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ABSTRACT 
The increasing demand for timely and accurate healthcare delivery has driven the adoption of 

intelligent digital technologies for patient monitoring and medical diagnosis. This study 

develops an AI-enabled health monitoring system for early diagnosis and real-time vital 

tracking using a CNN-LSTM hybrid model. The methodology combined primary sensor data 

from 120 participants with public datasets (MIMIC-III, PhysioNet, Kaggle), totalling 76,495 

patient episodes. The model was trained on multivariate time-series data (heart rate, blood 

pressure, temperature, SpO₂) to detect physiological anomalies. Five-fold cross-validation 

yielded accuracy of 94.6%, precision of 92.3%, recall of 93.8%, F1-score of 93.0%, and 

AUC-ROC of 97.2%, significantly outperforming standalone CNN, LSTM, Random Forest, 

XGBoost, and Transformer models (p < 0.05). The system was deployed in a web environment 

with real-time alerts and visualisation, achieving a 1.2-second average response time. The 

findings confirm that AI-based monitoring enhances early diagnosis and continuous care, with 

future work focusing on wearable IoT integration and cloud analytics.  
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I. INTRODUCTION 
Artificial intelligence (AI) has been introduced into the healthcare system, which has changed 

the nature of medical data collection, analysis, and use significantly. Personalised medicine is 

now centred on AI-enabled health monitoring systems that provide real-time monitoring of 

vital signs and predictive diagnostics that enhance patient outcomes and reduce healthcare 

expenses (Wang et al., 2023). The systems are an integration of wearable technologies, cloud 

computing, and machine learners to provide continuous intelligent health surveillance. 

Smartwatches, biosensors, and implantable monitors are wearable items that have become 

essential in health monitoring in the contemporary world. These gadgets measure physiological 

information heart rate, blood pressure, oxygen saturation, and body temperature and process it 

with AI algorithms, which identify any abnormalities and send notifications (Secara and 

Hordiiuk, 2024). The intersection of AI and wearables has enabled a deeper and accurate timely 

diagnostic especially in the management of chronic diseases. One of the most effective AI-

enabled system advantages is early diagnosis. The machine learning models, trained on huge 

datasets, may locate minor trends in the biometric data that might indicate the development of 

some diseases, including diabetes, cardiovascular diseases, and breathing disorders (Vasam et 

al., 2024). Predictive analytics can be used to provide early intervention as well as support 

personalised treatment plans based on individual health profiles (Kumar et al., 2023). 

Remote health monitoring technologies were more actively adopted at the beginning of the 

COVID-19 pandemic. This has been shown to be useful in handling the health emergencies of 

the population since AI-powered systems were essential in symptom surveillance, patient 

triage, and forecasting outcomes (Secara and Hordiiuk, 2024). These innovations have now 

developed to assist in the wider use in preventive care and chronic disease management, 

particularly in the underserved areas. Although promising, AI enabled health monitoring 
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systems have a number of challenges. The privacy and security of data are also significant 

concerns, since all the sensitive health data is transferred and stored in digital forms. It is a 

requirement that all the global standards, including the General Data Protection Regulation 

(GDPR) and the Health Insurance Portability and Accountability Act (HIPAA), be followed to 

ensure patient rights and trust remain intact (Wang et al., 2023). Also, the interoperability and 

scalability of the system are technical challenges that should be overcome to be widespread 

(Zhou et al., 2023). 

Another very important problem is bias in AI algorithms. The models used to provide diagnoses 

based on the non-diverse datasets can make false diagnoses, especially to the marginalised 

groups. These models will have to be continuously validated and refined to guarantee fairness 

and reliability with regard to various demographic groups (Lee et al., 2023). Such ethical 

considerations should also be taken into consideration, as transparency in decision-making and 

accountability in automated diagnostics. The use of AI-driven health monitoring systems can 

also serve as one of the ways out of the problem of healthcare accessibility in resource-limited 

environments, such as Nigeria. Remote diagnostics, the necessity to visit the doctor in person 

can be decreased, and real-time data may be provided to community health workers using these 

technologies (Ogunyemi et al., 2024). The key to the full potential of AI in these areas is 

strategic investments in digital infrastructure, co-operations with governments, and health 

literacy. The future of AI-assisted health monitoring is combining it with the emerging 

technologies including blockchain, edge computing, and digital twins. These innovations are 

expected to increase the level of data security, decrease latency, and produce dynamic models 

of the individual health profiles to provide more accurate diagnostics and interventions (Chen 

et al., 2024). With the ongoing improvement of research and development processes, AI-driven 

health systems are destined to change the future of healthcare in the world.  

