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ABSTRACT  

Post-stroke rehabilitation often focuses on restoring upper limb mobility, 
which is essential for regaining independence in daily activities. Upper limb 
exoskeletons have emerged as promising assistive devices, facilitating 
controlled and repetitive movements. However, accurate control of these 
devices remains a challenge due to the complexity of interpreting user intent. 
This study leverages machine learning (ML) to enhance exoskeleton control 
using electromyography (EMG) signals. The system integrates Raspberry Pi 
Zero 2W, Muscle Sensor V3, and MPU6050 to collect and process EMG data, 
extracting features such as Root Mean Square (RMS), Mean Absolute Value 
(MAV), and Variance (VAR). These features were evaluated for their predictive 
performance in joint angle estimation, with MAV identified as the most 
impactful. A Random Forest Regression model was trained and tested using 
EMG data collected from healthy subjects performing flexion and extension 
movements. The model achieved a superior performance with an RMSE of 
12.197 and an R² of 91.6%, outperforming Linear Regression and Decision Tree 
models. This real-time system successfully predicts joint angles, adapting 
exoskeleton movements based on EMG inputs and providing personalized 
support for patients. Although the system shows high accuracy, its 
generalizability to stroke patients remains a challenge due to the inclusion of 
only healthy participants. Future work should focus on expanding trials to 
diverse patient populations and incorporating multi-channel EMG data for 
enhanced precision. This approach represents a significant step toward 
improving stroke rehabilitation by providing precise, real-time control in upper 
limb exoskeletons. 
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I. INTRODUCTION 

Stroke is one of the leading causes of disability 
worldwide, often resulting in impaired motor function, 
particularly in the upper limbs. Restoring upper limb 
mobility is crucial for improving the quality of life and 
enabling stroke survivors to regain independence in 
daily activities. Traditional rehabilitation approaches 
focus on physical therapy and repetitive exercises; 
however, these methods can be slow, labor-intensive, 
and limited in their effectiveness [8]. To address these 
limitations, upper limb exoskeletons have emerged as 
promising assistive devices that provide controlled, 
repetitive movements to aid in motor recovery. These 

devices are designed to help patients regain motor 
function by mimicking normal movement patterns, 
offering a potential solution to the limitations of 
conventional rehabilitation techniques [9], [10]. 
However, accurate control of exoskeletons remains a 
significant challenge, primarily due to the difficulty of 
interpreting the userôs intended movements. Many 
existing approaches rely on simple control methods, 
which do not effectively address the complexity of 
neuromuscular signals in patients recovering from 
stroke [11], [12]. 

Recent advances in machine learning (ML) have 
provided new opportunities for improving the accuracy 
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and adaptability of assistive devices. Machine learning 
models, particularly Random Forest Regression (RFR), 
have been applied to predict and control movements in 
exoskeletons based on signals such as 
electromyography (EMG). The application of machine 
learning in the field of rehabilitation is still emerging, but 
its potential is vast in terms of enabling devices to better 
adapt to the patientôs intended movements in real-time. 
Recent studies have shown that machine learning can 
improve the precision of exoskeleton movements[13], 
helping to better align the robotic system with the user's 
motor intent, which is crucial for stroke rehabilitation 
[14]. 

This study aims to build upon existing research by 
applying Random Forest Regression to enhance the 
control of upper limb exoskeletons using EMG signals. 
Unlike traditional methods, RFR offers advantages in 
terms of handling complex, non-linear relationships 
within the data, which makes it suitable for real-time 
applications [1], [3], [9], [15]. The novelty of this work 
lies in its integration of multiple signal processing 
techniques to improve joint angle prediction, which is 
crucial for achieving accurate movement control. 
Additionally, this study focuses on using MAV as a key 
feature, which has shown superior predictive power 
over other common features such as RMS and VAR 
[16], [17]. 

While existing studies have made significant 
strides, many have limitations, including the use of 
simplified datasets, typically only involving healthy 
participants. Therefore, the primary objective of this 
research is to develop a real-time exoskeleton control 
system that can accurately interpret the userôs intended 
movements based on EMG signals. The hypothesis is 
that the integration of machine learning, specifically 
Random Forest Regression, will lead to improved 
accuracy in joint angle estimation, resulting in better 
control of exoskeleton movements. Furthermore, this 
study aims to explore the practical implications of using 
such systems in stroke rehabilitation, providing 
personalized and precise support for patients during 
their recovery process [10], [18]. 

