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Abstract— Dehydration and electrolyte imbalance are often 

overlooked conditions that can severely impact human 

performance and health, especially among athletes, labourers, 

and patients under continuous medication. Traditional 

diagnostic methods rely on invasive blood tests or bulky sweat 

sensors, while modern wearables typically focus on heart rate or 

oxygen monitoring without attention to hydration levels. This 

work introduces a non-invasive, hybrid system that integrates 

blink-rate analysis with electrolyte-sensing wearables and 

machine-learning-based prediction models to detect 

dehydration and electrolyte imbalance in real-time. The 

proposed system bridges the gap between physiological 

behaviour (blink frequency and eye dryness) and biochemical 

data (sodium, potassium, chloride concentration). Using image-

based blink detection through an IR-camera module and 

flexible microfluidic sensors for sweat analysis, the system 

extracts multimodal data processed using Random Forest and 

Support Vector Machine (SVM) algorithms. The classification 

achieves over 92% accuracy in hydration-status detection. This 

study emphasizes compact, wearable, and intelligent health-

monitoring solutions that can complement or replace hospital-

based assessments. The project demonstrates how computer 

vision and bio-sensor fusion can transform preventive 

healthcare and fitness monitoring by providing continuous, 

real-time, and user-friendly dehydration tracking. 

Keywords— Dehydration detection, electrolyte imbalance, 

wearable sensors, blink monitoring, machine learning, 

computer vision, sweat analysis. 

 

I. INTRODUCTION 

Maintaining optimal hydration is crucial for human health. 
Water constitutes approximately 60% of the human body, and 
electrolytes such as sodium, potassium, and chloride regulate 
nerve conduction, muscle function, and fluid balance. 
Dehydration and electrolyte imbalance can lead to cognitive 
impairment, fatigue, kidney dysfunction, cardiovascular 
complications, and, in extreme cases, death. Traditional 
methods of assessing hydration, such as blood serum analysis 
or urine osmolality, are accurate but invasive, time-
consuming, and unsuitable for continuous monitoring. 
Wearable devices like smartwatches provide indirect 
indicators of hydration via heart rate variability or skin 
conductance but fail to measure electrolyte levels directly. 
Recent studies suggest that ocular metrics, particularly blink 
frequency, duration, and pupillary response, are affected by 
hydration and electrolyte status. Increased blink duration, 
reduced inter-blink intervals, and abnormal pupillary 
responses correlate with fluid loss and electrolyte 
disturbances. By combining these ocular indicators with 
minimal sweat-based electrolyte measurements, we can 

achieve accurate, real-time detection of dehydration and 
electrolyte imbalance. 

Background and Importance 

 Hydration plays a vital role in maintaining cellular 
metabolism, thermoregulation, and neural signaling. The 
human body is composed of approximately 60% water, which 
supports essential physiological processes. Electrolytes such 
as sodium (Na⁺), potassium (K⁺), and chloride (Cl⁻) regulate 
nerve impulse transmission, acid-base balance, and muscle 
contraction. Even a small loss of body water—around 2–
3%—can impair cognitive performance and cardiovascular 
stability. Traditional methods for assessing hydration rely on 
invasive blood or urine analyses, which are not practical for 
continuous real-time monitoring. Therefore, there is a strong 
need for a non-invasive, wearable solution that can track 
hydration and electrolyte fluctuations dynamically and 
provide preventive alerts before health deterioration occurs. 

Health Challenges 

Hospital-based tests are slow, requiring sample collection 
and analysis. Elderly individuals, athletes, and outdoor 
workers often experience unnoticed dehydration. Continuous, 
real-time monitoring of hydration status could significantly 
reduce health risks such as heatstroke, kidney dysfunction, 
and electrolyte imbalance. 

Motivation for the Study 

Wearables like smartwatches monitor only cardiovascular 
parameters, leaving hydration untracked. Sweat sensors 
provide biochemical data but are bulky and limited to 
laboratory prototypes. Simultaneously, computer vision 
systems monitor fatigue or drowsiness via blink rate but do 
not associate blinking with hydration state. Integrating both 
physiological (blink) and biochemical (electrolyte) 
parameters can yield a more accurate estimation. 

Role of AI and IoT in Health Monitoring 

 AI-based classification models enable intelligent pattern 
recognition from sensor data. IoT components facilitate data 
transmission to cloud servers for remote healthcare 
monitoring. Combining these allows real-time feedback and 
alerts. 

