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ABSTRACT: Rehabilitation of stroke patients involves constant supervision and as prompt intervention as possible to
recover motor functionalities and enhance recovery in patients. Based on this, this paper will present an artificial
intelligence-enabled smart wearable band that can serve stroke patients to continuously track muscle activity and
physiological conditions. The system will combine EMG sensors and blood flow sensors to record the relevant signals
that will be analyzed through machine learning algorithms like the Random Forest and the DTW-KNN. These
algorithms are based on the analysis of muscle patterns and identification of abnormalities and determination of
rehabilitation progress. The system gives instant feedback in a vibration motor and thermal treatment in Peltier module
and alerts through an LCD display and buzzer. It has been experimentally evaluated that the proposed system is
accurate in classifying normal and abnormal muscle activity with an accuracy of approximately 96 percent. The
solution promotes home based rehabilitation, less reliance on clinical supervision and provides a cost effective and
efficient manner of enhancing stroke recovery outcomes.

KEYWORDS: Stroke Rehabilitation, EMG Sensors, Wearable Devices, Artificial Intelligence, IoT, Random Forest,
DTW-KNN, Smart Health Band

L. INTRODUCTION

One of the most significant causes of the long-term disability in the world is stroke that can often lead to the loss of
motor abilities, muscle losses, and deterioration of coordination [1]. It has a profound impact on the capacity of a patient
to carry out the routine activities independently hence reducing the quality of life [2]. Rehabilitation is a vital activity in
reinstating the lost motor skills among the survivors of stroke by engaging them in regular exercises and constant
supervision [3]. Nevertheless, the traditional forms of rehabilitation are primarily hospital based, which demands visiting
often, special equipment, and regular supervision by health workers [4]. These aspects not only render the process costly
but time consuming and inaccessible to the patients in remote locations or with minimal mobility ease [5].

Over the last few years, wearable technology and artificial intelligence (Al) have brought newer opportunities to the
contemporary rehabilitation systems [6]. The physiological signals can be monitored in real time using wearable devices
that are fitted with sensors like electromyography (EMG), accelerators, and blood flow sensors [7]. These gadgets have
the ability to constantly monitor muscle activity and movement patterns and do not limit the daily routine of the user.
Simultaneously, Al and machine learning algorithms have the ability to process large amounts of sensor data to
determine trends, anomalies, and offer smart information about the patient recovery status. This wearable sensing and
Al-driven analytics combination is capable of personalized and adaptive rehabilitation plans that would be applied to the
specific needs of the patient [8].

The present work suggests an Al-powered smart band, which is specifically aimed at stroke rehabilitation and provides a
combination of multiple sensors and intelligent algorithms in a single and easy-to-use wearable device. The system
measures and controls the muscle activity and the circulatory parameter, processes the data with a machine learning
model, like a Random Forest and DTW-KNN, and offers the real-time feedback mechanism based on haptic and thermal
stimulation. Moreover, it can send alerts when abnormal conditions are present and does remote monitoring, which
allows healthcare providers to monitor patient progress without necessarily being close to him. The proposed system will
help to make the rehabilitation process more efficient, more accessible and less expensive and improve patient recovery
outcomes due to automated feedback, the ability to detect any irregular muscle activity at an early stage, and supporting
home-based therapy.
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A. Key Contributions
e The current research suggests a smart wearable band as a technology combining EMG and blood flow sensors
with Al algorithms to detect muscle activity and assist in stroke rehabilitation in real time.
e tis an integrated system of measuring muscle activity (EMG) and circulation data to enhance the precision of
brain rehabilitation measurement and early detect the presence of abnormal conditions and strokes.
e It offers automated haptic (vibration) and thermal (Peltier-based heat/cold) feedback depending on Al analysis
to engage patients better and produce better recovery outcomes.
e The suggested solution allows constant control, real-time notifications, and remote control, thereby decreasing
the need to visit the hospital and making the rehabilitation process more convenient and affordable.
The rest of this paper will have the following structure. Section 2 includes the literature review, which addresses the
available research publications on the topic of stroke rehabilitation with the help of wearable devices and artificial
intelligence and their drawbacks. Section 3 explains the research approach that is proposed, such as system architecture,
hardware components, and Al algorithms to analyze data. The results and performance of the proposed system are
discussed in Section 4 and it can be stated that it is an effective system in terms of rehabilitation monitoring and
feedback mechanisms. Lastly, Section 5 presents a conclusion of the paper and explains potential improvements and
future research directions.

