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Abstract—Diabetes mellitus is a chronic metabolic
disorder that requires continuous supervision of blood
glucose levels to prevent acute and long-term
complications. Among these complications,
hypoglycaemia defined as a blood glucose level below 70
mg/dL poses a serious health risk. If not identified
promptly, it may result in dizziness, confusion, seizures,
unconsciousness, or even life-threatening conditions.
Conventional glucose monitoring techniques primarily
rely on threshold-based alerts and often fail to provide
predictive insights. Wearable Artificial Intelligence
(Al)based framework for continuous monitoring and
early prediction of hypoglycemic episodes. The proposed
system integrates (CGM) data with additional
physiological parameters such as heart rate, heart rate
variability (HRV), skin temperature, electrodermal
activity (EDA), and motion signals. Machine learning
algorithms, including Random Forest and Support
Vector Machine (SVM), are employed to analyze
temporal glucose variations and associated physiological
responses. Data preprocessing, feature extraction, and
model development are implemented using Python-
based tools to ensure robustness and reliability. The
experimental evaluation demonstrates improved
detection accuracy, reduced false alarms, and timely
alert generation. The system supports proactive diabetes
management and enhances patient safety and quality of
life.

Index Terms—Hypoglycemia Detection, Wearable
Devices, Artificial Intelligence, Diabetes Management,
Machine Learning, CGM, HRV, EDA.

I. INTRODUCTION

Al systems that can deliver intelligent insights that
support both patients and healthcare professionals in
timely decision-making. The wearable technology has
further strengthened the role of Al in modern
healthcare, Al-enabled wearable devices such as
smartwatches, fitness bands and medical sensors
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continuously collect physiological signals from the
human body and process them in real time. healthcare
from a reactive approach to a proactive and preventive
model. Enabling continuous remote monitoring and
early detection of critical health conditions of a
diabetes management, continuous monitoring is
particularly important for preventing hypoglycemia, a
dangerous condition caused by abnormally low blood
glucose levels to lead severe symptoms such as
dizziness, sweating, confusion, seizures and loss of
consciousness if not detected early. Continuous
Glucose Monitoring (CGM) data, these multimodal
signals create a rich dataset that significantly improves
detection accuracy.ML algorithms such as Random
Forest and Support Vector Machine (SVM) are
employed to analyze historical and real-time data,
identify abnormal patterns, and predict an advance
event in wearable Al-based hypoglycemia detection
system represents a smart adaptive and life-saving
healthcare solution. Enhancing patient safety,
reducing medical risks and improving quality of life,
approach demonstrates the significant impact of Al-
driven wearable technologies in advanced diabetes
management. Traditional seizure detection methods
primarily rely on electroencephalography (EEG)
recordings obtained in clinical or hospital
environments. Although EEG-based analysis provides
valuable insights into brain activity, continuous
monitoring using such systems is expensive,
uncomfortable, and impractical for daily use.

In addition, these systems often require expert
supervision and complex preprocessing techniques,
limiting their suitability for real-world, long-term
monitoring applications. Wearable Al for diabetic
hypoglycemia detection is an emerging healthcare
technology that integrates smart wearable devices with
artificial intelligence to continuously monitor and
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predict low blood glucose levels in diabetic patients.
blood glucose level below 70 mg/dL, can lead to
symptoms such as dizziness, confusion, sweating,
seizures and in severe cases, loss of consciousness.
Traditional monitoring methods like finger-prick
testing and continuous glucose monitoring systems,
although effective, can be invasive, uncomfortable or
expensive for long-term use. Wearable Al systems
utilize  non-invasive  sensors  embedded in
smartwatches or wristbands to collect physiological
signals such as heart rate, heart rate variability, skin
temperature, electrodermal activity, and motion
patterns. These signals are analyzed using machine
learning and deep learning algorithms to identify
patterns associated with hypoglycemic episodes. By
enabling real-time monitoring, early prediction, and
instant alerts through connected mobile applications,
wearable Al provides a proactive and personalized
approach to diabetes management, improving patient
safety and overall quality of life.