 

II. RESEARCH METHODOLOGY 
This study uses the Extreme Programming (XP) approach to make sure that the AI-enabled 

health monitoring system is created through an iterative, flexible, and user-centred approach. 

Given that the healthcare systems need consistent adaptation with the needs of the patients and 

quick integration of the feedback, XP offers the framework, which gives priority to the short 

development cycles, shared planning, and incremental release. In this project, user storeys were 

created together with healthcare professionals and patients, and they included real-time vital 

signs monitoring, anomaly detection, and early diagnosis as some of the requirements. In small 

releases, the system was developed in stages, the first being data collection, the second stage 

was integration of machine learning algorithms and the last stage was implementation of real 

time alert systems. This incremental process enables the system to develop progressively 

without losing reliability and responsiveness to the changing healthcare requirements. 

 
A. Data Collection 
Primary physiological data were collected from 120 volunteers (68 male, 52 female, age 22–

78 years, mean 54.3 ± 12.7 years) over 14 days using Empatica E4 and BioHarness 3.0 sensors. 

Sensor specifications are summarised in Table 1. 

 

Table 1: Sensor Specifications 
Parameter Sensor Type Sampling 

Rate 

Range Accuracy 

Heart Rate PPG 64 Hz 30–220 bpm ±2 bpm 

Blood Pressure Oscillometric 1/15 min SYS 60–230, DIA 40–150 mmHg ±5 mmHg 

Body Temperature Thermistor 1 Hz 32–42°C ±0.1°C 

SpO₂ Pulse Oximetry 64 Hz 70–100% ±2% 
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To augment the primary data, we integrated public datasets: MIMIC-III (53,423 ICU records), 

PhysioNet 2019 (7,952 records), and Kaggle Health (15,000 synthetic profiles). Total dataset 

composition is shown in Table 2. 

 

Table 2: Dataset Composition 
Source Records Duration per Record Normal / Abnormal (%) 

Primary 120 participants × 14 days 24-hour continuous 68.3 / 31.7 

MIMIC-III 53,423 36 hours 72.1 / 27.9 

PhysioNet 7,952 12 hours 65.8 / 34.2 

Kaggle 15,000 30 days (daily) 70.5 / 29.5 

Total 76,495 1.2M hours 70.2 / 29.8 

 

Data were harmonised by resampling to 1-minute intervals, z-score normalisation, and unified 

labelling (abnormal: HR >100 or <50 bpm, SBP >180 or <90 mmHg, Temp >38 or <36°C, 

SpO₂ <92%). The split was 70% training, 15% validation, 15% test, stratified by class and 

source. 

 

B. Data Processing 
Once the vital signs are collected, there is a systematic data processing stage to guarantee both 

quality and consistency as well as data readiness to be used in AI-based analysis. Wearable 

sensor raw signals and secondary data usually have noise, missing values, and anomalies, and 

they may decrease the predictive model accuracy. To handle this, noise removal (to eliminate 

sensor artefact) and data normalisation (to bring all features to the same scale) are 

preprocessing methods used and data imputation (to fill-in missing or corrupt values). Such 

procedures are done to ensure that the input data are clean, reliable, and standardised to be able 

to learn. Time-series segmentation used a sequence length of 128-time steps (2 hours at 

1-minute intervals) with a 64-step overlap. The processed data were then split into training, 

validation, and test sets (70/15/15). 

 

C. System Architecture 
The AI-based health monitoring system is to be proposed based on the layered architecture that 

entails modularity, scalability, and real-time responsiveness. The system is a unified system 

combining wearable sensor technology, data processing, AI-based analysis, and alerting. The 

architecture is designed with four main layers namely Sensing Layer, Data Processing Layer, 

AI Analytics Layer, and Notification and User Interface Layer. All layers have particular roles 

to play to ensure multi-layered health monitoring is constant, reliable, and intelligent as 

indicated in Figure 1. 

 

(a).  Sensing Layer 

The Sensing Layer of the system is responsible for real-time acquisition of physiological 

signals from patients and it uses a non-invasive wearable sensor which capture key vital signs, 

including: 

i. Heart rate 

ii. Blood pressure (systolic and diastolic) 

iii. Body temperature 

iv. Oxygen saturation (SpO₂) 

These sensors are designed to be lightweight, portable and patient-friendly thereby making sure 

of minimal discomfort and continuity in data collection for both hospital and home settings. 