II. LITERATURE REVIEW

Recent developments in wearable rehabilitation systems have proven that machine learning can be used with
physiological signal observation to recover after a stroke. One of the studies on wearable intelligent rehabilitation
assessment systems points to the use of sensor-based data collection and machine learning models to quantify patient
motor performance as compared to clinical evaluation. The system offers constant monitoring and objective assessment
diminishing the use of a manual clinical observation. This method, however, has the disadvantages of being reliant on
controlled experimental conditions and has no large-scale validation in the real-world [9]. Stroke classification based on
electromyography (EMG) has been an area of interest because it has the capability of recording the activity pattern of
muscles to be used in rehabilitation studies. Machine learning methods and analytics based on EMG characteristics have
been proven to be more accurate in differentiating normal and impaired muscles activities. The systems allow identifying
the abnormalities early on and help in the planning of the therapy on an individual level. However, the quality of the
signal essential to the functioning of such systems is very limited, and EMG signals are also prone to interference caused
by noise and the placement of electrodes [10].

More detailed techniques in measuring functional movement recovery in stroke have included advanced techniques like
the graph theory and corticomuscular coupling. These methods can be used as biomarkers of rehabilitation assessment
because they give more details on the coordination between neural and muscular systems. Even though useful in
studying complicated motor processes, the realization of such models involves the use of high-caliber computing
capacities and advanced apparatus hence restricting its use in real-time and in portable rehabilitation apparatus [11].
Maximization of EMG characteristics to use in post stroke hand gesture detection has enhanced accuracy of the
rehabilitation system significantly. Specific features extraction techniques employed at a specific stage increase the
distinction between various recovery stages allowing closer observation of patient recovery. Nevertheless, the
performance of such a system can be different among individuals because there are some differences in the conditions of
muscles, and such a system needs a substantial amount of training data to work properly [12].

Rehabilitation systems based on wearable sensors and deep learning methods have demonstrated potential results on
data-driven stroke recovery. Such systems are based on a variety of sensors that are used to record motion and
physiological indicators and offer continuous feedback and remote monitoring options. Nevertheless, the use of deep
learning models results in the complexity of computational processes and can necessitate cloud operations, which
introduce latency and reliance on the availability of high-speed internet connections [13].

New trends in rehabilitation exoskeleton have also included the use of sophisticated neural networks like dual-channel
attentive fusion models used to predict lower-limb motion intention. Such systems enhance the accuracy of movement
prediction by integrating a number of sensor inputs and refining features presentation. Although effective, they tend to be
costly, bulky, and need special hardware, which means that they are not suitable in everyday wearable tasks [14]. Multi-
target and spatiotemporal analysis of motor intent prediction has also increased the ability of the rehabilitation systems to
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discern the user intent. These procedures enhance flexibility and sensitivity in support tools since both spatial and time
properties of the muscle signals are recorded. Nevertheless, these models are complicated and require data on high-
resolution which restricts their scalability and real-world use in cheap rehabilitation tools [15].

B. Research Gap

The currently used stroke rehabilitation systems are rather limited in that much of the systems depend on costly and
cumbersome equipment, which cannot be used in uninterrupted home-based use. Most methods are based on single-
sensor data (EMG or motion sensors) and do not include the combination of different physiological variables to enhance
accuracy. Existing systems do not always have real time automated feedback systems such as haptic or thermal
stimulation to actively aid in recovery. Also, it relies on high-quality computational services and good internet
connection that limits its practical implementation. Hence, an inexpensive, wearable, multi-parameter, and Al-enabled
rehabilitation system with real-time feedback and assisting in the ongoing remote monitoring is necessary.

III. RESEARCH METHODOLOGY

The designed system is a smart wearable bracelet to be used in continuous stroke rehabilitation monitoring through the
combination of sensing, processing, and feedback modules. It integrates the physiological signal acquisition and
intelligent data analysis to identify abnormal muscle activity and help in recovery. The general flow of work includes
the collection of signals with sensors, preprocessing with a microcontroller, processing with machine learning
algorithms, and obtaining feedback in real-time to the user. This is a closed-loop system that provides intervention in
good time and enhances the effectiveness of rehabilitation.

