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Abstract 

Biomedical signal classification has become an important area of research in modern healthcare 

because ECG and EEG signals provide valuable information about the functional condition of 

the heart and the brain. ECG signals are widely used for detecting arrhythmia, abnormal 

heartbeat, myocardial infarction, and other cardiovascular disorders, while EEG signals are 

useful for identifying epileptic seizures, brain activity patterns, sleep disorders, and 

neurological abnormalities. However, manual interpretation of ECG and EEG signals is 

difficult, time-consuming, and dependent on expert knowledge because these signals are 

nonlinear, time-varying, and affected by noise and artifacts. To overcome these limitations, 

this paper presents an efficient deep learning framework for ECG and EEG signal classification 

in embedded healthcare systems. The proposed framework focuses on automated signal 

preprocessing, feature learning, classification, and embedded deployment. Deep learning 

models such as CNN, RNN, LSTM, and hybrid CNN-LSTM are suitable for learning spatial 

and temporal patterns from biomedical signals. CNN models can extract important waveform 

features, while LSTM models can learn time-based dependencies in sequential ECG and EEG 

data. The framework also emphasizes lightweight model design, model optimization, 

quantization, and pruning so that the trained model can be deployed on embedded healthcare 

devices with limited memory, processing power, and battery capacity. Integration with 

wearable ECG and EEG systems, IoT-based healthcare platforms, and edge computing can 

enable real-time monitoring, faster diagnosis, and immediate alert generation in critical 

conditions such as arrhythmia and epileptic seizure. This study highlights that deep learning-

based ECG and EEG classification can support smart healthcare, remote patient monitoring, 

telemedicine, and preventive diagnosis. The proposed approach can assist healthcare 

professionals by reducing manual workload, improving diagnostic consistency, and providing 

early detection of cardiovascular and neurological abnormalities.  

Keywords: Deep Learning, ECG Classification, EEG Classification, Embedded Healthcare 

Systems, Biomedical Signal Processing, CNN, LSTM, CNN-LSTM, IoT Healthcare 

Introduction 

Biomedical signal analysis has become one of the most important areas of modern healthcare 

technology because it provides useful information about the physiological condition of the 

human body. Among different biomedical signals, Electrocardiogram and 
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Electroencephalogram signals are highly significant because they represent the functional 

activities of two vital organs, the heart and the brain. ECG records the electrical activity of the 

heart and is widely used for the detection of arrhythmia, myocardial infarction, heart rhythm 

disorders, and other cardiovascular abnormalities. EEG records the electrical activity of the 

brain and is commonly used for the diagnosis of epilepsy, seizure disorders, sleep 

abnormalities, neurological dysfunctions, and brain activity monitoring. The accurate 

interpretation of these signals is essential for early diagnosis, continuous monitoring, and 

timely medical intervention. In conventional healthcare practice, ECG and EEG signals are 

generally interpreted by trained medical experts such as cardiologists, neurologists, and clinical 

technicians. Although expert-based diagnosis is valuable, manual interpretation of biomedical 

signals is often difficult, time-consuming, and prone to human error. ECG and EEG signals are 

nonlinear, time-varying, and sensitive to different types of noise and artifacts. ECG signals 

may be affected by baseline wander, muscle noise, electrode movement, and power-line 

interference. EEG signals are even more complex because they are low-amplitude signals and 

may be disturbed by eye movement, muscle activity, head motion, and external electrical noise. 

Due to these complexities, the manual examination of long-duration ECG and EEG recordings 

becomes challenging, especially in emergency care, intensive care units, remote monitoring, 

and wearable healthcare systems. 