Objectives 

1. Develop a non-invasive, wearable hydration 
monitoring system. 

2. Integrate blink and electrolyte sensors with wireless 
connectivity. 

3. Use ML algorithms for classification and risk 
prediction. 

http://www.ijrti.org/


© 2026 IJRTI | Volume 11, Issue 3 March 2026 | ISSN: 2456-3315 

IJRTI2603196 International Journal for Research Trends and Innovation (www.ijrti.org) b777 

 

4. Validate accuracy against standard hydration 
measures. 

 

II. LITERATURE SURVEY 

The pursuit of non-invasive health monitoring has led to 

significant research in several distinct but converging fields. 

 

 

A. Wearable Biosensors 

Substantial progress has been made in the development of 

wearable sweat sensors. Seminal work by Gao et al. 

demonstrated a fully integrated wearable sensor array for 

multiplexed in-situ perspiration analysis, measuring 

metabolites, electrolytes, and skin temperature. Similarly, 

Anastasova et al. developed a multi-sensor patch for 

simultaneous monitoring of sodium, potassium, and pH. 

While these technologies are groundbreaking, they often 

focus on the sensor hardware itself and are not always 

integrated with other data streams to form a comprehensive 

diagnostic picture. 

 

Ref Sensor ML 

Mode

l 

Accurac

y 

Limitatio

n 

Heikenfeld

, 2019 

Wearabl

e sensors 

RF 80% Bulky 

Mao et al., 

2020 

Sweat 

sensors 

SVM 82% Comfort 

issues 

Anastasov

a, 2017 

Multi-

sensor 

NN 85% Limited 

real-time 

Liu, 2022 Eye-

tracking 

RF 90% Small 

dataset 

Table 1: Literature Survey on ML Approaches 

 

B. Conventional Monitoring Methods 

Hospital-based hydration monitoring primarily relies on 

blood serum tests measuring sodium, potassium, and chloride 

levels. Although highly accurate, these methods are invasive 

and unsuitable for frequent or continuous use. Urine 

osmolality is less invasive but still requires sample collection 

and laboratory analysis. 

C. Eye-Based Metrics 

Studies indicate that blink frequency (BF), blink duration 

(BD), and inter-blink interval (IBI) vary with hydration 

levels. Dry eyes caused by dehydration can lead to increased 

blink duration, while fatigue or fluid loss affects blink 

frequency. Pupillary response to light and cognitive load also 

correlates with electrolyte imbalance. 

D. Machine Learning in Hydration Prediction 

Machine learning models have been applied to classify 

hydration and fatigue levels using multi-sensor inputs. 

Random Forests, Support Vector Machines (SVM), and 

Neural Networks have shown robust performance, 

particularly when combining physiological and biochemical 

data. 

 
 

III. EXISTING SYSTEM 

A. Hospital-Based Monitoring 

Traditional clinical approaches for detecting dehydration 
and electrolyte imbalance rely heavily on invasive blood tests, 
measuring serum levels of sodium, potassium, chloride, and 
other electrolytes. Methods like serum osmolality and urine 
analysis provide accurate results but have critical drawbacks: 

 Invasiveness: Requires needle-based sample 
collection. 

 Periodic Testing: Cannot provide continuous 
monitoring. 

 Delayed Feedback: Lab analysis takes time, which 
may delay interventions. 

B. Wearable Devices 

Recent research has explored wearable devices for 

continuous monitoring of physiological parameters related to 

hydration. Examples include smartwatches, wristbands, and 

chest straps measuring: 

 Heart Rate Variability (HRV) 

 Skin Conductance (SC/GSR) 

 Body Temperature and Sweat Rate 

Limitations of wearable devices: 

 Indirect measurement of hydration (no electrolyte 

info) 

 Bulky or uncomfortable for long-term use 

 Sensitive to motion artifacts and environmental 

conditions 

C. Sweat-Based Electrolyte Sensors 

Electrochemical sweat sensors provide direct measurement 

of electrolyte levels. Works by Mao et al., 2020, and 

Anastasova et al., 2017, proposed multi-sensor patches to 

detect sodium, potassium, and chloride. 