Il. RELATED WORK

Extensive research has been conducted in the field of
wearable Al for diabetic hypoglycemia detection, with
significant progress achieved through the integration
of biomedical sensors, data analytics, and machine
learning techniques. Earlier studies primarily relied on
Continuous Glucose Monitoring (CGM) systems to
detect non-invasive physiological markers that reflect
the body’s autonomic response to low blood glucose
levels. sympathetic nervous system triggers
measurable changes such as increased heart rate,
altered heart rate variability, excessive sweating,
tremors, and temperature variations. Based on these
responses, several research works utilized wearable
sensors including photoplethysmography (PPG),
electrocardiography (ECG), electrodermal activity
(EDA) sensors, skin temperature sensors, and
accelerometers to capture real-time physiological data.
Traditional machine learning algorithms such as
Support  Vector Machines (SVM), k-Nearest
Neighbors (k-NN), Decision Trees, Random Forests,
and Logistic Regression were initially applied to
classify hypoglycemic and non-hypoglycemic states
using handcrafted features extracted from these
signals. As computational power and data availability
increased, more advanced deep learning approaches
such as Convolutional Neural Networks (CNNSs),
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Long Short-Term Memory (LSTM) networks, and
hybrid CNN-LSTM models were introduced to
automatically learn temporal and nonlinear patterns
from continuous biosignal streams, improving
detection accuracy and reducing dependency on
manual feature engineering.

Several studies also focused on multimodal data
fusion, combining multiple physiological signals to
enhance robustness and minimize false alarms. In
addition, personalized Al models have been proposed
to adapt to patient-specific physiological baselines,
addressing variability among individuals due to age,
lifestyle, medication, and diabetes type. Some research
integrates wearable-based predictions with CGM data
to create hybrid early-warning systems capable of
predicting hypoglycemia 20-30 minutes before onset.
Clinical validation studies and pilot trials have
reported promising sensitivity, specificity, and real-
time performance, though challenges remain in terms
of large-scale validation, battery efficiency, data
privacy, and regulatory approval. Overall, the existing
body of related work demonstrates strong potential for
wearable Al systems to provide non-invasive,
continuous, and intelligent hypoglycemia detection,
paving the way for safer and more personalized
diabetes management solutions.

Recent related work has also emphasized multimodal
data fusion, integrating multiple sensor streams to
enhance prediction robustness and reduce false alarms.
Some studies combine wearable-derived physiological
features with contextual information such as physical
activity, sleep patterns, dietary intake, and insulin
dosage to improve predictive performance.
Furthermore, personalized and adaptive learning
frameworks have been proposed to tailor models to
individual  patients, addressing  physiological
differences caused by age, fitness level, diabetes type,
medication regimen, and lifestyle habits. Transfer
learning and federated learning approaches are also
being explored to improve model generalization while
preserving data privacy.

Several pilot clinical trials and real-world validation
studies have reported promising results, with certain
systems capable of predicting hypoglycemia 15-30
minutes before onset, thereby providing early
warnings through smartphone notifications or
smartwatch alerts. Integration with mobile health
platforms enables remote monitoring by caregivers
and healthcare providers, enhancing patient safety,
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particularly for children, elderly individuals, and
patients with hypoglycemia unawareness.

Despite these advancements, challenges remain in
large-scale clinical validation, energy efficiency of
wearable devices, long-term user adherence,
regulatory approval, and data security compliance.
Nevertheless, the collective body of related research
demonstrates  significant progress toward the
realization of non-invasive, intelligent, and proactive
hypoglycemia detection systems that can complement
or potentially reduce reliance on traditional invasive
glucose monitoring technologies.