The rapid increase in cardiovascular and neurological disorders has created a strong need for 

automated and intelligent diagnostic systems. Continuous ECG monitoring can generate 

thousands of heartbeat samples in a single day, while EEG recordings may produce large 

multichannel data for several hours. It is not practical for medical experts to manually analyze 

such a large amount of data in real time. Delays in identifying abnormal heart rhythms or 

epileptic seizure patterns can lead to serious health complications. Therefore, automated 

classification systems are required to process biomedical signals quickly, identify abnormal 

patterns accurately, and support healthcare professionals in clinical decision-making. Such 

systems can reduce diagnostic delay, improve consistency, and provide early warning in critical 

medical conditions. Traditional machine learning techniques have been used for biomedical 

signal classification for many years. Methods such as Support Vector Machine, k-Nearest 

Neighbors, Decision Tree, and Random Forest have contributed significantly to ECG and EEG 

classification. However, these approaches usually depend on handcrafted feature extraction. In 

such systems, features must be manually extracted from the time domain, frequency domain, 

or time-frequency domain before classification. This process requires expert knowledge and 

may not capture all complex hidden patterns in biomedical signals. The performance of 

traditional machine learning models also depends heavily on the quality of selected features. If 

important features are missed, the classification accuracy may decrease. 

Deep learning has introduced a major advancement in biomedical signal classification because 

it can automatically learn meaningful features from raw or preprocessed data. Deep learning 

models such as Convolutional Neural Networks, Recurrent Neural Networks, Long Short-Term 

Memory networks, and hybrid CNN-LSTM models are highly effective for analyzing complex 

ECG and EEG signals. CNN models are useful for extracting spatial and morphological 
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features from signal waveforms, such as QRS complexes in ECG or important patterns in EEG 

channels. LSTM models are suitable for learning temporal dependencies because ECG and 

EEG signals are sequential in nature. A hybrid CNN-LSTM framework can combine both 

spatial and temporal learning, making it more powerful for accurate biomedical signal 

classification. The uploaded project also highlights the use of CNN, RNN, LSTM, and CNN-

LSTM models for ECG and EEG signal classification using datasets such as MIT-BIH 

Arrhythmia and Epileptic Seizure Recognition datasets. The proposed title, “An Efficient Deep 

Learning Framework for ECG and EEG Signal Classification in Embedded Healthcare 

Systems,” focuses not only on classification accuracy but also on practical implementation in 

embedded healthcare environments. Embedded healthcare systems are compact computing 

systems integrated into medical devices for real-time monitoring and diagnosis. Examples 

include portable ECG monitors, EEG headsets, smartwatches, wearable patches, remote health 

monitoring devices, and IoT-based healthcare platforms. These systems require algorithms that 

are accurate, fast, lightweight, and energy-efficient. Since embedded devices often have limited 

memory, low processing power, and restricted battery capacity, deep learning models must be 

optimized before deployment. Techniques such as model compression, pruning, quantization, 

and lightweight architecture design can help in making deep learning models suitable for 

embedded devices. Real-time healthcare monitoring is one of the most important motivations 

behind this research. In critical situations such as sudden cardiac arrhythmia or epileptic 

seizure, fast detection can save lives. An efficient deep learning framework can continuously 

process incoming ECG and EEG signals and generate alerts when abnormal activity is detected. 

This can be highly useful in hospitals, home-based healthcare, rural healthcare, telemedicine, 

and remote patient monitoring. The integration of deep learning with embedded systems can 

also reduce dependency on cloud-based processing. Through edge computing, signal analysis 

can be performed directly on the device, which reduces latency, improves privacy, and supports 

healthcare services even in areas with poor internet connectivity. 

The present study is important because it combines biomedical signal processing, artificial 

intelligence, deep learning, and embedded system design into a single framework. Its purpose 

is not to replace doctors or medical experts, but to provide an intelligent decision-support 

system that can assist them in faster and more reliable diagnosis. By classifying ECG and EEG 

signals automatically, the system can help in the early detection of cardiovascular and 

neurological abnormalities. It can also improve patient monitoring by providing continuous, 

real-time, and automated analysis. Thus, an efficient deep learning framework for ECG and 

EEG signal classification has strong potential to contribute to smart healthcare, preventive 

diagnosis, and accessible medical technology. In conclusion, ECG and EEG signal 

classification is a crucial research area in modern biomedical engineering. The complexity of 

these signals, limitations of manual interpretation, increasing healthcare data, and need for real-

time monitoring make automated classification highly necessary. Deep learning provides a 

powerful solution by automatically learning complex features and improving classification 

performance. When combined with embedded healthcare systems, deep learning-based 

classification can support portable, low-cost, real-time, and intelligent medical monitoring. 
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Therefore, this research title represents a relevant and practical direction toward the 

development of smart embedded healthcare systems for improved diagnosis and patient care. 