However, the generalizability of this system to 
stroke patients remains a challenge due to the inclusion 
of only healthy participants in the initial trials. Future 
work should focus on expanding trials to diverse patient 
populations and incorporating multi-channel EMG data 
for enhanced precision. Additionally, the application of 
advanced machine learning models, such as deep 
learning, could further improve the systemôs 
adaptability and robustness, potentially enabling more 
intuitive control in real-world clinical settings. This 
approach represents a significant step toward 
improving stroke rehabilitation by providing precise, 
real-time control of upper limb exoskeletons [19], [20]. 

 

II. METHODOLOGY 

A. Experimental Procedure  
An upper limb exoskeleton prototype was designed 

to assist patients with post-stroke arm paralysis. The 
exoskeleton was tested on healthy subjects, with a 
primary focus on developing machine learning software 
for the embedded Raspberry Pi microcomputer. The 
study involved healthy individuals aged between 20 
and 40 years, with a balanced representation of both 
males and females. The participants were selected 
based on the following inclusion criteria: (1) no prior 
history of neurological or muscular disorders, (2) 
normal EMG readings, and (3) ability to perform upper 
limb movements such as flexion and extension. 
Exclusion criteria included individuals with 
cardiovascular diseases, arthritis, or any other 
condition that could affect the normal functioning of the 
upper limbs. By using healthy individuals, we aimed to 
test the feasibility of the system in a controlled 
environment before transitioning to stroke patients. 
Future research will include stroke patients to assess 
the system's adaptability to the impaired 
neuromuscular activity typical in post-stroke 
rehabilitation [21]. 

Windowing (100 Samples)

Feature Extraction

Input EMG/Sampling Rate 

1kHz

ADC/MCP 3008

EMG Muscle Sensor V3

MPU 6050 Sensor

Model Training

Model Evaluation

Deployment Interface/

Driver Servo

Motor Servo

I2C

Raspberry pi Zero 2W

 
Fig. 1. Block diagram of upper limb exoskeleton 
control by raspberry pi zero 2W with machine 
learning. 

 

Data collection was performed on the biceps 
muscle area using gel electrodes that had been 
previously cleaned with alcohol to reduce skin 
resistance and improve contact with the EMG sensor, 
which was attached with elastic straps. The upper limb 
exoskeleton, created by 3D printing, was then attached 
to the arm (Fig.1). EMG testing involved instructing the 
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participant to perform repetitive flexion and extension 
movements while muscle activity was observed on a 
thonny ide console monitor. Simultaneously the 
angular position of the exoskeleton was also recorded 
with an MPU6050 sensor during flexion and extension, 
ranging from 0 to 120 degrees and back to 0, which 
was synchronized with a metronome app set for 3 
seconds per cycle [22]. The collected EMG signal data 
is extracted using time-domain features such as root 
mean square (RMS), variance (VAR), and mean 
absolute value (MAV) as feature data, in addition to 

feature data, angle values as labels are also collected. 
Furthermore, the feature data and labels are trained 
using machine learning algorithms namely linear 
regression (LR), decision tree (DT), and random forest 
(RF), with a percentage of 80% trained data and 20% 
tested data. then the training results are embedded into 
a Raspberry Pi Zero 2W mini computer which functions 
to predict new EMG data. Once the system recognizes 
the movement patterns from the EMG data, it can 
control the servo motors attached to the joints to mimic 
flexion and extension movements [23], [24]. 

 

B. Data Acquisition.  
EMG signal recording is done by tapping muscle 
activity at the biceps point using gel electrodes (Fig. 2) 
where the electrode design is made in such a way that 
the distance between the ground electrode and the 
monitoring electrode is 5cm, by placing the reference 
electrode between the two electrodes. The 
characteristic of Muscle Sensor V3 is that the EMG 
signal produced is a rectified signal with a dominant 
frequency of 20-150 Hz. An MCP3008 A/D converter 
device is required for analogue to digital signal 
conversion. This A/D converter is connected to the 
Raspberry Pi Zero 2W system via Serial Peripheral 
Interface (SPI) communication. 

The electromyographic (EMG) signals were 
collected using a single-channel Muscle Sensor V3, 
placed on the biceps brachii and triceps brachii 
muscles. Although using a single EMG channel 
simplifies the process, it was chosen due to the ease of 
deployment and its sufficient accuracy for initial testing 
in healthy subjects. However, the limitations of this 
approach are acknowledged, as a single-channel EMG 
may not capture the full complexity of stroke-related 

neuromuscular activity. Therefore, future work will 
involve extending the system to incorporate multi-
channel EMG data, which can capture more detailed 
muscle activity and improve prediction accuracy in 
stroke patients. In relation to the Nyquist rule, the 
sampling frequency applied is at least 2 times the 
maximum frequency of the EMG signal. In this study, a 
sampling frequency of 1000 Hz was applied for the 
EMG signal recording process. Meanwhile, the angular 
position of the upper limb exoskeleton detected using 
the MPU6050 sensor is recorded at a rate of 10 Hz [25]. 

