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Abstract: This paper proposes an innovative solution to the electro-physiological signal (ECG, EEG, and
EMG) real-time classification problem by using a Lightweight Convolutional Neural Network (CNN) in
conjunction with Transfer Learning and deploying it on TensorFlow Lite to enable it to serve the
purpose on edge devices. The suggested approach overcomes the issues of computational complexity
and real-time inference that is applicable in clinical settings. The model with transfer learning proved
to be efficient to fine-tune to various medical data and avoid the necessity to use the larger amount
of labeled samples and achieve high accuracy in the classification. Lightweight CNN is designed to
make the model optimized in terms of its supporting low-latency applications without any
performance degradation. The findings demonstrate that the proposed system has higher accuracy,
precision, and recall with low inference time to be realistic in dynamics monitoring diagnostic process
compared to the classical approaches like SVM and Random Forest. This method has a large potential
in healthcare applications on which real-time monitoring of the patient and proactive actions could
be taken.

Keywords: Real-time classification, electro-physiological signals, lightweight CNN, transfer learning,
Tensor Flow Lite, diagnostic monitoring, edge devices.

l. INTRODUCTION

Classification of electro-physiological data high frequency EEG and EGC as well as monitoring of EMG,
are essential in contemporary healthcare systems as a means to diagnose and track various medical
conditions in real-time [1]. The classic approaches to signal classification are affected by issues such
as computational overheads, latency and requirement to huge amount labelled data, and thus they
cannot be efficient in real-time applications. In the present investigation, we introduce a new possible
solution to this problem by using Lightweight Convolutional Neural Network (CNN) and coupled with
the Transfer Learning, deployed as Tensor Flow Lite targeting efficient real-time recognition of such
signals [2].

The Lightweight CNN architecture has been created to minimize computational cost, which would
make it suitable in devices with constrained resources, used in mobile devices or health wearable
technology [3]. By embedding transfer learning, the model attracted incorporation of specific electro-
physiology signals, using a bare amount of resourceful labelled data, addressing the problem of data
sparseness. This makes it possible to reach high performance with the model, even though there are
not a lot of annotated clinical datasets available [4].
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Figure 1: Real-time Physiological Signal Recognition.

This model can be deployed on the Tensor Flow Lite, a smaller version of the platform that supports
mobile and embedded devices, avoiding the cloud-based processing and ensuring that the inference
process is real-time and low-latency [5]. This has the advantage of considerably lowering response
times to make it applicable in critical clinical situations, including the real-time monitoring of heart
arrhythmias and seizures, or muscle fatigue as shown in figure 1.

Through the use of the said methodology, a high value of accuracy, precision, and recall in the
classification of the physiological states have been observed, which proved to be better in comparison
to the typical machine learning models of SVM and Random Forest [6]. The suggested system shows
that it has the potential to achieve constant monitoring of patients, providing medical staff with real-
time data on the condition of a person and enabling promptly recognizing and addressing numerous
medical issues. The potential of this direction lies in the transformation of healthcare operation
through the creation of an efficient and convenient solution that would monitor real-time diagnostics.

Il RELATED WORK

Over the last few years, real time classification of electro-physiological signals has attracted a lot of
research because of its benefit in enhancing diagnostic sensitivity as well as continuous monitoring of
patients [7]. Other literature delved into using Artificial Neural Networks (ANNSs) in classifying ECG,
EEG, and EMG signals with an interest of improving the accuracy of the classification efforts, and the
complexity of computing efforts. The application of Classification has been done using the traditional
methods like the Support Vector Machine (SVM) and Random Forest which have been used in binary
classification but fail to work well in real-time applications due to high computational overhead [8].

Table 1. Summary of related work.
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In recent developments, deep learning models, more specifically Convolutional Neural Networks
(CNNs) have shown increased supportability since they do not require a user to hand-engineer
features after receiving the raw signal data compared to traditional machine learning models in terms
of accuracy and efficiency. Table 1 depicts the summary of related work. As an example, Zhang et al.
(2020) introduced a deep learning method based on the hybridization of deep neural networks to
realize the classification of EEG signals, with good outcomes in terms of seizure detection.
Nevertheless, a problem with these models is frequently presented by large computational costs and
a slow process of inference rendering such models non-useful in real-time scenarios. To counter this,
lighter CNN models, including MobileNetV2, are suggested to make models smaller and faster to
process without a noticeable drop in performance, as, e.g., in He et al. (2020).
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Classification Classification
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Figure 2: Real-time Physiological Signal Classification.

It has also been investigated to address the requirement of large labelled training data, and many
reports such as Li et al. (2020) show its applicability by fitting models trained with these labeled
datasets to smaller labelled datasets specific to a certain domain. Moreover, bringing the models at
the edge devices has now become a priority. Mobile and embedded systems use tools such as
TensorFlow Lite to target inference to the real world and to run models on lower-powered devices
with very low latency [19]. These papers indicate the increase in interests towards the optimization of
neural networks that run in real-time used to monitor the diagnostic process, which is the primary
theme of the current paper. Our proposed methodology can be built upon these developments in
order to achieve efficient and fast reliable classification since a lightweight CNN with TensorFlow Lite
is used to run it in healthcare settings.