Importance of ECG and EEG Signals 

ECG and EEG signals are very important biomedical signals because they provide direct 

information about the working condition of the heart and the brain. In modern healthcare, both 

signals are used as primary diagnostic tools for identifying serious diseases at an early stage. 

ECG, or Electrocardiogram, records the electrical activity of the heart, while EEG, or 

Electroencephalogram, records the electrical activity of the brain. These signals help doctors 

understand whether the heart rhythm and brain activity are normal or abnormal. Since 

cardiovascular and neurological disorders are increasing rapidly, the analysis of ECG and EEG 

signals has become highly significant in hospitals, intensive care units, wearable healthcare 

devices, and remote patient monitoring systems. The uploaded project also explains that ECG 

and EEG signals are useful for detecting diseases such as arrhythmia and epileptic seizures, but 

their manual interpretation is difficult and requires expert knowledge. 

ECG plays a central role in the diagnosis of heart-related problems because it shows the 

electrical rhythm of the heart in waveform form. A normal ECG waveform contains important 

components such as the P wave, QRS complex, and T wave. Each of these components 

represents a specific electrical event of the cardiac cycle. The P wave shows atrial activity, the 

QRS complex shows ventricular depolarization, and the T wave shows ventricular 

repolarization. Any abnormality in these waves, intervals, or rhythm patterns may indicate a 

heart disorder. For example, irregular heartbeat patterns may point toward arrhythmia, while 

abnormal ST-segment or T-wave changes may indicate ischemia or myocardial infarction. 

ECG is therefore essential for detecting arrhythmia, heart block, myocardial infarction, 

abnormal conduction, and other cardiovascular problems. The importance of ECG becomes 

even greater in emergency and real-time monitoring situations. In intensive care units and 

wearable healthcare systems, continuous ECG monitoring helps in identifying dangerous heart 

conditions immediately. A patient may experience sudden changes in heart rhythm, and if these 

changes are detected early, timely medical treatment can be provided. However, long-term 

ECG recordings generate a large amount of data, which is difficult to analyze manually. This 

is why automated ECG classification using deep learning is important. Deep learning models 

can learn hidden patterns from ECG signals and classify normal and abnormal heartbeats with 

greater speed and consistency. Such automated systems can reduce human error, support 

doctors in diagnosis, and improve patient safety. 

EEG is equally important for neurological diagnosis because it records the electrical activity 

produced by neurons in the brain. The brain contains billions of neurons that communicate 

through electrical impulses. EEG captures these electrical patterns through electrodes placed 

on the scalp. EEG signals are highly useful for detecting neurological disorders, especially 

epilepsy and seizure-related conditions. During an epileptic seizure, abnormal electrical 

activity occurs in the brain, and this activity appears as unusual patterns in the EEG signal. By 

analyzing these patterns, seizure activity can be detected and classified. EEG is also used for 

studying different brain states, sleep stages, cognitive activity, mental workload, and 
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neurological abnormalities. EEG signals are generally divided into frequency bands such as 

Delta, Theta, Alpha, Beta, and Gamma. Each frequency band is associated with a particular 

brain function or mental state. For example, Delta waves are usually linked with deep sleep, 

Alpha waves with relaxed wakefulness, Beta waves with active thinking, and Gamma waves 

with higher cognitive processing. The classification of these EEG patterns helps in 

understanding brain function and identifying abnormal neurological activity. 

However, EEG analysis is more complex than ECG analysis because EEG signals are low in 

amplitude, nonlinear, irregular, and highly sensitive to noise. Eye movement, muscle activity, 

electrode movement, and external interference can disturb EEG recordings. Manual EEG 

interpretation also requires high expertise because multiple channels must be analyzed at the 

same time. Automated EEG classification using deep learning can overcome many of these 

difficulties. CNN, RNN, LSTM, and hybrid deep learning models can automatically learn 

useful spatial and temporal patterns from EEG data. This makes them suitable for seizure 

detection, brain activity classification, sleep analysis, and neurological monitoring. Automated 

analysis of ECG and EEG signals is clinically important because it improves the speed, 

accuracy, and reliability of diagnosis. In traditional clinical practice, doctors and specialists 

manually examine signal waveforms to identify abnormalities. Although expert interpretation 

is valuable, it is time-consuming and may vary from one expert to another. In cases where long-

duration ECG or EEG recordings are used, manual analysis becomes even more difficult. 

