invasive nature, and the ability to
capture multichannel sSEMG data without the need for gel electrodes.
Compared to traditional EMG systems with wired electrodes, the MYO
offers ease of use and user comfort, which is important for prosthesis
users in everyday environments.

The second component is a six-axis force sensor, which measures
the actual grip force applied to an object. It was selected for its high
precision and ability to capture multi-directional forces, allowing for
reliable ground-truth data during the training of the model. Compared
to simpler FSRs, the force sensor provides more accurate and linear
force measurements, which are critical for model validation. The system
block diagram is presented in Fig. 1.

To increase the user’s sensitivity and precisely control the grip force,
a force-sensitive resistor (FSR) [2] is installed at the fingertip. FSRs
are cost-effective and compact, allowing for real-time tactile feedback
implementation. While FSRs are less accurate than full-scale force sen-
sors, their integration into the fingertip is practical for lightweight,
embedded feedback applications.

Vibration

based on surface electromyography (sSEMG) signals.

This research employed a combination of ex-
perimental, computational, and analytical research
methods:

Experimental method: A series of controlled
laboratory experiments were conducted with hu-
man participants to record surface electromyogra-
phy (sSEMG) signals and corresponding grip force
values. The experimental protocol was standardized
to ensure reproducibility and to minimize the in-
fluence of external variables such as fatigue, sensor
placement variance, and ambient conditions.

Empirical data collection and signal processing:
SEMG signals were collected using the MYO arm-
band, and grip force was measured using a six-axis
force sensor. Time-domain features of the EMG sig-
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Fig. 1. System block diagram
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A vibration device is used to transmit the grip force level back to
the user’s hand in the form of tactile feedback. This method was chosen
over visual or auditory feedback due to its intuitive nature, lower cogni-
tive load, and suitability for real-time closed-loop control, especially in
noisy environments or when vision is obstructed.

Signal processing is performed using a deep neural network (DNN) [3],
which classifies the grip force into several discrete levels. DNNs were
selected due to their ability to model complex, non-linear relationships
between EMG features and grip force, outperforming traditional machine
learning methods such as SVM or decision trees in preliminary tests. The
use of a two-layer autoencoder architecture enables unsupervised pretrain-
ing, which improves feature extraction and generalization.

To improve control stability, the grip force is divided into 8 discrete
levels (from 0 to 40 N). Discretization was used instead of continu-
ous force estimation to minimize control oscillations and instability
observed in real-time operation. Continuous models are sensitive to
minor signal noise and often require high-quality, consistently placed
sensors — conditions not always possible in practice. In contrast, force
discretization ensures more robust and predictable system behavior.

The study focused on the three-finger pinch gesture with force
measured along the Z axis. This gesture was chosen because it is com-
mon in daily object manipulation and suitable for demonstrating the
systems ability to distinguish force levels.

The movement detection is based on the Mean Absolute Value (MAV)
of the sSEMG signal. MAV is a widely used, computationally efficient
time-domain feature that reflects muscle activation level. It was preferred
over frequency-domain methods (like FFT) due to its simplicity, low-
latency calculation, and good performance in online systems.

To predict grip force, four common time-domain features were
extracted from the EMG signals. The study used four most common
time domain (TD) characteristics:

MAV, =%§Nl:|x(i)|, 1)
RMS, = /%gx(i)z, &)

WL, =Z|x(i+1)—x(i)|. (4)

These features are standard in EMG analysis and were chosen be-
cause they balance computational efficiency with information richness.
They have been widely validated in the literature for classifying muscle
activity patterns.

A sliding window approach (50 ms window with 25 ms overlap)
was used for real-time signal segmentation. This method ensures that
rapid changes in EMG signals are captured while maintaining manage-
able computational load.

The deep neural network uses two hidden layers of 200 neurons
each with sigmoid activation. This architecture provides sufficient ca-
pacity for complex classification while remaining lightweight enough
for real-time embedded processing. In contrast to larger architec-
tures (e. g., deep CNNs or RNNs), this model was optimized for execu-
tion on mid-range embedded hardware, making it suitable for portable
prosthetic applications.

The network is trained in two stages: unsupervised feature extrac-
tion with an autoencoder and supervised classification with softmax
output. Regularization (sparsity penalty) and backpropagation are ap-
plied to enhance generalization and reduce overfitting.

3. Results and Discussion

Two main devices were used to collect data in the experiment: the
MYO armband for reading surface electromyographic (SEMG) signals
and a six-axis force sensor for measuring grip strength. Both devices
operated at a sampling rate of 200 Hz, which provides 200 measure-
ments per second for each channel. Such a high data acquisition rate
allows for obtaining sufficiently accurate and detailed signals necessary
for further processing and classification.