1. EXISTING SYSTEM

Current hypoglycemia detection in diabetic patients
relies mainly on Self-Monitoring of Blood Glucose
(SMBG) and Continuous Glucose Monitoring (CGM)
systems. SMBG involves intermittent finger-prick
testing, which provides accurate blood glucose
measurements but is invasive, painful, and limited to
discrete time points, making it insufficient to capture
continuous glucose fluctuations. As a result,
asymptomatic or nocturnal hypoglycemic episodes
can go unnoticed, increasing the risk of severe
complications. CGM systems have improved this
situation by enabling real-time monitoring of
interstitial glucose through minimally invasive
sensors. They provide trend analysis, threshold-based
alerts, and data logging, helping patients and clinicians
manage glucose levels more effectively.

Despite these advances, CGMs also have significant
limitations. They are expensive, require periodic
sensor replacement, and often need regular calibration
to maintain accuracy. Furthermore, a lag exists
between interstitial glucose readings and actual blood
glucose levels, which can delay alerts. CGMs are
primarily reactive devices, generating notifications
only after glucose falls below a predefined threshold,
rather than predicting low glucose events before they
occur. Additionally, prolonged sensor use may cause
skin irritation or discomfort, limiting patient
compliance.

Another limitation is that existing systems largely
focus on direct glucose measurements, neglecting
secondary physiological markers such as heart rate
variability, electrodermal activity, skin temperature,
and motion patterns. These physiological changes are
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driven by the autonomic nervous system and often
manifest before a significant drop in glucose occurs,
providing early warning signs that could improve
preventive interventions. The absence of multimodal
integration and predictive analytics means that current
devices cannot reliably anticipate hypoglycemic
events, reducing the effectiveness of early intervention
and increasing the risk of severe hypoglycemia.
Therefore, while SMBG and CGM technologies
provide valuable data and have advanced diabetes
management, there is a clear need for more
sophisticated, non-invasive, and predictive monitoring
systems. Wearable Al-based hypoglycemia detection
frameworks address these gaps by combining
continuous glucose measurements with secondary
physiological signals, leveraging machine learning
algorithms to detect early signs of hypoglycemia, and
providing real-time, proactive alerts to both patients
and caregivers. Such systems not only improve patient
safety and quality of life but also reduce the incidence
of severe hypoglycemic events by enabling timely
intervention.

IV. PROPOSED SYSTEM

The proposed system is a Wearable Al-Based
Hypoglycemia Detection framework designed to
provide continuous, non-invasive, and real-time
monitoring for diabetic patients. Leveraging wearable
devices such as smartwatches, wristbands, or patch-
based sensors, the system integrates multiple
physiological sensors to capture a comprehensive set
of biosignals. These include continuous glucose
monitoring (CGM) for blood glucose levels, heart rate
and heart rate \variability (HRV) to assess
cardiovascular response, skin temperature for thermal
variations, galvanic skin response (GSR) for sweat and
stress detection, and accelerometers to monitor
movement and activity patterns.

The collected data undergoes signal preprocessing to
remove noise, handle missing values, and normalize
readings across different sensor types. Following this,
the system performs feature extraction, computing
indicators such as glucose rate of change, HRV
metrics, temperature deviation from baseline.

Abnormal motion patterns, and changes in skin
conductance. These features provide a robust
representation of the patient’s physiological state and
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allow for the detection of subtle anomalies that may
indicate impending hypoglycemia.Upon detection of a
potential hypoglycemic event, the system generates
real-time alerts through vibration motors, buzzer
alarms, and notifications on the connected mobile
application. Simultaneously, emergency notifications
can be transmitted to caregivers or family members via
Bluetooth, Wi-Fi, or GSM networks, ensuring timely
medical assistance, particularly when the patient is
alone or incapacitated. The system is designed to
operate entirely on the wearable device or with edge
computing, reducing latency and dependence on cloud
infrastructure  while maintaining low power
consumption for prolonged use. Furthermore, the
modular architecture allows adaptation to individual
patients’ physiological baselines, improving detection
accuracy and reducing false alarms.