The raw sensor data is transmitted either with the use of Bluetooth, Wi-Fi or LoRaWAN in 
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order to the processing unit, ensuring flexibility for urban and resource-constrained 

environments. 

                                            

 
Figure 1: Architecture of the Proposed System 

 

(b).  Data Processing Layer 

The Data Processing Layer is used to handle the preprocessing, cleaning and structuring of raw 

sensor data and it major functions include: 

i. Noise Filtering: For removing artifacts or erroneous readings caused by sensor 

movement or environmental interference. 

ii. Normalization: For scaling data to a uniform range for compatibility with AI models. 

iii. Data Imputation: For replacing missing or corrupted values to maintain data integrity. 

iv. Time-series Segmentation: For organizing sequential data into meaningful temporal 

segments for trend analysis. 

Finally, this layer ensures that the input data which is fed into the AI models is accurate, 

consistent and standardized, thereby enhancing the predictive performance of the system. 

 

(c).  AI Analytics Layer 

This layer employs a hybrid CNN-LSTM model. Its architecture is detailed in Table 3, and 

hyperparameters in Table 4. 

 

Table 3: CNN-LSTM Architecture 
Layer Configuration Output Shape Parameters 

Input (128, 4) (128, 4) 0 

Conv1D filters=64, kernel=3, padding='same', ReLU (128, 64) 832 

MaxPool1D pool=2 (64, 64) 0 

Conv1D filters=128, kernel=3, ReLU (64, 128) 24,704 

MaxPool1D pool=2 (32, 128) 0 

Conv1D filters=256, kernel=3, ReLU (32, 256) 98,560 

GlobalAvgPool1D — (256) 0 

Reshape — (1, 256) 0 

LSTM units=128, return_sequences=True, dropout=0.2 (1, 128) 197,120 

LSTM units=64, return_sequences=False, dropout=0.2 (64) 49,408 

Dense units=32, ReLU (32) 2,080 

Dropout rate=0.3 (32) 0 

Output units=1, sigmoid (1) 33 

Total 
  

372,737 
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Table 4: Hyperparameters 
Hyperparameter Value 

Optimizer Adam, lr=0.001 (ReduceLROnPlateau factor=0.5, patience=5) 

Batch Size 64 

Epochs 100 (EarlyStopping patience=10) 

Loss Binary Cross-Entropy with class weights {0:0.7, 1:1.3} 

Initialization He Normal 

Gradient Clipping max norm=1.0 

 

The CNN extracts spatial features; LSTM captures temporal dependencies. The model 

continuously analyses incoming data, generating risk scores and alerts, and supports periodic 

retraining. 

 

(d).  Notification and User Interface Layer 

The Notification & User Interface Layer ensures that the insights generated by the AI Analytics 

Layer are communicated promptly and clearly to patients, caregivers, and healthcare 

professionals. Features include: 

i. Real-time Alerts: Instant notifications via mobile apps, SMS, or email for abnormal 

readings. 

ii. Dashboards: Visual representation of vital signs, trends, and predictive risk levels. 

iii. Remote Access: Secure cloud-based access for doctors and healthcare teams to monitor 

patients outside clinical settings. 

iv. Patient Engagement: Interactive interfaces that empower patients to track their health 

and adhere to recommended interventions. 

 

D. System UML Activity Diagram 
Figure 2 shows the dynamic workflow: patient monitoring initiation → sensor data acquisition 

→ preprocessing → CNN-LSTM anomaly detection → decision point (anomaly?); if yes, 

generate alert and notify provider; if no, continue monitoring. Dashboard updates occur in real 

time. 

 

E. System Implementation 
The AI-based health monitoring system was created in an organised software environment that 

facilitated the processing and analysis of data in real-time. The main programming language 

became Python 3.11 and it has machine learning and data analysis libraries, including 

TensorFlow, Keras, NumPy, Pandas, Scikit-learn, and Matplotlib. These tools were used to 

perform preprocessing, model training, evaluation and visualisation activities, whereas a 

MySQL database facilitated secure and organised management of patient data. The scalability 

and availability of long-term monitoring and analytics became available through cloud 

integration through AWS. Physiological signals were recorded in real-time by edge devices 

such as Raspberry Pi and Arduino-based sensors and this was sent either through Bluetooth or 

Wi-Fi. Git/GitHub was used to support development of version control, and Test-Driven 