The MYO armband was chosen due to its ease of use, non-contact
nature, and ability to provide reliable EMG signals from 8 channels
without the need for complex skin preparation or electrode placement.
This makes it ideal for experiments where it is important to combine
participant comfort and signal quality. A high-precision six-axis sensor
was used to accurately measure the applied force, allowing for reliable
data on grip strength along the required axis (Z-axis).

The software for data collection, processing and analysis was devel-
oped based on the Python 3.8 language, as it is widely used in scientific
research due to the large number of libraries for machine learning and
working with hardware. The TensorFlow 2.4 library was used to build
and train the neural network, which provides eflicient work with deep
neural networks and allows optimizing the model for real-time op-
eration. In addition, the NumPy, SciPy and scikit-learn libraries were
used for signal processing. Communication between the computer and
hardware (Arduino, sensors) was carried out using the pySerial library,
which provides reliable and fast data exchange.

This combination of hardware and software was chosen due to the bal-
ance between accuracy, ease of use and real-world limitations (e. g, comput-
ing resources), which allows the system to be used in everyday conditions.

Before the experiment began, participants’ skin was prepared by
removing hair and cleaning the area with alcohol to reduce skin resis-
tance and improve signal quality. The MYO armband was then placed
on each participant’s forearm, and they were instructed to perform
a three-finger pinch gesture, simulating the act of gripping an object.

The grip force was divided into 8 levels, ranging from the weakest
(0-5N) to the strongest (35-40 N). At each level, the participant applied
force to the sensor for 4-6 seconds, followed by a 10-second rest period.
This cycle was repeated ten times for each force level. Between each change
in force level, a 20-minute break was given to prevent muscle fatigue.

For training the deep neural network (DNN), datasets containing
8 EMG features and 1 force feature were used. The eight EMG features
were fed into the input of the DNN, while the single force feature served
as the ground truth for comparison with the model’s output. This al-
lowed researchers to evaluate how accurately the DNN could predict grip
force. The artificial neural network (ANN) was trained for 1000 epochs.
During training, the model was gradually improved to achieve opti-
mal accuracy in classifying grip strength levels. The results of train-
ing the model on EMG signal and grip force data are given in Table 1.

Table 1
Model training results on EMG signal and grip force data
Epochs Accuracy (%) Loss Training time (minutes)
100 68.5 1.10 40
200 79.3 0.75 80
300 86.7 0.52 120
400 90.1 0.38 160
500 92.0 0.30 200
600 93.3 0.25 240
700 94.0 0.22 280
800 94.4 0.20 320
900 94.7 0.18 360
1000 95.0 0.17 400
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For comparison, a separate artificial neural network training was
conducted exclusively on surface electromyography signals, without
using grip force data. The results of training the model on data of EMG
signals only are given in Table 2.

Table 2
Model training results on data of EMG signals only

Epochs Accuracy (%) Loss Training time (minutes)
100 724 0.65 40
200 79.1 0.48 80
300 83.0 0.37 120
400 86.2 0.29 160
500 87.8 0.24 200
600 88.7 0.20 240
700 89.1 0.17 280
800 89.5 0.15 320
900 89.9 0.13 360
1000 90.0 0.12 400

If to analyze the results in Table 1 and Table 2, in the first case, com-
bined input data were used - surface electromyography (SEMG) signals
together with grip strength indicators, which allowed to achieve high
classification accuracy at the level of 95%. This is explained by the fact
that additional information about grip strength helps the model better
distinguish different levels of muscle tension and control the force of ges-
tures, which provides more reliable and stable prediction. However, this
option requires the use of additional force sensors, which complicates the
hardware part of the system. In the second case, the neural network was
trained exclusively on the basis of SEMG signals, and this gave a slightly
lower accuracy — about 90%. Although this approach significantly simpli-
fies the hardware configuration, reducing costs and increasing usability, it
does not provide the same detailed information about the force of gestures,
which can be critical for some tasks. Therefore, the choice between the two
approaches depends on the specific requirements: if the priority is maxi-
mum accuracy and granularity of control, it is advisable to use combined
sEMG and grip strength data; If the simplicity of the system and its por-
tability are important, it is possible to limit yourself to only SEMG signals.

During real-time testing, the classification results demonstrated
high accuracy, with an average recognition rate of 95%. Fig. 2 presents
the recognition accuracy graph obtained after 100 recognition cycles,
with each cycle representing a percentage accuracy result.