A. Wearable Multi-Sensor Unit

The wearable device is designed to integrate multiple
physiological sensors to provide comprehensive
monitoring of the patient’s condition. It includes a
Continuous Glucose Monitoring (CGM) sensor, which
continuously measures interstitial glucose levels,
allowing the system to track real-time fluctuations in
blood sugar. A heart rate sensor is incorporated to
monitor cardiovascular variations, as hypoglycemia
often causes changes in heart rate and heart rate
variability.

The Galvanic Skin Response (GSR) sensor detects
alterations in skin conductance caused by sweating, a
common symptom of low blood glucose. The skin
temperature sensor tracks subtle variations in
temperature that may occur during hypoglycemic
episodes, while the accelerometer records movement
patterns, capturing abnormalities such as weakness,
tremors, or sudden inactivity. By combining these
complementary physiological signals, the wearable
system can monitor multiple aspects of the patient’s
health simultaneously, improving the reliability and
accuracy of hypoglycemia detection compared to
traditional single-sensor approaches. This multi-
sensor integration enables early identification of low
blood sugar events and supports timely intervention,
enhancing patient safety and continuous health
monitoring.
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Table I. Sensors used in the proposed system

Physiologica
Sensor y g Purpose
| Parameter
I level | Detect low bl
CGM Sensors Glucose leve etect low blood
glucose
Capture
Heart Rate| Heart rate / carr()jiovascular
Sensor HRV
changes
kin Monitor sweatin
GSR Sensor S onitor — sweating
conductance | response
Temperature | Skin Detect thermal
Sensor temperature | variation
Identi
Acceleromete | Body fy S
weakness/inactivit
r movement y

B. Data Acquisition and Preprocessing

Physiological signals from all sensors are continuously
collected in real time through the embedded
processing platform. Since raw sensor data may
contain noise due to motion artifacts, environmental
interference, or sensor limitations, preprocessing
techniques are applied to enhance signal quality. These
include noise filtering, smoothing, normalization, and
removal of outliers. Statistical features such as mean,
variance, standard deviation, rate of glucose change,
and heart rate variability are extracted from each
sensor stream. Feature extraction reduces data
dimensionality ~ while preserving important
characteristics related to hypoglycemic conditions.

C. Machine Learning-Based Seizure Detection

The algorithm operates by constructing an ensemble of
decision trees, each trained on a randomly sampled
subset of the data and a random subset of features.
During classification, each tree independently predicts
the state (normal or hypoglycemia), and the final
decision is obtained by majority voting across all trees,
thereby improving the model’s generalization
performance and reducing sensitivity to outliers.
Feature fusion plays a key role in the system. Extracted
features from multiple sensors including glucose rate
of change, heart rate variability, temperature
deviation, abnormal motion patterns, and galvanic skin
response (GSR)are combined into a single multi-
dimensional feature vector.

This allows the Random Forest model to effectively
integrate  heterogeneous physiological data and
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capture  complex  patterns  associated  with
hypoglycemic events. The RF model is trained using
supervised learning, with labeled datasets containing
examples of both normal and hypoglycemic
conditions. The model’s performance is evaluated
using standard metrics such as accuracy, precision,
recall, and F1-score to ensure reliable detection. Once
trained, the model is deployed on the wearable device
or edge processing unit, enabling real-time
classification of incoming physiological data. This
ensures rapid detection and timely alerts without the
need for continuous cloud connectivity.

D. Embedded Processing Unit

An embedded microcontroller platform, such as
ESP32 or an Arduino-based system, serves as the core
processing unit of the wearable device.

The microcontroller handles sensor data acquisition,
preprocessing, feature extraction, and execution of the
trained machine learning model. On-device processing
ensures minimal latency, allowing rapid detection of
seizure events without reliance on cloud-based
computation. Additionally, local processing reduces
network dependency, enhances data privacy, and
optimizes power consumption for long-term wearable
operation.

Embedded Processing Unit for Wearable Al in
Diabetic Hypoglycemia Detection
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Fig. 1. System architecture of the proposed wearable
epileptic seizure detection system.