Automated classification systems can process large amounts of biomedical data quickly and 

provide consistent results. 

 
Figure 1: EEG (Electroencephalogram) Signal 

Deep learning-based automated analysis is especially useful because it can learn complex 

signal features without depending completely on manual feature extraction. In ECG analysis, 

it can detect subtle rhythm changes and classify heartbeats into normal and abnormal 

categories. In EEG analysis, it can identify seizure patterns and classify different types of brain 

activity. This can help doctors make faster clinical decisions, especially in emergency care, 

intensive care units, remote healthcare, and telemedicine. The clinical relevance of automated 

ECG and EEG analysis also extends to embedded healthcare systems. Modern healthcare is 

moving toward portable and wearable devices that can continuously monitor patients outside 
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hospitals. If deep learning models are integrated into embedded systems, they can provide real-

time alerts for abnormal heart or brain activity. This is highly useful for patients with chronic 

cardiac or neurological disorders. It can also benefit rural and underserved areas where 

specialist doctors may not be easily available. In this way, automated ECG and EEG analysis 

supports early diagnosis, continuous monitoring, timely treatment, and better healthcare 

accessibility. Thus, ECG and EEG signals are not only diagnostic tools but also the foundation 

of intelligent healthcare monitoring systems. ECG helps in identifying heart rhythm disorders 

and cardiac abnormalities, while EEG helps in detecting seizures and analyzing brain activity. 

When these signals are analyzed through automated deep learning-based systems, they become 

more useful for real-time diagnosis, clinical decision support, and smart embedded healthcare 

applications. 

Need for Automated Classification 

Automated classification of ECG and EEG signals has become a major requirement in modern 

healthcare because the volume, complexity, and clinical importance of biomedical data are 

increasing continuously. ECG signals provide information about the electrical activity of the 

heart, while EEG signals provide information about the electrical activity of the brain. Both 

signals are highly useful for detecting serious disorders such as arrhythmia, myocardial 

infarction, epileptic seizures, sleep disorders, and other neurological abnormalities. However, 

accurate interpretation of these signals is not always simple. ECG and EEG signals are 

nonlinear, time-dependent, and often affected by noise and artifacts. ECG recordings may be 

disturbed by baseline wander, muscle interference, electrode movement, and power-line noise. 

EEG recordings are even more sensitive and may be affected by eye blinking, muscle activity, 

head movement, and environmental interference. Due to these challenges, manual 

interpretation requires high expertise and careful observation. In traditional healthcare systems, 

ECG and EEG signals are generally analyzed by cardiologists, neurologists, or trained medical 

professionals. Although expert interpretation is clinically important, it has several limitations. 

Manual analysis is time-consuming, especially when recordings are long or continuous. For 

example, a patient under continuous ECG monitoring may generate thousands of heartbeat 

segments in a single day. Similarly, EEG monitoring for epilepsy or sleep study may produce 

several hours of multichannel data. It is difficult for a human expert to examine such large 

datasets quickly and consistently. In emergency conditions, delay in detecting abnormal heart 

rhythms or seizure activity may create serious risk for the patient. Therefore, an automated 

classification system is needed to analyze biomedical signals rapidly and identify abnormal 

patterns without unnecessary delay. 

Another important reason for automated classification is the reduction of human error and 

diagnostic variability. Different experts may interpret the same ECG or EEG signal differently, 

especially when abnormalities are mild, complex, or hidden within noisy recordings. This inter-

observer variation can affect diagnostic reliability. Automated classification systems provide a 

standardized method of analysis. Once trained properly, the system applies the same decision 

logic to every signal segment, which improves consistency in classification. Deep learning-

based models are especially useful because they can automatically learn important signal 
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features and detect subtle patterns that may not be easily visible through manual inspection. 

