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ARTICLE INFO ABSTRACT

Keywords: Heart diseases, particularly arrhythmia, remain a leading global cause of mortality. Electrocardiography (ECG)
Agent serves as a vital tool for monitoring and mitigating arrhythmia risks. Continuous proactive monitoring entails
Arthythmia processing ECG time series data, offering critical insights to prevent severe outcomes like heart attacks and
]C)I;:I]I;P Jearning strokes. While deep learning models are widely employed for large-scale ECG data analysis, their effectiveness
ECG requires intricate hyperparameter tuning and architecture adjustments. This study presents an innovative

framework incorporating a reinforcement learning-based approach to automatically fine-tune hyperparameters
for a Convolutional Neural Network (CNN) model, addressing resource consumption and complexity issues. Our
proposed model optimizes hyperparameters and network configurations by maximizing a reward function,
overcoming challenges associated with resource-intensive and complex deep learning models. To assess its ef-
ficacy, we compare our automated fine-tuning model against both a non-optimized baseline model and a
manually fine-tuned model. The findings demonstrate that our model outperforms the alternatives, achieving a
higher accuracy of 97.4 %, reduced execution time (0.33 min), and lower mean square error (0.0081). Moreover,
a comprehensive evaluation of resource consumption illustrates the lightweight nature of our proposed solution,
minimizing overhead and complexity. Our model consistently converges to an optimal configuration, estab-
lishing its efficiency in predicting arrhythmia. In conclusion, our reinforcement learning-based hyperparameter
tuning approach presents a lightweight and efficient solution for optimizing CNN models in ECG analysis. The
results underscore its superiority over non-optimized and manually fine-tuned models, positioning it as a
promising method for enhancing arrhythmia prediction accuracy while minimizing resource consumption and
complexity.

Heart diseases
Reinforcement learning

caused by abnormal electrical impulses that influence the heart’s elec-
trical system [1]. The heart can beat either too fast or slow during ar-

1. Introduction

The cardiopulmonary system measures electrical impulses that
control heartbeat movement via specialized regions of patient’s heart
[1]. Therefore, distinguishing distinct types of electrical impulses that
drive hearts, such as sinus node vs pacemaker rhythms, aids doctors in
treating patients accurately since the excessive delay between successive
ventricular fibrillations can cause arrhythmias such as atrial fibrillation,
which puts patients at risk for stroke, dementia, and other cardiovas-
cular complications [1-3]. However, the visual monitoring of ECG is
time-consuming and prone to false detection. For instance, cardiac ar-
rhythmias are irregularities in a patient’s heartbeat rate or rhythm
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rhythmias or with an irregular rhythm. Their severity can range from
benevolent to life-threatening, as the heart may be incapable of pumping
sufficient blood to the rest of the body throughout an arrhythmia. Be-
side, arrhythmia is so common and silent in patients [2,3], numerous
studies have long attempted to propose automatic prediction systems
that can provide early warning to patients on any arrhythmia-related
symptoms to prevent undesirable sudden complications at a later stage
[4-7]. Electrocardiography (ECG) signals to play a vital role in these
automatic prediction systems. However, ECG signals can be over-
whelming, noisy, and hard to analyze.
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Consequently, the need for several preprocessing phases to prepare
ECG signals for use in prediction models is accentuated. For instance,
denoising and sampling [4-6], heartbeat detection [8], segmentation
[9], and feature extraction [10,11] are vital preprocessing phases in
almost all arrhythmia prediction systems. Additionally, prediction
model fine-tuning is another challenge that arrhythmia prediction sys-
tems must overcome. Notably, for deep learning prediction models,
several model hyperparameters, configurations, and various structures
impact the accuracy of the prediction model and the validity of the
produced predictions. Thus, many researchers tested several configu-
rations as part of a manual fine-tuning process until they obtained an
optimum configuration with reasonable accuracy [6,4,12]. However,
manual fine-tuning is time-consuming and is never optimum as re-
searchers cannot exhaust all possible configurations and structures.
Therefore, some researchers have adopted an automatic fine-tuning
approach [11,13]. Yet, automatic fine-tuning has been mainly applied
to model weights and not to the structure in these research works.
Therefore, herein, we propose a fully automated fine-tuning deep-
learning-based arrhythmia prediction system. We implement deep
reinforcement learning (RL) in the proposed model to automate the fine-
tuning process of the model’s hyperparameters, weights, and structures.
The proposed adaptive arrhythmia prediction model implements an
adaptive deep RL module to optimize the selection of the deep learning
prediction model’s hyperparameters and structures using a list of all
possible values for the model’s parameters and the network architecture
as the input. The proposed model relies on an agent component that
automatically fine-tunes these parameters based on a reward evaluation
mechanism. Moreover, we provide a formal definition of the proposed
model and an empirical evaluation based on the MIT-BIH dataset. Our
experiments show that the proposed adaptive prediction model achieves
a high accuracy of 97.4 % with a cross-entropy of 0.0081.