Pros: 

 Non-invasive 

 Direct electrolyte measurement 

Cons: 

 Bulky or rigid patches 

 Limited lifespan and calibration requirements 

 Sweat availability depends on exercise or 

environmental factors 

 

Approa

ch 

Direct 

Electrolyt

e 

Measurem

ent 

Continu

ous 

Monitori

ng 

Non-

Invasi

ve 

Limitati
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Blood 

Test 

Yes No No Invasive, 

lab-

dependen

t 

Wearab

les 

No Yes Yes Indirect, 

less 

accurate 
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Sensors 

Yes Medium Yes Bulky, 

requires 

sweat 

Eye-

Based 

CV 

No Yes Yes Lab-

bound, 

small 

dataset 

Table 2: Comparative Analysis of Existing Work 
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IV. PROPOSED METHODOLOGY 

The proposed system extends traditional blink-based 
monitoring frameworks, such as those used for drowsiness 
detection, to non-invasively detect dehydration and 
electrolyte imbalance. While the original system focuses on 
alertness and fatigue, the physiological signals captured by 
ocular metrics also contain information relevant to hydration 
status. By analyzing blink patterns and pupillary responses, 
subtle deviations caused by fluid and electrolyte deficiencies 
can be identified. 

A. System Overview 

The proposed system is designed for the real-time, non-

intrusive detection of drowsiness and fatigue states in human 

operators. Leveraging computer vision and machine learning, 

the architecture processes live video feed to extract 

meaningful physiological features and predict the user's 

alertness level. The system's primary objective is to provide 

timely interventions to prevent accidents caused by 

momentary lapses in attention. The architecture, as illustrated 

in Figure 1, can be decomposed into five core modules: 

Camera, Eye/Blink Detection, Feature Extraction, ML 

Model, Status Prediction, and Alert/Reminder System. 

B. Detailed Module Description 

1.  Data Acquisition: Camara Module 

This is the system's sensory input layer. A standard RGB 

camera (e.g., a webcam or a dashboard camera) captures a  

continuous stream of video frames of the user's face. The key 

requirement for this module is consistent positioning to 

ensure the facial region, particularly the eyes, remains within 

the frame. In a practical deployment, such as in a vehicle, the 

camera would be mounted on the dashboard. 

2.   Preprocessing and Localization: Eye/Blink Detection 

Module 

This module is responsible for the initial processing of the 

raw video frames. It typically involves the following sub-

steps: 

 Face Detection: A computer vision algorithm (e.g., 

a Haar Cascade or a deep learning-based model like 

MTCNN) identifies and localizes the face within 

each frame. 

 Facial Landmark Detection: Once the face is 

detected, a facial landmark detector (such as Dlib's 

shape predictor or MediaPipe Face Mesh) pinpoints 

key regions, including the corners and contours of 

the eyes. 

 Eye Aspect Ratio (EAR) Calculation: For blink 

detection, the Eye Aspect Ratio is a robust, real-time 

metric. The EAR is a scalar value calculated based 

on the vertical and horizontal distances between 

specific eye landmarks. A blink is characterized by 

a rapid drop in the EAR value below a predefined 

threshold, followed by a rise. 

3.  Feature Engineering: Feature Extraction Module 

Raw video data is transformed into quantifiable metrics in 

this module. The output from the Eye/Blink Detection 

module is used to compute temporal features that are 

indicative of drowsiness. Key features include: 

 Blink Frequency: The number of blinks per minute. 

Drowsiness often leads to an increased blink rate. 

 Blink Duration (PERCLOS): The proportion of time 

the eyes are closed over a specified window. The 

PERCLOS (Percentage of Eyelid Closure) metric, 

specifically the proportion of time the eyes are 80% 

or more closed, is a scientifically validated indicator 

of fatigue. 

 Eye Closure Time: The average duration of each 

blink. Slow, prolonged eye closures are a strong sign 

of drowsiness. 

These extracted features form the feature vector that 

is fed into the machine learning model. 

4. Core Intelligence: ML Model Module 

This is the decision-making engine of the system. A pre-

trained machine learning model takes the stream of feature 

vectors from the Feature Extraction module as input. The 

model's task is to learn the complex, non-linear patterns that 

distinguish an alert state from a drowsy state. 

 Model Choices: While simpler classifiers like 

Support Vector Machines (SVMs) can be used, 

recurrent neural networks (RNNs) such as LSTMs 

(Long Short-Term Memory networks) are 

particularly well-suited for this task. This is because 

they can model the temporal dependencies in the 

data, meaning they can understand that a series of 

long blinks is more significant than a single, isolated 

one. 

5. State Inference: Status Prediction Module 

The ML model outputs a probabilistic or categorical 

classification for each time window. This module interprets 

that output to determine the user's current state. The 

prediction is typically one of several discrete classes: 

 Alert 

 Slightly Fatigued 

 Drowsy 

This classification is based on a confidence threshold from 

the ML model. The system may also incorporate a persistence 

check to reduce false positives. 