Automated classification is also necessary because of the growing use of wearable and 

embedded healthcare devices. Modern healthcare is moving from hospital-based diagnosis to 

continuous and remote monitoring. Portable ECG devices, EEG headsets, smartwatches, health 

patches, and IoT-based medical devices are now being used to monitor patients in real time. 

These systems require fast and intelligent algorithms that can process incoming signals 

immediately and generate alerts when abnormal activity is detected. Manual interpretation 

cannot support such continuous real-time monitoring. Therefore, automated classification 

becomes essential for embedded healthcare systems, where decisions must be made quickly 

using limited memory, processing power, and battery capacity. Deep learning has made 

automated ECG and EEG classification more effective. Traditional machine learning methods 

depend on handcrafted features, which require expert knowledge and may not capture all 

complex patterns present in biomedical signals. In contrast, deep learning models such as CNN, 

RNN, LSTM, and CNN-LSTM can learn spatial and temporal features directly from signal 

data. CNN can identify waveform patterns, while LSTM can understand time-based 

dependencies in sequential signals. A hybrid framework can combine both abilities and 

improve classification performance. This makes automated classification more accurate, 

efficient, and suitable for clinical decision support. 

Deep Learning-Based ECG Classification 

Deep learning-based ECG classification is an advanced method of analyzing 

Electrocardiogram signals with the help of artificial intelligence models. ECG signals represent 

the electrical activity of the heart and provide important clinical information about heartbeat 

rhythm, cardiac conduction, and heart abnormalities. A normal ECG waveform generally 

includes P wave, QRS complex, and T wave, and each component reflects a specific electrical 

activity of the heart. Any variation in these waves, intervals, rhythm patterns, or signal 

morphology may indicate arrhythmia, myocardial infarction, heart block, ischemia, or other 

cardiac disorders. Therefore, accurate ECG classification is very important for early diagnosis 

and continuous cardiac monitoring. The uploaded project also explains that ECG signals are 

used for detecting arrhythmia and other heartbeat classes, and deep learning models such as 

CNN, RNN, LSTM, and CNN-LSTM are applied for automatic classification.  In traditional 

ECG analysis, doctors or trained experts visually examine ECG waveforms to detect 

abnormalities. Although this method is clinically useful, it has certain limitations. ECG signals 

are often affected by noise such as baseline wandering, muscle artifacts, electrode movement, 

and power-line interference. Long-duration ECG recordings can also generate thousands of 

heartbeat segments, making manual analysis difficult and time-consuming. In such conditions, 

there is a possibility of delay, misclassification, and human error. Deep learning-based ECG 

classification helps overcome these limitations by automatically learning important patterns 

from ECG data and classifying signals into normal and abnormal categories. The main 

advantage of deep learning is its ability to learn features automatically. Traditional machine 

learning methods require manual feature extraction, where experts select features such as RR 

interval, QRS duration, heart rate variability, amplitude, frequency components, and waveform 
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shape. However, manual feature extraction may not capture all hidden and complex patterns of 

ECG signals. Deep learning models such as Convolutional Neural Networks can directly learn 

morphological features from ECG waveforms. CNN models are especially useful for 

identifying local patterns such as QRS complex shape, ST-segment changes, P-wave variation, 

and T-wave abnormalities. These features help the model distinguish normal heartbeat from 

abnormal heartbeat types. Recurrent Neural Networks and Long Short-Term Memory networks 

are also useful in ECG classification because ECG is a time-series signal. Heartbeat patterns 

are not only identified by a single waveform, but also by the sequence and timing between 

heartbeats. LSTM models can learn temporal dependencies and long-term rhythm patterns 

from ECG signals. For example, in arrhythmia detection, the relation between consecutive 

heartbeats is very important. A single beat may not clearly show the disorder, but a sequence 

of beats may reveal irregular rhythm. Therefore, LSTM-based models are effective for 

detecting rhythm-based abnormalities. A hybrid CNN-LSTM model is considered more 

powerful because it combines the strengths of both models. CNN extracts spatial and 

morphological features from ECG waveforms, while LSTM learns the temporal relationship 

between signal segments. This combination improves classification accuracy and makes the 

model more suitable for real-time cardiac monitoring. In embedded healthcare systems, such 

models can be optimized and deployed in portable ECG devices, wearable sensors, 

smartwatches, and remote patient monitoring systems. 