l “ I “ i Sensors continuously collect
physiological signals from the Anal
V8 P YR patient and send them to the T t.ia.ta .
ESP-32 Microcontroller, detect abnormaltes
EMG sensor detects
= : r N Al Model
abnornal msle acthity | EMG Signal > M oreon aigorthm/
Random Forest
Temperature > ESP-32 a
. - »  LCDDispla
i Microcontroller /
Ifirregular activity is LCD Display Shows sensor readings
detected = Peltieris | Vibration motor b and predictions (*Normal / Alert:
triggered. Risk Detected )
P_W‘—!'—— &
Blood Flow » Buzzer
Sensor

1

Measures real-time blood ——
circulation m Stroke Rehabilitation

Provides localized hoticold therapy LCD Display Shows sensor readings
directly on the patient's muscles. mtes Feitical conditions

Fig.1. Wearable smart band system
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C. System Components

The hardware architecture is a combination of various parts that cooperate to provide the right monitoring and
feedback. EMG sensors are able to record electrical signals caused in response to muscle activity which can be
expressed in the following form (1).

EMG(t) = YiL; si(t) + noise ¢))
si(t) are the signals of individual motor units.

Circulatory variations are monitored by blood flow sensors, and approximate them as (2).

AVolume
BF = -
ATime

@)
Giving a reference to the speed of change of blood flow.

The data acquisition, wireless communication and preprocessing are performed with an ESP32 microcontroller. The
haptic feedback is given by vibration motors, and controlled heating or cooling therapy is given by the Peltier module.
A LCD display and a buzzer is employed to inform the patient in terms of the system status and important alerts.

D. Data Acquisition and Processing
The sensors monitor the physiological data of the patient at all times. The ESP32 microcontroller reads these signals,
and noise filtering and normalization is carried out on them. The normalization can be represented by a simple
normalization function which is (3).

X—Xmin
Xnorm =5 v (3)

Xmax—Xmin
This is to make sure that sensor values are evenly scaled to analyze them. The obtained processed data is then sent to
the Al module where it is further interpreted.

E. Al-Based Analysis

The muscle activity is studied through machine learning algorithms and abnormalities are identified. The Rand Forest
algorithm organizes input signals into regular or abnormal ones according to a number of decision trees. The output of
the classification can be given as (4).

Y = mode(T; (X), T, (X), ..., T,(X)) 4
where T;(X) is individual decision tree forecasts.

Pattern recognition in EMG signals is done by the DTW-KNN (Dynamic Time Warping - K Nearest Neighbors)
algorithm. The similarity of two sequences is calculated using DTW (5).

DTW(X,Y) = min }d(x;,y;) 6)

where d(xi, y]-) is signal point distance.

F.

G. Decision Making and Feedback Mechanism

The system finds out the normal or abnormal muscle activity based on the analysis of the Al In case of irregular work,
the system triggers feedback mechanisms. Haptic feedback is achieved through vibration motors and thermal therapy is
achieved through Peltier module. The process of decision making can be made simple as (6).

Normal,if Y =0

Output = {Alert ,ifY =1 (©)
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The LCD shows warning messages and the buzzer gives out audible notification in case of alertness.

Decision making

continue
monitoring

goto alert/therapy

EMG Sensor / Blood Flow

sensor Collect Signals H Normal Ifirregular
ESP-32 Reads and Processed Activate outputs
data l
1 e If irregular act‘wrty is detected— Peltier
is triggered.
Server data L
1 Peltier Module -.I provide heating/cooling therapy !
Al Model LD Display & Buzzer show warning and sound alert

l l

send data

Fig.2. Flowchart of the proposed stroke rehabilitation system

t

Random forest

Algorithm 1: Al-Based Real-Time Stroke Rehabilitation
Monitoring and Feedback System
BEGIN

Initialize EMG sensor

Initialize Blood Flow sensor

Initialize Temperature sensor

Initialize ESP32 Microcontroller

Initialize LCD Display, Buzzer, Vibration Motor, Peltier
Module

WHILE system is ON DO

// Step 1: Data Collection
Read EMG_signal

Read BloodFlow_signal
Read Temperature

// Step 2: Preprocessing
Normalize EMG _signal
Remove noise from signals

// Step 3: Al Analysis
RF result < RandomForest(EMG _signal)
DTW result — DTW_KNN(EMG signal)

IJIRSET©2026 | An ISO 9001:2008 Certified Journal |

7027



http://www.ijirset.com/

- ) .
ﬂ’\ !E’;’g International Journal of Innovative Research of

"IJ3j Science, Engineering and Technology (JIRSET)

|www.ijirset.com |A Monthly, Peer Reviewed & Refereed Journal| e-ISSN: 2319-8753| p-ISSN: 2347-6710|
Volume 15, Issue 4, April 2026
|DOI: 10.15680/IJIRSET.2026.1504256|