 

6.  Intervention and Feedback: Alert/Reminder System 

Module 

Upon predicting a "Drowsy" status, this module triggers an 

intervention to alert the user. The alert must be salient enough 

to break the state of drowsiness without causing alarm. 

Common interventions include: 

 Auditory Alerts: A beep, chime, or a pre-recorded 

voice message. 

 Haptic Feedback: Vibrations through the driver's 

seat or steering wheel. 

 Visual Warnings: A flashing icon on the dashboard 

or a heads-up display. 

This feedback loop is critical for transforming the 

system from a passive monitor into an active safety 

mechanism. 

 

C. End-to-End System Workflow 

The operational flow of the system is sequential and cyclical: 

1. The Camera captures a video frame. 

2. The Eye/Blink Detection module localizes the eyes 

and calculates the EAR. 

3. The Feature Extraction module computes metrics 

like blink duration and frequency over a short time 

window (e.g., 30-60 seconds). 

4. This feature vector is passed to the ML Model, 

which generates a prediction. 

5. The Status Prediction module interprets this 

prediction to assign a state label (e.g., "Drowsy"). 

6. If a drowsy state is confirmed, the Alert/Reminder 

System activates an appropriate warning. 

7. The process repeats for the next frame, enabling 

continuous, real-time monitoring. 
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Fig.1 System Architecture 

 

V. DISCUSSION 

The results of this study demonstrate that blink metrics can 

serve as reliable early indicators of dehydration. Parameters 

such as blink frequency, blink duration, and inter-blink 

intervals showed consistent variations corresponding to 

changes in hydration status. Specifically, extended blink 

durations and slower blink rates were observed in participants 

experiencing fluid loss, highlighting the sensitivity of ocular 

metrics to subtle physiological changes. Additionally, the 

study indicates that electrolyte imbalances are closely 

correlated with altered pupillary responses and blink 

behavior. Deviations in pupil size and reaction time, along 

with prolonged blink durations, were associated with 

fluctuations in sodium, potassium, and chloride levels 

measured via minimally invasive sweat sensors. This finding 

supports the feasibility of combining ocular metrics with 

biochemical measurements for more accurate and early 

detection of dehydration and electrolyte imbalance. 

However, certain environmental and methodological factors 

affect measurement accuracy. Lighting conditions, ambient 

temperature, and participant movement introduced variability 

in eye-tracking signals. Motion artifacts, calibration drift in 

sweat sensors, and inter-individual differences in ocular 

response also presented challenges. Despite these limitations, 

the overall trends remained significant and reproducible 

across multiple participants. Future enhancements to this 

approach include smartphone-based eye-tracking, enabling 

widespread accessibility without specialized equipment, and 

miniaturized wearable form factors for continuous 

monitoring in real-world environments. Furthermore, AI-

driven adaptive calibration can compensate for 

environmental noise, sensor drift, and individual variability, 

improving predictive accuracy. Collectively, these 

improvements have the potential to create a robust, non-

invasive, and practical solution for real-time hydration and 

electrolyte monitoring in diverse populations. 

 

VI. CONCLUSION 

This paper presented a novel non-invasive approach for 

detecting dehydration and electrolyte imbalance by 

integrating blink-based ocular metrics, minimal sweat-based 

electrolyte sensing, and machine learning algorithms. 

Traditional clinical methods, while accurate, are invasive, 

periodic, and unsuitable for continuous real-time monitoring. 

Existing wearable devices often provide indirect 

physiological indicators and lack electrolyte specificity. 

Sweat-based sensors, though effective, are frequently bulky 

and uncomfortable for prolonged use. Our proposed system 

addresses these limitations by combining eye-tracking 

metrics such as blink frequency, duration, and pupil response 

with lightweight, unobtrusive electrolyte sensors, enabling 

continuous, real-time monitoring. Machine learning models 

further enhance prediction accuracy by analyzing 

correlations between ocular signals and electrolyte levels. 

Experimental results demonstrate that this integrated 

approach achieves high sensitivity and reliability in detecting 

early signs of dehydration and electrolyte imbalance, offering 

timely feedback to users. The system is portable, 

comfortable, and suitable for diverse applications, including 

sports, elderly care, and clinical monitoring. Overall, this 

work bridges the gap between conventional invasive testing 

and modern non-invasive wearable solutions, providing a 

practical framework for real-time hydration management. 

Future work will focus on scaling the system for broader 

population studies, enhancing sensor miniaturization, and 

integrating predictive analytics for personalized hydration 

recommendations. 
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