 
Figure 2: Electrocardiogram (ECG) Signal 

Deep learning-based ECG classification usually follows several steps. First, ECG data is 

collected from datasets or monitoring devices. Then preprocessing is performed to remove 

noise, normalize the signal, and segment the ECG into heartbeat windows. After preprocessing, 

the data is given to the deep learning model for training. During training, the model learns the 

difference between normal and abnormal ECG patterns. After training, the model is tested 

using unseen ECG data. Its performance is evaluated through accuracy, precision, recall, 

sensitivity, specificity, F1-score, and confusion matrix. Clinically, deep learning-based ECG 

classification is highly useful because it supports early detection of cardiac abnormalities. It 

can help identify arrhythmia, abnormal heartbeat, heart rate variation, and other cardiac 

irregularities in real time. It reduces the burden on doctors by providing automatic preliminary 

analysis. It is especially valuable in emergency care, intensive care units, telemedicine, rural 
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healthcare, and wearable health monitoring. The system does not replace medical experts, but 

it works as a decision-support tool that helps them make faster and more accurate decisions. 

Thus, deep learning-based ECG classification is an efficient and intelligent approach for 

automatic cardiac signal analysis. It improves speed, accuracy, and reliability in heart disease 

detection. By integrating this technique with embedded healthcare systems, continuous and 

real-time ECG monitoring becomes possible, which can improve patient safety, early 

diagnosis, and smart healthcare services. 

Embedded and IoT-Based Healthcare Monitoring 

Embedded and IoT-based healthcare monitoring is an advanced healthcare approach in which 

biomedical sensors, embedded processors, communication modules, and intelligent algorithms 

work together to monitor a patient’s health condition continuously. In traditional healthcare 

systems, patients usually visit hospitals for diagnosis, and medical devices are mainly used 

under clinical supervision. However, modern healthcare is moving toward real-time, portable, 

and remote monitoring systems. In this context, embedded systems and Internet of Things 

technology play an important role. Embedded healthcare systems are specially designed 

computing units that are integrated into medical devices to collect, process, and analyze 

physiological data such as ECG and EEG signals. IoT-based healthcare systems connect these 

devices with doctors, hospitals, cloud platforms, or mobile applications so that patient data can 

be monitored from any location. The uploaded project also explains that embedded healthcare 

devices can process ECG and EEG signals in real time and support continuous monitoring, 

early diagnosis, and smart healthcare applications. Wearable ECG and EEG systems are 

portable medical devices that can continuously record heart and brain activities without 

restricting the patient to a hospital environment. A wearable ECG system may include 

smartwatches, chest patches, portable ECG monitors, or sensor-based cardiac belts. These 

devices record the electrical activity of the heart and help in detecting arrhythmia, abnormal 

heart rhythm, irregular heartbeat, and other cardiovascular conditions. Since ECG 

abnormalities may occur suddenly and may not be captured during a short hospital visit, 

wearable ECG systems are highly useful for long-term monitoring. They can continuously 

observe the patient’s heartbeat and generate alerts when abnormal patterns are detected. 

Similarly, wearable EEG systems are used to record brain activity through lightweight EEG 

headsets or portable electrode-based devices. These systems are useful for seizure detection, 

sleep monitoring, cognitive load analysis, brain-computer interface applications, and 

neurological disorder monitoring. In epilepsy patients, seizure activity may occur 

unexpectedly. A wearable EEG system can help in identifying abnormal brain signal patterns 

and notifying caregivers or doctors. This improves patient safety and enables faster medical 

response. 