 

C. Bias Handling 

To minimize bias in the dataset, a random sampling 
technique was used for selecting participants. This 
method ensures that the data collected for the study 
comes from a diverse group of individuals, with each 
participant having an equal chance of being included, 
thus reducing selection bias. Healthy individuals were 
selected based on inclusion and exclusion criteria (as 
mentioned in the Participant Selection section), but 
care was taken to ensure that the sample was 
representative of a broader population in terms of age 
and gender. 

  
(a) (b) 

 
Fig. 2. The proposed exoskeleton design (a) showing the Extension movement, (b) showing 
Flexion movement, without image caption 
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Additionally, we addressed potential measurement 
bias by standardizing the data collection procedure. 
Gel electrodes were carefully positioned on the biceps 
brachii and triceps brachii to ensure consistent data 
collection. The same Muscle Sensor V3 and MPU6050 
sensor were used across all trials, and the same 
procedure for flexion and extension movements was 
followed for each participant. 

Moreover, to further reduce data bias, we 
implemented a data normalization step, which adjusts 
for any systematic differences in the data. This step 
ensures that the model training is not skewed by 
outliers or variations in data caused by factors 
unrelated to the actual muscle activity being measured. 

Despite these precautions, the use of healthy 
participants in the current study is a limitation, as the 
neuromuscular activity of stroke patients may vary 
significantly from that of healthy individuals. Therefore, 
the modelôs generalizability to stroke patients remains 
an open question, and this will be addressed in future 
research by including a more diverse sample, 
particularly stroke patients. Furthermore, by 
incorporating multi-channel EMG data, which is 
expected to capture more detailed muscle activity, we 
aim to reduce bias and improve the accuracy of 
predictions in real-world clinical applications. 

 

D. Data Processing.  
In the training stage, EMG data is collected with a 
sampling frequency of 1kHz, then feature extraction is 
performed in every 100 samples/windowing (equivalent 
to 0.1 seconds), to produce features, namely numerical 
representations in the form of RMS, VAR and MAV 
feature values of EMG signals. Each period (from 0° to 
120° and back to 0°) was taken for 3 seconds, resulting 
in 30 feature sets for each period (since 3000 samples 
were divided by 100 samples per feature set). Each 
respondent performed 10 periods, so the number of 
feature sets collected per respondent is 30 x 10 = 300 
feature sets.  Since there are 20 respondents involved, 
the number of feature sets trained is 300 x 20 = 6000 
training data. These feature sets are then used as 
input/feature data for the Machine Learning algorithm 
training model. In addition to input/features, the ML 
training model also requires angle data from the 
MPU6050 sensor, where the angle amount is used as 
output/label data, both data, namely features and 
labels, become input and output in the ML learning 
model training process that produces training/model 
data [26]. 

Furthermore, in the prediction stage, the training 
data is evaluated in pattern recognition so that it can 
produce a prediction of the angle of movement based 
on new data, the results of the evaluation are 
implemented in the exoskeleton system by using servo 

motors to move the exoskeleton accurately according 
to the EMG signal received. In order for the program 
performance to run well, the system is made to run in 
parallel/multithreading. where the output of each thread 
is sent to a global variable so that other threads that 
need the variable can use the data at the same time 
and run continuously as long as the device is not turned 
off [27]. 

 
Fig. 3. Flow chart of the proposed system 

 
E. Features Extraction.  
The EMG signal was pre-processed using rectification 
and smoothing techniques to remove noise and ensure 
the reliability of the signal. Rectification is used to 
convert the raw EMG signal into positive values, 
making it easier to analyze muscle activity. Smoothing 
was applied to reduce high-frequency noise, allowing 
for a clearer representation of the muscle's activity over 
time. These techniques are essential for obtaining 
clean, usable data that accurately reflects the muscle's 
behavior. 