// Step 4: Decision Making
IF (RF result == "Abnormal" OR DTW result ==
"Abnormal") THEN

Display "ALERT: Risk Detected" on LCD
Activate Buzzer

// Therapy Activation

Turn ON Vibration Motor

Activate Peltier (Heat/Cold Therapy)
ELSE

Display "Normal Condition" on LCD
Continue Monitoring

ENDIF

// Step 5: Data Transmission
Send data to server/cloud (optional)

END WHILE

END

The suggested system is a closed-loop system that would track and help in stroke rehabilitation with real-time
physiological measurements. First, all hardware is initialised i.e. EMG sensor, blood flow sensor, temperature sensor,
ESP32 microcontroller, LCD display, buzzer, vibration motor, and Peltier module. After the activation of the system, it
constantly reads the sensors. The EMG sensor records muscle action, blood flow sensor records circulation and
temperature sensor records the body condition.

These signals are then transmitted to ESP32 microcontroller, and they are preprocessed. This involves the elimination of
noise and the normalization of signals so that they are consistent and enhance the accuracy of the analysis. The data are
taken through the preprocessing phase and inputted into the Al models to be interpreted. The algorithm of the Random
Forest determines the muscle activity as either normal or abnormal, whereas the algorithm of DTW-KNN analyzes the
signal patterns against the abnormal muscle behavior.

Decision is made based on the results of these algorithms. In the case of abnormal muscle motion or danger, the system
will instantly send an alarm through a warning message on the LCD and by turning on the buzzer. Meanwhile, feedback
during a therapeutic process is offered through enabling the vibration motor and switching on the Peltier module to
provide a heat or cold therapy to the involved muscles. When the signals are healthy, the system goes on with monitoring
without placing any alerts.

Also, the processed data may be sent to a server or cloud service where it may be monitored remotely and analyzed
further. This will allow medical practitioners to monitor patient progress without necessarily having to physically keep
an eye on them.

IV. RESULT AND DISCUSSION
The suggested smart band Al-based device is effective in detecting abnormal muscle activity based on real-time EMG

signals and give timely feedback to be used during rehabilitation. The system exhibits a good performance with balanced
precision, recall and F1-score that guarantee correct classification of muscle conditions. The confusion matrix shows that
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there is slight misunderstanding which is a strong evidence of the robustness of the model. The ROC curve indicates
good ability to discriminate having high sensitivity and low false positive results.
H. Experimental Outcome

The accuracy of the specific sensors within the system is presented in this figure 3. The EMG sensor contributes

significantly to the recognition of muscle activity, whereas blood flow sensors and temperature sensors are important to
boost the better decision-making with the multi-parameter analysis.

Sensor Performance Analysis
100

98 1

Accuracy (%)

EMG Sensor Blood Flow Sensor Temperature Sensor
Sensor Type

Fig 3: Sensor Performance

Figure 4 is comparing the work of the two algorithms that are applicable in the system. Random Forest has a higher
accuracy and overall performance in comparison with the DTW-KNN. Nevertheless, the combination of DTW-KNN and
pattern matching is applicable in the matching of patterns and assists the system in enhancing detection reliability.

Algorithm Comparison
100

BN Accuracy
98 A W Precision

B Recall

Performance (%)

Random Forest DTW-KNN
Algorithm

Fig 4: Algorithm Comparison

Figure 5 dmonstrates the performance of the proposed Al-based rehabilitation system in general. The system is also 96%
accurate, which means that the majority of the patterns of muscle activity are properly identified. Precision indicates how
accurately the abnormal cases were detected whereas recall indicates the system capability of detecting the actual
abnormal cases. F1-score is the weighted score of precision and recall, which validates the correctness of the model.
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Performance Metrics of Proposed System
100

98

26
96 1
95

94.5

Value (%)
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920 T T T T
Accuracy Precision Recall Fl-Score
Performance Metrics

Fig 5: Performance Metrics
Figure 6 shows the confusion matrix is the result of classifications of the system. There are 96 out of 100 samples that

are actually classified and this gives 96 percent accuracy. The misclassification of only 4 samples suggests that there is
high performance in the differentiation of normal and abnormal muscle activity.