M. RESEARCH METHODOLOGY

This research implements a new way in which real-time classification of electro-physiologic signals
namely ECG, EEG and EMG signal can be done with a Lightweight Convolutional Neural Network (CNN),
integrated with Transfer Learning technique and its implementation is done in the lightweight
TensorFlow lite, in order to facilitate low latency and efficient inference on mobile and edge systems
[20].
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Figure 3: Real-Time Electro-Physiologic Signal Classification Process.

The approach aims at addressing the issues related to the computational complexity and latency with
the standard methods of signal classification with a high level of classification accuracies that would
be appropriate enough towards diagnostic monitoring applications. It involves a number of essential
steps such as pre-processing of data, extraction of features, training of model, deployment in real-
time, and evaluation of performance as shown in figure 3.

3.1. Data Collection and Pre-processing

This research is conducted with the use of the dataset that includes the ECG, EEG, and EMG data
obtained by using publicly available data and data sim entire patient [21]. These signals are usually
noisy, artifacted and distorted and these factors have to be dealt with before these signals can be
successfully used to provide reasonably accurate classification results. In order to provide quality input
data, the pre-processing stage entails noise filtering/artifact elimination, and signal smoothing
procedures.

Noise Filtering: This filters out high-frequency noise on the signals by using low pass filters. Moreover,
a band pass filter is employed to filter out any other frequency that would otherwise distort the signal
but has no use to it or rather that exists in the input signal [22].

Artifact Elimination: Non physiological artifact; I.E. blinking eyes in EEG, motion artifact in ECG and
EMG are eliminated through methods of removing artifact including the Independent Component
Analysis (ICA) and Empirical Mode Decomposition (EMD) so that only the real signals in each channel
are used in classification [23].

Signal Smoothing: Signal smoothing is used to suppress fluctuations and irregularities caused by noise
before too much information is lost, and this is achieved by use of such techniques as Savitzky-Golay
filters, and moving average filters [24].

3.2. Feature Extraction

After preprocessing of the signals, one proceeds to the next stage of obtaining useful features that
could be utilized in the classification of data. This is performed both in time domain and in frequency
domain:

Time Domain Features: Features such as Root Mean Square (RMS) have been determined to measure
the magnitude of the variation in signal [25]. The energy content of signals is especially useful at
monitoring conditions that are useful in detecting abnormalities such as arrhythmias or seizures and
RMS are particularly useful in this regard.
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Frequency Domain Features: The power spectral density (PSD) attributes are calculated to quantify
the distribution of the signal power between different frequencies that is especially useful in the case
with EEG signals, where alpha, beta, and delta waves specify different brain states [26 -30].

A Discrete Wavelet Transform (DWT) is used to break up the look into various frequencies, both high
and low frequency. This can give higher time and frequency resolution, which helps to find transient
events like seizures, or arrhythmic heartbeats.

3.3. Model Development and Training

The principle component of the classification scheme is a Lightweight CNN model that focuses on high
performance through just a negligible amount of computational burden [31-34]. The MobileNetV2 is
selected as the state-of-the-art efficient lightweight CNN model that is efficient in time and memory
and is important to the application on mobile and embedded systems.

Transfer Learning: Transfer learning is possible due to the small data size of labelled data of electro-
physiological signals [35]. A model that has been previously trained (e.g., generic, large model such as
ImageNet) is fine-tuned on the electro-physiological signal data. This enables the model to transfer
the knowledge acquired during the general object recognition task and applies it to the special signal
classification task thus requiring less large scale labelled data.

Model Optimization: The optimization of the model takes place where the model is optimised by
guantization and pruning methods. Quantization decreases the depth of the precision of the weights
of the model, which minimizes the amount of memory and boosts the inference process [36]. Pruning
an average model is pruned by removing insignificant neurons or weights to simplify it without
affecting its accuracy in any way.

3.4. Real-Time Deployment with Tensor Flow Lite

In order to categorize real time, the trained CNN model is ported, and pushed, to the Tensor Flow Lite
platform that is an optimised platform of running machine learning models on mobile and edge
devices. The technology that enables running the model on such devices as smartphones, wearables,
or medical monitoring systems is Tensor Flow Lite with the minimized demands on the computational
power [37].

Real-Time Inference: Tensor Flow Lite assists in performing the inference on the real-time data of a
wearable device; this provides a real-time response to diagnose. The process of inference has less
than 200ms to aid in the performance of systems because there is need to have the systems classify
signals in near real-time like in the instance of seizure detection or in tracking arrhythmia [38].

3.5. Performance Evaluation

The several metrics with the help of which the performance of the model is measured include
accuracy, precision, recall, F1-score, and Area Under the Curve (AUC). These are the measures which
are computed to bring out an analysis on the efficiency of the classification system in detecting
abnormal and normal situations [39].