The major advantage of wearable ECG and EEG systems is that they provide continuous health 

observation in real-life conditions. They reduce the need for repeated hospital visits and support 

preventive healthcare. However, wearable systems also face challenges such as motion 

artifacts, limited battery life, low processing capacity, and noisy signals. Therefore, deep 

learning models used in such devices must be lightweight, accurate, and efficient. CNN, 
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LSTM, and CNN-LSTM models can be optimized for wearable ECG and EEG systems so that 

they can classify signals in real time with minimum computational load. Remote patient 

monitoring is a healthcare method in which patients are observed from a distance using digital 

medical devices and communication technologies. In this system, physiological signals such 

as ECG, EEG, heart rate, oxygen saturation, body temperature, and blood pressure can be 

recorded by sensors and transmitted to healthcare professionals. This method is especially 

important for elderly patients, chronic disease patients, post-surgery patients, cardiac patients, 

neurological patients, and people living in rural or underserved areas. In ECG-based remote 

monitoring, a patient’s cardiac activity can be continuously tracked through wearable devices. 

If the system detects arrhythmia or abnormal heart rhythm, an alert can be sent to doctors or 

caregivers. This helps in early detection and timely treatment. In EEG-based remote 

monitoring, brain activity can be observed for seizure detection, sleep disorder analysis, and 

neurological assessment. Such systems can reduce the risk of delayed diagnosis because 

abnormal signal patterns can be identified automatically. 

Remote patient monitoring is highly useful because it reduces the burden on hospitals and 

improves healthcare accessibility. Patients do not need to remain admitted for continuous 

observation unless their condition is critical. Doctors can monitor multiple patients through 

digital platforms and provide medical advice based on real-time data. This is particularly 

beneficial in telemedicine, where healthcare services are delivered through digital 

communication. For areas where specialist doctors are not easily available, remote monitoring 

systems can provide preliminary analysis and emergency alerts. In this way, remote patient 

monitoring improves patient care, reduces medical costs, and supports faster clinical decision-

making. IoT-based healthcare applications connect medical devices, sensors, mobile 

applications, cloud servers, and healthcare professionals through the internet. In an IoT-enabled 

healthcare system, ECG and EEG sensors collect patient data, embedded processors perform 

basic or advanced signal processing, and the results are shared with doctors through wireless 

communication. This allows continuous and real-time monitoring of patients. For example, an 

IoT-based ECG device can record heart signals, classify them using a deep learning model, and 

send alerts if abnormal cardiac activity is detected. Similarly, an IoT-based EEG system can 

detect seizure patterns and notify caregivers immediately. Edge computing further improves 

IoT-based healthcare by processing data near the source, that is, directly on the device or local 

embedded platform. In cloud-based systems, raw ECG and EEG data must be transmitted to 

remote servers for analysis.  

Embedded System Integration 

Embedded system integration refers to the process of deploying a trained deep learning model 

into a compact healthcare device so that ECG and EEG signals can be classified directly in real 

time. In the context of “An Efficient Deep Learning Framework for ECG and EEG Signal 

Classification in Embedded Healthcare Systems,” embedded integration is very important 

because the proposed system is not limited to laboratory-based signal analysis. Its purpose is 

to make biomedical signal classification practical for wearable devices, portable ECG 

monitors, EEG headsets, remote patient monitoring systems, and smart healthcare equipment. 
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ECG and EEG signals are continuously generated in real-world medical environments, and 

these signals must be processed quickly to detect abnormalities such as arrhythmia, abnormal 

heartbeat, epileptic seizure, and irregular brain activity. The uploaded project also explains that 

embedded healthcare systems require low power, low computational delay, and efficient 

algorithms for real-time signal monitoring.  A major requirement of embedded system 

integration is lightweight model design. Deep learning models such as CNN, LSTM, and CNN-

LSTM can provide high classification accuracy, but these models may contain a large number 

of parameters and require high computational resources. Embedded healthcare devices usually 

have limited memory, limited battery capacity, and low processing power. Therefore, a model 

designed for embedded deployment must be compact, fast, and energy-efficient. Lightweight 

model design means reducing the complexity of the neural network while maintaining good 

classification performance. Instead of using very deep and heavy architectures, the system may 

use fewer layers, smaller convolution filters, reduced hidden units, and efficient activation 

functions. This makes the model suitable for portable healthcare devices where real-time 

classification is required. 