Confusion Matrix

40
Normal
30
©
=
2
<
20
Abnormal
10

T
Normal Abnormal
Predicted

Fig 6: Confusion Matrix

Performance Analysis

Figure 7 indicates the performance of the model with respect to the accuracy improving with training epochs. Both the
training and validation accuracy is increased progressively, which implies that the model is learning well. The
generalization and low overfitting are confirmed by the validation error that equals 96%.
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Fig 7: Training and Validation Accuracy

Figure 8 indicates the values of losses in the training process. The declining pattern of the training and validation loss
shows that the model is reducing the errors successfully. The similarity of the training and validation loss indicates that it
is not overfitting and functions well on unseen data.

Training vs Validation Loss
0.48

0'as =—8— Training Loss
0.45 N i —&— Validation Loss

0.40
0.35 1
@ 0.30 -
0.25 1
0.20 1

0.15 +

0.10 1

Fig 8: Training and Validation Loss

Figure 9 the ROC curve demonstrates how the proposed classification model performs in the sense that it plots the True
Positive Rate (TPR) versus the False Positive Rate (FPR) at various threshold values. The curve that is nearer to the
upper-left corner shows a higher classification performance. In the case of the proposed system, the model has a high
Area Under Curve (AUC) of 0.97 indicating excellent performance of identifying normal muscle activity and abnormal
muscle activity.

IJIRSET©2026 | An ISO 9001:2008 Certified Journal | 7031



http://www.ijirset.com/

ﬂﬁ%’é International Journal of Innovative Research of
‘I3 j Science, Engineering and Technology (IJIRSET)

|www.ijirset.com |A Monthly, Peer Reviewed & Refereed Journal| e-ISSN: 2319-8753| p-ISSN: 2347-6710|

Volume 15, Issue 4, April 2026
|DOI: 10.15680/IJIRSET.2026.1504256|

ROC Curve
1.00

(0.2, 0.98)
0.98 A

0.96 -
0.94
0.99-94. f.
0.90

(0.02,/0.
0.88

True Positive Rate (TPR)

=@ ROC Curve
0.86 - Baseline

T T
0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate (FPR)

Fig 9: ROC Curve

Table 1 demonstrates comparison of baseline reveals that the proposed system is superior to the current rehabilitation
techniques. The traditional systems are not automated and lack precision whereas sensor-based approaches enhance the
performance but have limitations. The suggested smart band with Al has the highest accuracy of 96 percent because of
the integration of multi-solids and sophisticated machine learning models.

TABLEI. BASELINE COMPARISON TABLE

Method Accuracy (%) | Precision (%) | Recall (%)
Traditional Therapy Monitoring | 75 72 70
IMU-Based System 85 83 82
EMG-Based ML System 90 88 87
Proposed System 96 95 94

Discussion

The suggested system proves the success of wearable sensor and Al algorithm integration in the continuous stroke
rehabilitation monitoring environment. Multi-parameter data analysis such as EMG and blood flow signals is more
reliable in the detection of abnormal muscle activity. The feedback system provides the patient with real-time feedback
using vibration and thermal therapy to increase the level of engagement and a quicker recovery. The proposed solution is
also more portable, cheaper, and works well with home-based rehabilitation, as opposed to the current systems.
Nonetheless, performance of the system can differ with sensor accuracy and noise of the environment, which means
additional application and practicality should be optimized.

V. CONCLUSION AND FUTURE WORK

The suggested stroke rehabilitation smart band with the help of Al can be used as a method of constant monitoring and
support of the patient in recovery. The system combines EMG sensors, blood flow sensors, and smart algorithms, which
will provide the opportunity to detect abnormal muscle activity in real-time and facilitate timely therapeutic intervention.
Machine learning algorithms, including Random Forest and DTW-KNN, are combined to improve the work of the
system analyzing complex physiological signals and providing correct results. The fact that they have built feedback
systems such as vibration motors and Peltier modules just goes further in enhancing the rehabilitation by actively helping
in the process of muscle stimulation. Altogether, the system provides a convenient, inexpensive, and convenient method,
which is applicable to rehabilitation at home and minimizes the reliance on visiting hospitals.

The architecture of the suggested system is based on a systematic pipeline of acquired data, preprocessing, analysis, and

feedback. First, the physiological signals will be gathered with the help of sensors and processed by the ESP32
microcontroller. Analyzing data on muscle activity through Al is carried out to identify abnormalities and classify
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processed data. According to the analysis, the related feedback is created as alerts and therapeutic actions. The system
works in a closed loop, which is real-time monitored and responsive. This connected system improves patient safety,
makes it possible to monitor remotely, and offers a scalable solution to advancing the smart healthcare and rehabilitation
systems further.
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