K-fold Cross-Validation: K-fold cross-validation will be used to train an algorithm in such a manner that
it becomes adaptive to data it can never encounter in real life. This helps it to avoid overfitting and
makes it perform very well on a broad diversity of clinical scenarios.
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Real-Time Testing: A real time environment is used to apply the model and it processes live data that
is being sent by wearables. The latency, classification accuracy and consumed power is monitored in
such a way that the system may meet the requirements of real time diagnostic monitoring.

3.6 Future Work

The proposed methodology exhibits a high degree of accuracy and significant reduction in latency
even though it is based on traditional machine learning techniques. The future work will be dedicated
to even greater latency reduction in the model and the integration of other signal modalities to
provide a more detailed view of patients.

This research creates a resourceful and scalable endeavor related to real-time diagnostic observation
utilizing Lightweight CNNs, Transfer Learning, and Tensor Flow Lite, which has a high potential to be
advanced by affecting the healthcare provision through the continuous analysis at the device.

V. RESULTS AND DISCUSSION

The consideration of using a type of Lightweight Convolutional Neural Network (CNN) with the
Transfer Learning to perform real-time classification of the electro-physiological signals was shown to
be promising in diagnostic monitoring as shown in table 2. It would be efficient in terms of memory
usage and apply to end devices as it was demonstrated to have high accuracy of classification in ECG,
EEG, and EMG data. MobileNetV2 is used as the CNN backbone, which facilitated the fine-tuning on
small medical datasets and, subsequently, its successful application to a range of real-time cases
without relying on huge annotated training datasets.

Table 2. Performance Analysis of proposed method using Lightweight CNN with Transfer Learning
method compared to traditional methods.

Proposed CNN
Metric (Lightweight with SVM Random CNN-Based
. Forest Model
Transfer Learning)
Accuracy 92% 88% 90% 89%
Precision 91% 85% 89% 86%
Recall 90% 82% 87% 84%
F1-Score 0.905 0.835 0.88 0.85
AUC (Area Under Curve) 0.95 0.88 0.92 0.89
L Inf
atency (Inference 200ms 300ms 350ms 250ms
Time)
Model Size (After
MB 10MB 12MB 20MB
Pruning & Quantization) 6 0 0
Real-Time Inf High imized f
eal-Time Inference ig (Optlml.zed or Moderate Moderate High
Performance Edge Devices)

The tool, Tensor Flow Lite, helped us to integrate them easily on wearables and mobile devices, run
them in real time at low latency. The result was that the system obtained 92 percent accuracy, 91
percent precision, and 90 percent recall, which indicates that the system is effective in identifying
physiological abnormalities, including arrhythmia, seizures, and muscle fatigue. Furthermore,
application of quantization and pruning of the model in Tensor Flow Lite also helped enhance the
model performance such that it can be used in the devices with limited memory and limited
processors. Such findings demonstrate the feasibility and real-world limitations of the proposed
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method in hospitals where real-time clinical monitoring and diagnosis are needed in fields of
healthcare to improve patient care and early predictive use of medical care as shown in figure 4.
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Figure 4: Shows the simulation graph comparing the classification metrics (Accuracy, Precision,
Recall, F1-Score, AUC, and Latency) across different methods

The proposed methodology, which is an implementation based on Lightweight Convolutional Neural
Network (CNN) and Transfer Learning to identify the electro-physiological signals in real time, was
compared with three other approaches: Support Vector Machine (SVM), Random Forest (RF), and
Convolutional Neural Network (CNN)-based approach. In the process of comparing key metrics, the
Metrics LW CNN TL used with Transfer Learning were better than those of SVM, RF and CNN-based in
numerous ways as shown in figure 5.
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Figure 5: Shows the Comparison of model Sizes across different methods

It is noteworthy that Tensor Flow Lite made the model real-time friendly with edge inference, and the
latency was kept under 200ms, which was in line with CNN-based approach but noticeably faster than
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SVM and RF-based approaches that failed to be too fast in inference. It indicates that the proposed
method is more effective as to the real-time low-latency uses in the aspects of diagnostic monitoring.

V.  CONCLUSION

This research has suggested a Lightweight Convolutional Neural Network (CNN) with Transfer Learning
to be used in the real time realisation of the electro-physiological signal classification like ECG, EEG,
and EMG in Tensor Flow Lite. The presented approach was very efficient in dealing with the issues of
both computational complexity and latency, surpassing the competitors in accuracy and inference
time, being appropriate to real-time diagnostic monitoring on edge devices. Transfer learning enabled
the model to be adapted to working with certain medical datasets based even on the minimum
labelled data and make an efficient classification even in the event of a limited resource scenario. The
proposed model performed with higher accuracy, precision, and recall as compared to the traditional
approaches like SVM and Random Forest, which are also fast in real-time, although slower than the
proposed model. The small size of its model and efficiency of processing are just a couple of reasons
that this method could be quite successful in the field of healthcare by being an efficient alternative
to constant patient monitoring with subsequent prompt diagnostic decision making in emergency
healthcare.
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