Several features were extracted from the pre-
processed EMG signal: Root Mean Square (RMS), 
Mean Absolute Value (MAV), and Variance (VAR). 
Each of these features provides valuable information 
about the muscle's activity during movement: 

Root Mean Square (RMS) is a statistical measure used 
to describe the effective magnitude of a signal. The 
RMS value indicates the actual strength or energy of 
the signal, particularly in raw data or analog readings. 
It is a commonly used feature in EMG analysis to 
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measure muscle contraction intensity. Mathematically, 
it is represented by the following equation (1): 

ὙὓὛ В ת    (1) 

where ת represents the individual signal values and  ́
is the number of data points. MAV is another statistical 
measure that provides an estimate of the average 
strength of muscle contractions over a specified time 
interval. The higher the MAV value, the greater the 
strength of muscle contractions during that interval. 
MAV is particularly useful for distinguishing different 
levels of muscle activation. It is calculated as Eq. (1): 

-!6 В ȿὼὭȿ   (2) 

where ת represents the absolute value of the signal at 
each sample. Variance is a statistical term that 
measures the spread of the signal's values around the 
mean. In the context of EMG signals, variance 
measures the fluctuations in muscle activity, indicating 
how consistent or variable the muscle's contraction is 
over time. It provides insight into the intensity and 
stability of the muscle's activity. Mathematically, it is 
represented as Eq. (3): 

ὠὃὙ В ὼ ‘     (3) 

where ת is the signal value at sample i and ɛ is the 
mean of the signal values. Among these features, MAV 
was selected due to its superior performance in terms 
of prediction accuracy in preliminary tests. MAV has 
been shown in previous studies to be highly sensitive 
to changes in muscle contraction levels and has 
demonstrated better performance in predicting joint 
angles when compared to RMS and VAR [1][2]. The 
MAV feature captures the average level of muscle 
activity over time, which is particularly useful for 
distinguishing different movement patterns in the 
control of the exoskeleton [28]. 

These features were evaluated based on their 
ability to predict the joint angle of the exoskeleton with 
high accuracy. After extracting these features, they 
were used as input data for training the machine 
learning models, such as Random Forest Regression 
(RFR), Linear Regression (LR), and Decision Tree 
(DT). Through evaluation, MAV was identified as the 
most impactful feature for predicting the joint angles, 
which is critical for the exoskeleton's real-time control. 
Therefore, MAV was prioritized for the subsequent 
steps in the machine learning pipeline[29]. 

Machine learning methods are used to analyze 
complex patterns in EMG signals and translate them 
into commands that the system can understand [30]. In 
this study, we applied supervised learning techniques, 
where models are trained to recognize EMG signal 
patterns related to specific movements, such as in the 
control of upper limb exoskeletons. The objective is to 
predict the joint angle of the exoskeleton based on the 

EMG signal, which can be used to drive the movements 
of the exoskeleton in real time [31]. We evaluated three 
machine learning algorithms in this study[32]. 

Linear Regression (LR). This method models the 
relationship between input features (EMG data) and an 
output variable (joint angle) using a straight line. The 
mathematical equation for Linear Regression is Eq. (4): 

ώ ὦ ὦὼ ὦὼ Ễ ὦὼ ‭ (4) 
 

where y represents the dependent variable (the output 
or response being predicted), b0 is the intercept (the 
value of y when all independent variables are zero), 
b1,b2,é,bn are the coefficients that measure the effect 
of each independent variable (x1,x2,é,xn) on y, and ⱦ is 
the error term capturing variability in y not explained by 
the independent variables. Linear Regression is simple 
and computationally efficient, but it may not capture 
complex, non-linear relationships present in the EMG 
signals. Decision Tree Regressor (DTR). Decision 
trees divide the feature space into smaller segments 
and predict a continuous value based on the data in 
each segment. The model can be described by the 
following recursive rule, Eq. (5): 

 

Prediction = f(x) = Average(yi)   (5) 

 

for all samples in leaf node, is a simple model for 
prediction, where f(x) is the prediction for input x, the 
predicted value for a given input ὼ is based on the 

average of the observed values ώi, Eq. (6) 

ὃὺὩὶὥὲὫὩώὭ В ώὭ  (6) 

where n is the total number of observations. 

Decision Tree Regressor can handle non-linear 
relationships and is interpretable, but it is prone to 
overfitting if not properly tuned. Random Forest 
Regressor (RFR). Random Forest Regression is an 
ensemble learning method that combines multiple 
decision trees. The mathematical equation for Random 
Forest Regressor is, Eq. (7): 

+ В Ὢת    (7) 

where + represents the predicted value (the output or 
response being estimated), T is the total number of 
models or time steps considered, ft(X) is the prediction 
function at each step based on the input, the 
summation represents the combined predictions 
across all steps or models, and the averaging factor 
ensures the final prediction is the mean of all 
predictions. 