Model optimization is another important step in embedded system integration. After training a 

deep learning model on ECG and EEG datasets, the model must be optimized before 

deployment on embedded hardware. Optimization improves speed, reduces memory usage, 

lowers power consumption, and makes the system more suitable for real-time operation. In 

biomedical applications, model optimization is especially important because delayed 

classification may affect patient safety. For example, if an arrhythmia or seizure pattern is 

detected late, timely medical intervention may not be possible. Therefore, the optimized model 

should classify ECG and EEG signals with minimum latency and high reliability. Optimization 

also helps the model work efficiently on microcontrollers, edge devices, and low-power 

processors used in healthcare monitoring systems. Quantization and pruning are two widely 

used techniques for optimizing deep learning models for embedded systems. Quantization 

reduces the numerical precision of model weights and activations. For example, a model 

originally trained using 32-bit floating-point values can be converted into 16-bit or 8-bit values. 

This reduces memory requirements and increases inference speed without causing major loss 

in accuracy. Quantization is highly useful for embedded healthcare devices because it allows 

the model to run faster with less power consumption. Pruning, on the other hand, removes 

unnecessary or less important connections, neurons, or filters from the neural network. Many 

trained deep learning models contain redundant parameters that do not significantly contribute 

to final classification. By removing these parameters, pruning makes the model smaller and 

faster. A pruned model can perform ECG and EEG classification efficiently while using fewer 

computational resources. 

Conclusion 

The present paper, “An Efficient Deep Learning Framework for ECG and EEG Signal 

Classification in Embedded Healthcare Systems,” concludes that ECG and EEG signal 

classification is a highly important area in modern biomedical engineering because these two 

signals provide valuable information about the functional condition of the heart and the brain. 
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ECG signals are mainly useful for identifying arrhythmia, abnormal heartbeat, myocardial 

infarction, and other cardiovascular disorders, while EEG signals are significant for detecting 

epileptic seizures, brain activity patterns, sleep disorders, and neurological abnormalities. Since 

both signals are nonlinear, time-varying, and sensitive to noise and artifacts, their manual 

interpretation is difficult, time-consuming, and dependent on medical expertise. Therefore, 

automated classification using deep learning is an effective solution for improving diagnostic 

speed, reliability, and accuracy. The uploaded paper also emphasizes that deep learning models 

such as CNN, RNN, LSTM, and CNN-LSTM can learn spatial and temporal features from 

ECG and EEG signals and support automated biomedical signal classification. Deep learning-

based classification provides a strong advantage over traditional machine learning methods 

because it reduces the need for handcrafted feature extraction. CNN models are useful for 

extracting waveform and spatial features from ECG and EEG signals, while LSTM models are 

effective for learning time-dependent patterns in sequential biomedical data. A hybrid CNN-

LSTM framework can combine both feature-learning abilities and improve classification 

performance. This makes the proposed framework suitable for detecting abnormal heart 

rhythms and seizure-related brain activity in real time. Such automated analysis can assist 

healthcare professionals by reducing manual workload, minimizing human error, and 

improving diagnostic consistency. The study also concludes that embedded healthcare 

integration is essential for practical implementation. Wearable ECG devices, EEG headsets, 

portable monitoring systems, IoT-based healthcare platforms, and edge-computing devices 

require models that are accurate, lightweight, fast, and energy-efficient. Techniques such as 

model optimization, pruning, quantization, and lightweight architecture design can make deep 

learning models suitable for embedded deployment. Real-time classification on embedded 

devices can generate immediate alerts in critical conditions such as arrhythmia and epileptic 

seizure. This can improve patient safety, support telemedicine, enable remote patient 

monitoring, and strengthen healthcare services in rural and underserved areas. Overall, the 

proposed deep learning framework can contribute to smart healthcare by combining biomedical 

signal processing, artificial intelligence, embedded systems, and IoT-based monitoring. It does 

not replace doctors, but it works as an intelligent decision-support system for early diagnosis 

and continuous monitoring. In future work, the framework may be improved by using larger 

clinical datasets, real-time hardware testing, explainable AI methods, low-power embedded 

processors, and stronger privacy-preserving mechanisms. Thus, deep learning-based ECG and 

EEG signal classification has strong potential to make healthcare systems more intelligent, 

accessible, accurate, and responsive. 
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