The developed system for controlling the grip force of a prosthetic
hand is based on the processing of surface electromyography (SEMG)
signals using a deep neural network (DNN) with a two-layer autoen-
coder that classifies the grip force into 8 discrete levels. This approach
provides more stable control compared to the continuous force estima-
tion methods observed in the works of [3-5].
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Fig. 2. Recognition accuracy graph

Although the mentioned studies show good accuracy in predicting
continuous values of grip force, they require high signal quality and
stable sensor placement, which complicates their application in real
conditions. In comparison, our approach with force discretization and
integration of haptic feedback via a vibration device allows to improve
the usability of the prosthesis, which partially coincides with the ap-
proaches of [8, 9], but it is possible to develop this idea in the context
of everyday use.

Other works, such as [1, 2], demonstrate the effectiveness of deep re-
current networks, but they require significant computational resources,
which complicates real-world use. In contrast, our DNN has an opti-
mized architecture for real-time operation with high accuracy (95%)
without large hardware requirements.

The main limitations of the proposed system are the requirements
for skin preparation and precise placement of sensors, such as the MYO
armband and FSR, since the signal quality and prediction accuracy
depend significantly on these factors. Misalignment or poor contact
of the sensors can lead to a decrease in signal quality and, as a result,
a deterioration in the system performance. In addition, the use of discrete
force classification (8 levels) limits the accuracy of reproducing continu-
ous force changes, which can be critical in some fine motor tasks. The
system is also focused on a specific type of movement - a three-fingered
grip with force measured along the Z axis, which reduces its versatility
for other types of grips. Finally, there is a need for regular training and
tuning of the network for each user, which can be a problem when try-
ing to scale the system for different individuals or with long-term use.

Further research can be aimed at developing adaptive neural net-
works with the ability to learn online, which can adapt to individual user
characteristics and dynamic changes in SEMG signals during operation.
This will improve the stability and accuracy of the system, which is in line
with the recommendations of [10, 11]. It is also promising to expand the
functionality of the system to support a larger number of gestures and grip
types, using multi-channel sensors and multi-dimensional signal analysis.
The integration of different types of feedback - tactile, temperature, vibra-
tion — will help make the use of the prosthesis more intuitive and natural.

In addition, the implementation of a lightweight, portable hardware
platform will allow for wider application of the system in medical practice
and at home. An important direction is to investigate the impact of pro-
longed use of the prosthesis on signal stability and develop compensation
methods to maintain classification accuracy in the long term [12, 13].
Multisensor approaches can also be considered, combining sSEMG with
other technologies, such as electrical impedancemetry or optical sensors,
to improve the reliability of user intention recognition.

4. Conclusions

The developed system for predicting grip force in a prosthetic hand
based on EMG signals has proven its effectiveness in real-time opera-
tion. The use of the MYO armband for acquiring muscle activity, along

with the integration of a six-axis force sensor, enabled accurate
tracking of grip intensity and ensured adaptive response of the
prosthesis to the user’s motor intentions. This real-time respon-
siveness is crucial for creating a more natural and intuitive user
experience, especially for daily tasks that require precision and
dynamic adjustment of grip strength.

Through the implementation of a deep neural net-
work (DNN) for discrete classification of grip force levels, the
system demonstrated a high average recognition rate of 95%,
confirming the efficiency and reliability of the proposed ap-
proach. The model was optimized for embedded environments,
enabling high performance without requiring extensive com-
putational resources. This characteristic is particularly impor-

100 tant for wearable devices, where energy efliciency, processing
speed, and system miniaturization are critical design factors.
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A crucial contribution to the system’s success was the carefully
designed preprocessing pipeline, which included time-domain feature
extraction and the application of a sliding window method (200 ms).
This approach enhanced temporal consistency and noise robustness in
signal interpretation, which is often a challenge in EMG-based systems
due to the inherently variable nature of biological signals. Additionally,
the modular design of the signal processing and classification pipeline
facilitates future improvements and easy adaptation to different sensor
configurations or user-specific calibration needs.

The inclusion of a vibration-based tactile feedback module further
improved user interaction by allowing the wearer to intuitively perceive
changes in grip force. This sensory feedback played a significant role in
enhancing motor learning and adaptation, empowering users to perform
tasks with greater confidence and control. It also helped to close the
sensorimotor loop, which is essential in prosthetic design for fostering
a sense of embodiment and user engagement.

Thus, the proposed system not only achieves a balance between
performance and practicality but also contributes to the broader ad-
vancement of intelligent prosthetic technologies. It exemplifies the
potential of EMG-driven neural networks to enable intuitive, respon-
sive, and efficient control of prosthetic limbs. By combining robust
signal interpretation, adaptive force prediction, and real-time tactile
feedback, the system supports real-world usability and paves the way
for broader clinical integration in assistive technologies. Furthermore,
its scalable architecture and energy-efficient design make it a promis-
ing candidate for future development in both research and commercial
prosthetic applications.
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