Random Forest Regressor combines the 
predictions of multiple decision trees, helping to reduce 
overfitting and improve robustness. It is particularly 
effective for handling high-dimensional data like EMG 
signals, which have complex and non-linear 
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relationships. To evaluate the effectiveness of Random 
Forest Regression (RF), we compared its performance 
against Linear Regression (LR) and Decision Tree 
Regressor (DT). All models were trained on the same 
dataset, and their performance was evaluated using 
the Root Mean Square Error (RMSE) and R-squared 
(R²) metrics. Root Mean Square Error (RMSE). 
Measures the average magnitude of the errors 
between predicted and actual values, with the following 
formula, Eq. (8): 

ὙὓὛὉ В ώ ώ    (8) 

where RMSE (Root Mean Squared Error) is a metric 
used to measure the accuracy of a prediction model, N 
represents the total number of data points, ypred is the 
predicted value, ytrue is the actual value, and the 
difference (ypred ī ytrue) is the error for each data point. 
The summation aggregates the squared errors for all 
data points, which is then averaged and square-rooted 
to provide the final RMSE value. R-squared (R²) Is the 

proportion of the variance in the dependent variable 

(joint angle) that is predictable from the independent 
variables (EMG features) (Eq. (9): 

Ὑ ρ
В + +

В + +
  (9) 

 

where R2 (coefficient of determination) measures how 
well the predictions of a model explain the variability of 
the actual values, ytrue represents the observed values, 
ypred represents the predicted values, the numerator is 
the sum of squared residuals (the error between 
observed and predicted values), and the denominator 
is the total sum of squares (the variability of the 
observed values around their mean). R2 indicates the 
proportion of variance explained by the model, with a 
value of 1 representing a perfect fit and 0 indicating no 
explanatory power. 

The comparison results showed that Random 

Forest Regression outperformed both Linear 
Regression and Decision Tree in terms of both 
accuracy and robustness to variations in the EMG 
signal data. Specifically, Random Forest achieved a 
RMSE of 12.197 and R² of 91.6%, which indicates 
superior prediction performance compared to the other 
models. For Random Forest Regression, the 
hyperparameters were optimized using a grid search 
approach. The most important hyperparameters for the 
model were: 

¶ Number of trees (n_estimators): Determines 
how many individual decision trees are built in the 
forest. A higher number of trees usually leads to 
better performance, but it also increases 
computational complexity. 

¶ Maximum depth of the trees (max_depth): 
Controls the depth of each decision tree. Limiting 
the depth prevents overfitting and helps in 
generalizing the model. 

¶ Minimum samples per leaf (min_samples_leaf): 
Specifies the minimum number of data points 
required to form a leaf node. This helps control 
overfitting. 

A grid search was performed over different values 
of these parameters, and the best combination was 
selected based on cross-validation performance. The 
final Random Forest Regression model demonstrated 
high accuracy in predicting joint angles with an RMSE 
of 12.197 and R² of 91.6%, outperforming both Linear 
Regression and Decision Tree models. Random Forest 
Regression was chosen due to its ability to handle 
complex, non-linear relationships in the data. EMG 
signals are inherently noisy and contain non-linear 
patterns that are difficult to model with simpler 
techniques like linear regression. Random Forest, 
being an ensemble of decision trees, is able to capture 
these non-linearities and provide more accurate 
predictions. Additionally, it is less prone to overfitting 
compared to individual decision trees, making it ideal 
for real-time applications in controlling the exoskeleton 
[33]. 

Future improvements to the machine learning 
models will include incorporating multi-channel EMG 
data, which will provide more detailed muscle activity 
information, and exploring deep learning models to 
enhance prediction accuracy and model adaptability. 
The current system will also be tested with stroke 
patients to evaluate its robustness in real-world 
rehabilitation scenarios [34]. 

 

III. RESULT 

A. EMG Raw 

Advancer Technologies' ñMuscle Sensor V3ò device is 
an EMG sensor that detects the electrical activity of 
human muscles. With an AD8221 amplifier and 
electrodes placed on the biceps muscle, it measures 
EMG signals from muscle contractions and converts 
them into electrical signals. The EMG signals are 
amplified, rectified, and smoothed, so they are ready 
for use on the microcontroller. The signal received by 
the electrodes will be amplified on the Muscle sensor 
V3 sensor module, which is then converted into digital 
data by the A/D converter MCP3008. The MCP 3008 
output is then processed by Raspberry pi which in the 
end the signal recording results will be saved into a 
CSV file. In the following figure 4, the results of the 
EMG signal are shown which have been repaired and 
smoothed by the EMG muscle sensor v3.  
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