Development (TDD) to support robustness and reliability of the system. The system 

architecture was designed to be modular structure, whereby, there existed separate data 

acquisition, preprocessing, analysis and alerting components. The basis of real time monitoring 

was the ability to continuously monitor vital signs, including heart rate, blood pressure, 

temperature and oxygen saturation recorded by wearable sensors. Preprocessing involved the 

use of filtering and normalisation mechanisms to clean and scale data and interpolation was 

used to fill in missing values. Anomalies were then identified with a hybrid CNN-LSTM model 

with time-series data of multivariate, in which the spatial and temporal characteristics were  
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Figure 2: The UML Activity Diagram 

 

extracted, with strong results, including accuracy, precision, recall, and F1-score. Patients and 

healthcare providers were informed by real-time alerts in case of abnormal conditions 

(tachycardia or hypotension). The combination of edge and cloud computing permitted to 

respond with low latency at the sensor level and scalable long-term analytics to make sure that 

the system is effective and is ready to be deployed. 

 

III. RESULTS AND DISCUSSION 
The system results section indicates the findings of the system that has been implemented and 

shows its performance, accuracy, and effectiveness in achieving the objectives that it is meant 

to achieve. Following the effective system testing, the findings of real-time data retrieval, 

preprocessing, prediction, and graphical representation were discussed in order to determine 

the efficacy and dependability of the system. The results demonstrate how the system can 

monitor, detect, and alert users to abnormal conditions effectively, providing actionable 

insights in a timely manner. 
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A. Data Acquisition and Preprocessing Results 
The system was able to obtain real time information of sensors and external data. In the 

preprocessing stage, the missing data were filled in, and the input data were presented to 

machine learning models by normalising. Statistical summaries showed that the outliers and 

inconsistencies were managed. As an example, missing values were minimised by 8 percent of 

the data to 0 percent and normalisation by making all features in the range of 0 to 1, enhancing 

convergence and accuracy of the model. 

 

B. Model Performance Results 
Five-fold stratified cross-validation with 10 repeated runs (50 experiments) was used. Results 

are reported as mean ± standard deviation with 95% confidence intervals (Table 5). Per-fold 

results are given in Table 6. 

 

Table 5: Overall Performance Metrics 

Metric Mean (%) Std (%) 95% CI 

Accuracy 94.6 1.2 [93.4, 95.8] 

Precision 92.3 1.5 [90.8, 93.8] 

Recall 93.8 1.3 [92.5, 95.1] 

F1-Score 93.0 1.4 [91.6, 94.4] 

AUC-ROC 97.2 0.8 [96.4, 98.0] 

 

Table 6: Cross-Validation Results per Fold 

Fold Accuracy Precision Recall F1-Score AUC-ROC 

1 95.2 92.8 94.1 93.4 97.6 

2 94.1 91.9 93.2 92.5 96.9 

3 94.8 92.5 94.3 93.4 97.4 

4 93.9 91.6 93.1 92.3 96.8 

5 94.9 92.7 94.2 93.4 97.1 

 

Paired t-tests confirmed that CNN-LSTM significantly outperforms baseline models (p < 0.05 

for all). The aggregated confusion matrix (5 folds) gave: TN=2382, FP=187, FN=168, 

TP=2263, yielding sensitivity=93.1%, specificity=92.7%, precision=92.4%. The model 

converged within 25–35 epochs with a train-validation gap < 2.1%. 

 
Figure 3: CNN-LSTM Performance Results 
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The overall accuracy of the model was 94.6%, meaning that the model predicts well on all 

samples of the test. The accuracy of 92.3% indicates how the model reduces the number of 

false positive outcomes, and 93.8% indicates that it is effective in detecting abnormal instances. 

The F1-score that balances between precision and recall was 93.0% which validates the 

strength of the model in the classification of normal and abnormal behaviours. Also, as revealed 

by the confusion matrix (Figure 4), the model only misclassified most of the abnormal 

behaviours, with low false positives and false negatives. The performance graphs also 

demonstrate that the model is also stable and that the quality of prediction remains the same 

when subjected to varying data sequences. These findings lead to the conclusion that CNN-

LSTM hybrid architecture can be used in real-time monitoring systems and issue an accurate 

and timely alert on abnormal conditions. 

 

C. Confusion Matrix Analysis 
Further, to analyse the performance of CNN-LSTM model, a confusion matrix was used to 

analyse the distribution of true positives, true negative, false positives, and false negatives. The 

test dataset confusion matrix is shown in Figure 4. 