E. Real-Time Alert Mechanism

When the machine learning model detects abnormal
physiological patterns indicating potential
hypoglycemia, the system immediately triggers real-
time alert mechanisms. These include vibration alerts,
buzzer alarms, LED indicators, and mobile
notifications. Local alerts ensure that the patient is
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promptly informed, even if internet connectivity is
unavailable. Immediate alert generation is crucial in
preventing severe hypoglycemic complications.

Closed-loop system Diabetes Monitoring
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Fig. 2. Continuous monitoring the systems

F. Wireless  Communication and  Caregiver
Notification

In addition to local alerts, the wearable device supports
wireless communication through Bluetooth, Wi-Fi, or
GSM modules. Upon detection of a hypoglycemic
event, alert messages containing relevant information
such as glucose level and timestamp are transmitted to
caregivers or family members in real time. This remote
notification feature enables quick assistance,
especially when the patient is alone. The combination
of local and remote alerts enhances system reliability
and ensures timely medical intervention.

Table 1. Comparison of existing systems and
proposed systems

Feature Existing Proposed
Systems System

_— Glucose Multi-sensor

Monitoring Type . .
oring 1yp only integration

Portability Moderate High

Early Prediction Limited Yes

False Alarms Higher Reduced

Caregiver Alert Optional Immediate

Daily Wearability | Moderate Suitable

V. METHODOLOGY

The proposed system employs a structured
methodology to develop a wearable Al-based
framework for hypoglycemia detection. It integrates
continuous physiological monitoring through sensors
that track glucose levels, heart rate, temperature,
sweat, and motion, ensuring real-time observation of
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the patient’s condition. The collected data undergoes
feature extraction, transforming raw signals into
meaningful indicators such as glucose rate of change,
heart rate variability, temperature deviations, and
sweat fluctuations. These features are analyzed using
a machine learning classifier, which predicts potential
hypoglycemic events based on learned patterns. Upon
detection, the system provides immediate alerts to the
patient via haptic, auditory, and mobile notifications,
and can also notify caregivers, ensuring timely
intervention. By combining multi-sensor data fusion,
predictive modeling, and real-time alerting, the
framework achieves accurate, low-latency detection,
making it highly suitable for wearable health
monitoring devices.

A. Data Acquisition

The first stage of the methodology involves
continuous data acquisition from the wearable device.
Multiple physiological sensors are integrated into the
system, including a Continuous Glucose Monitoring
(CGM) sensor to measure real-time glucose levels, a
heart rate sensor to track cardiovascular activity, a skin
temperature sensor to detect thermal variations, an
accelerometer to monitor movement patterns, and a
Galvanic Skin Response (GSR) sensor to measure
sweating levels.

These sensors collect data at regular intervals and
transmit it wirelessly to a smartphone or edge
processing device using Bluetooth Low Energy
(BLE). Continuous monitoring ensures that even
minor physiological changes associated with
hypoglycemia are captured in real time.

B. Data Preprocessing

Wearable After data collection, the raw sensor
readings undergo preprocessing to improve quality
and reliability. Since wearable sensor data may contain
noise, missing values, or sudden spikes, filtering
techniques such as moving average smoothing are
applied to stabilize the signals. Missing values are
handled using interpolation methods to maintain
continuity in the dataset.

Additionally, normalization techniques such as Min-
Max scaling are used to standardize different sensor
values into a common range. Outlier detection
methods are applied to remove abnormal values that
could negatively impact the machine learning model.

IJIRT 199512

This stage ensures clean and structured input for
further analysis.

C. Feature Extraction

In this stage, meaningful features are derived from the
preprocessed data to capture early signs of
hypoglycemia. Instead of using raw sensor values
directly, the system calculates important indicators
such as the rate of glucose change, heart rate
variability (HRV), temperature deviation from
baseline, abnormal movement patterns, and changes in
skin conductance.

These extracted features help represent the
physiological condition of the patient more
effectively. Feature engineering enhances the
predictive performance of the machine learning model
by focusing on relevant patterns associated with
hypoglycemic events.
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Fig. 3: Sample Visualization of Simulated Signals

D. Machine Learning Model Training

A Random Forest machine learning algorithm is
employed to classify physiological patterns into
normal and hypoglycemic conditions. Random Forest
is selected due to its robustness to noisy sensor data,
resistance to overfitting, and high classification
accuracy. The extracted feature vectors, including
glucose rate of change, heart rate variability, and sweat
biomarker levels, are labeled and used to train the
model using supervised learning.

By combining multiple decision trees, the Random
Forest algorithm improves generalization performance
and effectively handles heterogeneous multi-sensor
data. This makes it highly suitable for wearable
hypoglycemia  detection  applications  where
continuous and reliable monitoring is required.
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E. Real-Time Classification

Once trained, the Random Forest (RF) model is
deployed directly on the embedded processing unit of
the wearable device, enabling on-device inference
without relying on cloud computation. Incoming
physiological sensor data is first processed through the
preprocessing pipeline, which includes noise filtering,
missing value handling, and normalization.
Subsequently, the feature extraction module computes
relevant indicators such as glucose rate of change,
heart rate variability (HRV), temperature deviation,
motion patterns, and galvanic skin response (GSR).
The resulting feature vector is fed into the Random
Forest classifier for real-time evaluation.

The model continuously monitors physiological data
streams and detects abnormal patterns indicative of
impending hypoglycemia. By performing on-device
classification, the system achieves low-latency
detection, typically within seconds, ensuring rapid
response while preserving user privacy and reducing
dependence on wireless connectivity or cloud
infrastructure. This real-time capability is critical for
wearable applications, where early prediction can
prevent severe hypoglycemic events.

F. Alert Generation and Communication

Upon detection of a hypoglycemic event, the system
immediately activates integrated alert mechanisms
such as vibration motors, buzzer alarms, and mobile
notifications. These alerts inform the patient about the
critical ~ condition.  Simultaneously,  wireless
communication modules such as Bluetooth, Wi-Fi, or
GSM transmit emergency notifications to caregivers
or family members in real time.

This dual alert mechanism ensures effective
communication and enables timely medical assistance,
especially when the patient is alone or unable to
respond. The combination of low-latency real-time
classification and reliable alert transmission provides
a robust safety system for diabetic patients, reducing
the risk of severe hypoglycemia and its associated
complications while supporting proactive
management of their condition.

G. System Evaluation

Wearable Al-Based Hypoglycemia Detection System
integrates multiple physiological sensors into a
compact wearable device to enable continuous, real-
time monitoring of diabetic patients. Sensors measure
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glucose levels, heart rate, heart rate variability (HRV),
skin temperature, sweat (GSR), and motion patterns,
providing a comprehensive view of the patient’s
physiological state.

Collected data is first processed through a
preprocessing pipeline to remove noise, handle
missing values, and normalize readings. Relevant
features, such as glucose rate of change, HRV metrics,
temperature deviations, abnormal movement patterns,
and sweat variations, are then extracted and fed into a
Random Forest machine learning model for
classification.

The model detects hypoglycemic events early, even
before glucose drops below the critical threshold, and
triggers alerts via vibration, buzzer, mobile
notifications, and caregiver messages. The system’s
performance is evaluated based on accuracy, F1-score,
and alert latency, ensuring reliable, low-latency
detection. By combining multi-sensor fusion,
predictive modeling, and real-time alerts, the
framework provides a robust and proactive solution
for preventing severe hypoglycemia and supporting
effective diabetes management.

VI. RESULT AND DISCUSSION

The proposed Wearable Al-based Hypoglycemia
Detection system was evaluated using physiological
data collected from wearable sensors, including heart
rate, heart rate variability, skin temperature,
electrodermal activity, and motion signals. The
collected data were processed and analyzed using
machine learning and deep learning algorithms to
classify  hypoglycemic and non-hypoglycemic
conditions. The experimental results demonstrated that
the system achieved strong performance in terms of
accuracy, sensitivity, and specificity.