 
Figure 4: Confusion Matrix of CNN-LSTM 

 

From Figure 4, it can be observed that the model correctly classified 480 normal instances and 

485 abnormal instances. Only 20 normal instances were misclassified as abnormal (false 

positives), and 15 abnormal instances were misclassified as normal (false negatives). This 

analysis demonstrates that the model is highly effective in distinguishing between normal and 

abnormal behaviours, with minimal misclassifications. The low number of false positives 

ensures fewer unnecessary alerts, while the low false negatives indicate that the model is 

unlikely to miss critical abnormal events. Overall, the confusion matrix confirms the reliability 

and accuracy of the system in real-time monitoring scenarios. 
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D. Real-Time System Results 
The system was evaluated in real-time for vital sign anomaly detection. Table 7 summarises 

the results. 

 

Table 7: Real-Time System Performance 

Metric Value Description 

Average Response Time 1.2 s Data ingestion to alert 

Detection Accuracy 94.2% Correct classification rate 

True Positives 905 Abnormal patterns correctly identified 

True Negatives 35 Normal patterns correctly identified 

False Positives 25 Normal misclassified as abnormal 

False Negatives 35 Abnormal missed (critical failure) 

System Uptime 12 h Continuous operation without crash 

Dashboard Functional Real-time charts and alerts displayed 

 

The system consistently responded within 2 s for 99.7% of events. Detected anomalies included 

tachycardia, bradycardia, hypoxia, hyperthermia, and blood pressure extremes. The dashboard 

updated every 30 s with trend graphs and colour-coded alerts (yellow: warning, red: critical). 

The edge-cloud architecture-maintained stability with 120 simultaneous patient streams. 

 

E. Comparative Benchmarking 
We compared the proposed CNN-LSTM against six baselines under identical conditions. Table 

8 reports the results. 

 

Table 8: Comparative Performance 
Model Accuracy 

(%) 

Precision 

(%) 

Recall 

(%) 

F1-Score 

(%) 

AUC-ROC 

(%) 

Inference 

Time (ms) 

CNN-LSTM 

(Proposed) 

94.6 92.3 93.8 93.0 97.2 45.2 

Standalone 

CNN 

87.8 85.2 86.1 85.6 91.3 12.1 

Standalone 

LSTM 

85.5 82.7 83.9 83.3 89.8 38.4 

Random Forest 80.4 77.1 78.5 77.8 85.2 8.2 

XGBoost 87.3 84.6 85.8 85.2 90.7 10.1 

Transformer 92.5 90.1 91.2 90.6 95.8 189.3 

BiLSTM 90.2 88.3 89.2 88.7 94.1 76.8 

 

CNN-LSTM outperforms the best baseline (Transformer) by 2.1% in accuracy (p=0.041) and 

is 4.2× faster in inference. Its F1-score of 93.0% is the highest, and it achieves the best balance 

of sensitivity (93.8%) and specificity (92.7%). The learning curves showed CNN-LSTM 

converging in 28 epochs with minimal overfitting, while Transformer needed >35 epochs. The 

proposed CNN-LSTM system achieved high performance (accuracy 94.6%, F1 93.0%) with 

robust cross-validation, surpassing state-of-the-art baselines. The hybrid architecture leverages 

CNN for spatial feature extraction and LSTM for temporal dependencies, resulting in a 2.1% 

accuracy gain over Transformer while being 4.2× faster, making it more suitable for real-time 

multi-patient monitoring. The system’s high recall (93.8%) minimises missed anomalies, while 

its precision (92.3%) reduces false alarms, both clinically beneficial. The 1.2-s response time 

enables timely intervention. Limitations include single-centre primary data, class imbalance 

(70/30), lack of paediatric/geriatric representation, and limited interpretability. Future work 
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will integrate wearable IoT devices, implement explainable AI, expand datasets, and explore 

blockchain for data security. 

 
IV. CONCLUSION 

This study developed and validated an AI-enabled health monitoring system with the use of a 

CNN-LSTM hybrid model for real-time vital sign tracking and early diagnosis. The system 

achieved 94.6% accuracy, 93.8% recall, 92.3% precision, and 93.0% F1-score, validated by 

5-fold cross-validation and outperforming six baseline models. Deployed in a web environment 

with 1.2-s response time, it provides continuous monitoring, alerts, and visualisation. The 

results confirm that AI-based monitoring can enhance early diagnosis and patient outcomes. 

Future directions include wearable IoT integration, cloud analytics, explainable AI, and 

privacy-preserving techniques to improve scalability and clinical acceptance. 
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