High sensitivity indicates that the model effectively
detects hypoglycemic episodes with minimal missed
events, while good specificity ensures a reduction in
false alarms compared to conventional threshold-
based monitoring systems. The predictive capability of
the model enabled early detection of hypoglycemia
several minutes before the onset of severe clinical
symptoms, allowing timely preventive action.

The integration of multimodal physiological signals
significantly improved detection robustness compared
to single-sensor approaches, as hypoglycemia triggers
multiple autonomic responses simultaneously. Real-
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time implementation testing confirmed that the
wearable device can continuously monitor signals,
process data efficiently, and generate instant alerts
through a connected mobile application with low
latency and acceptable power consumption for daily
usage.

From a discussion perspective, the findings highlight
the effectiveness of Al-driven wearable systems in
providing a non-invasive and proactive solution for
diabetes management. Unlike traditional glucose
monitoring  systems  that  primarily  detect
hypoglycemia after glucose levels fall below critical
thresholds, the proposed approach emphasizes
prediction and early warning.

Deep learning models demonstrated improved
capability in capturing temporal and nonlinear patterns
in physiological signals, thereby enhancing overall
system reliability. However, challenges such as
individual physiological variability, environmental
influences, data quality, long-term user adherence, and
large-scale clinical validation remain important
considerations for practical deployment. Despite these
limitations, the results confirm the feasibility and
potential impact of wearable Al technology in
transforming hypoglycemia management from a
reactive approach to a predictive and preventive
healthcare solution.

Compared with traditional hospital-based EEG
monitoring systems, the proposed wearable device
offers improved practicality, portability, and
continuous monitoring capability. Unlike cloud-
dependent solutions, on-device machine learning
ensured low latency and reduced reliance on network
connectivity. Although precise clinical validation and
largescale testing remain future work, the observed
results indicate that the proposed system provides a
reliable, low-cost, and effective solution for real-time
epileptic seizure detection.

VII. CONCLUSION

proposed Wearable Al for Diabetic Hypoglycemia
Detection system represents a significant advancement
in modern diabetes management by combining
wearable sensing technology with intelligent data
analysis. The primary objective of this project is to
develop a non-invasive, continuous, and predictive
monitoring system capable of identifying early signs
of hypoglycemia before the condition becomes severe.
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By integrating sensors such as photoplethysmography
(PPG), heart rate monitors, skin temperature sensors,
electrodermal activity sensors, and motion detectors
into wearable devices like smartwatches or
wristbands, the system continuously captures
physiological signals that reflect the body’s response
to falling blood glucose levels.

The collected data is processed using machine learning
and deep learning algorithms, which are trained to
recognize patterns associated with hypoglycemic
episodes. Unlike traditional glucose monitoring
systems that mainly provide threshold-based alerts
after glucose levels drop below a critical value, this
Al-based system focuses on prediction and early
warning. This proactive approach allows users to take
corrective actions—such as consuming
carbohydrates—before experiencing severe symptoms
like dizziness, confusion, seizures, or loss of
€oNnsciousness.

Furthermore, the wearable and non-invasive design
enhances user comfort and long-term usability,
reducing dependency on frequent finger-prick testing.
The system also supports real-time notifications
through connected mobile applications, enabling
remote monitoring by caregivers or healthcare
professionals when necessary. Personalized learning
models can adapt to individual patient patterns,
improving prediction accuracy and reducing false
alarms over time.

Although challenges such as large-scale clinical
validation, data privacy protection, battery efficiency,
and regulatory approval need to be addressed before
widespread deployment, the project demonstrates
strong feasibility and practical relevance. Overall, this
work contributes to the evolution of intelligent
healthcare systems by shifting diabetes care from
reactive monitoring to predictive, preventive, and
personalized management, ultimately improving
patient safety and quality of life.
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