The paper is organized as follows. Section 2 thoroughly reviews
arrhythmia, preprocessing phases, prediction models, and automatic
fine-tuning methods. Section 3 overviews the proposed reinforcement-
based model and its main components. Section 4 details the problem
formulation based on RL for convolutional neural network (CNN) model
optimization-based hyperparameters and network structure. Section 5
describes the experiments, including the environment setup, dataset
preprocessing, processing and analytics, experimental design, and re-
sults discussion. Finally, Section 6 concludes the paper and presents
topics for future research investigations.

2. Background and literature review

2.1. Automatic prediction/detection of cardiac arrhythmias based on
ECG signal

Several research studies have long focused on designing approaches
for automatically detecting arrhythmias from ECG signals. Typically, the
process is carried out through multiple phases to extract representative
features from raw ECG signals. Fig. 1 depicts the common phases of the
detection process.

First, raw signals are denoised to eliminate interference from other
sources of electromagnetic radiation and baseline wanderings stemming
from patient movement or respiration that can alter the detected ECG
peaks [4]. Several denoising techniques have been used in the reviewed
literature including the deployment of a FIR bandpass [14], or Butter-
worth low pass filters [15]. Meanwhile, other researches use a combi-
nation of median and low pass [4], median, low pass, bandpass and
adaptive [6], moving average, comb, and high pass [7] filters,
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Fig. 1. Common process of automatic arrythmia detection using ECG signals.
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Daubechies wavelet filters [5,16,14], or wavelet-based thresholding
[17].

Second, a common preprocessing step in the majority of the reviewed
deep learning models is heartbeat detection. Some models require the
detection of the entire heartbeat [6]. On the other hand, other ap-
proaches require the detection of only some particular portions of the
heartbeat such as the peaks [4], T-waves [18], or the QRS complex [5,7]
using Pan-Tompkins algorithm [8].

Third, once the peaks are detected, the ECG signal is segmented into
several heartbeats. The heartbeats are either segmented starting from
the P-peaks until the previous T-peak [4], centered at the R-peaks [5,9],
or using the segmentation software to obtain the QRS onset, T-wave
offset times, and the P-wave onset and offset times, if present [19]. Other
approaches segmented based on grouping the continuous arrhythmia
beat sequences into the appropriate arrhythmia groups [20] or using
frame blocking [15].

Finally, after the ECG signal is segmented, several features are
extracted to classify a heartbeat into either normal or abnormal. These
features include temporal features such as Pre-RR interval, Post-RR in-
terval, Local average R-R interval, and Global average RR interval of a
beat [4,14], or superficial features on lower sampling rates to decrease
power consumption and hardware complexity [6]. Other approaches
utilized transfer learning to extract features. For instance, AlexNet,
which requires data conversion from ECG signals to binary images, is
used for feature extraction and heartbeat classification [7]. Moreover,
discrete wavelet transformation is applied to the input layer for feature
extraction [11]. To automate the preprocessing and feature extraction
phases, some approaches proposed end-to-end structures of layers to
produce feature maps of the ECG signals [12]. Furthermore, some ap-
proaches combined several feature extraction techniques including 1D-
Local Binary Pattern (1D-LBP), Higher Order Statistics (HOS), Central
Moment, Hermite Basis Function (HBF), Discrete Wavelet Transform
(DWT), and R-R Intervals [14].

Data quality and resource consumption are major concerns of the
arrythmia classification frameworks. Hence, some approaches consid-
ered improving data quality through data normalization [9,18]. For
instance, Z-score normalization [9] is used to reduce the offset effect and
equalize the amplitude of the ECG signals to reduce measurement var-
iations. Moreover, to address resource consumption concerns, normali-
zation [9], compression [13], or input length standardization [20] are
performed to speed up the training process. Furthermore, compression is
performed to decrease digital storage space consumed and secure pa-
tient information [13].

ECG datasets for arrhythmia are imbalanced, which complicates the
classification process. To address this challenge, data augmentation and
synthesis is used to negate the skewing effects of its data imbalance.
Some approaches augment the minority classes by changing the stan-
dard deviation and mean of the Z-score of the original ECG data [5].
Other approaches deploy the synthetic minority over-sampling method
(SMOTE) [21,22,14], to synthesis data samples for minority groups
[18]. Moreover, some approaches proposed applying eight cropping
operations on the ECG spectrograms obtained by applying Short-Time
Fourier Transform (STFT) [17].

2.2. Deep learning-based models with manual fine-tuning

Using data from the MIT-BIH arrhythmia database, Sannino et al. [4]
trained a DNN to classify ECG signals as normal or arrhythmic beats,
specifically premature ventricular contractions, supraventricular pre-
mature beats, fusions of ventricular and normal beats, or unclassifiable
beats. They first preprocessed the data by denoising, peak detection, and
signal segmentation. After that, the data is fed into the DNN, which
instantly creates a decision-making function after extracting temporal
characteristics and classifying them into a signal learning body.

A study by Yildirim et al. [12] proposed a 1-D CNN that classifies 17
different classes of cardiac arrhythmia. After adjusting the number and



M.A. Serhani et al.

type of layers, a 16-layer CNN that combines feature extraction with the
selection and classification processes was deployed. No other pre-
processing was performed on the data used from the MIT-BIH
arrhythmia database. According to state-of-the-art standards, this 1-D
CNN is efficient, fast, and simple to use.

Mathews et al. [6] classified preprocessed single-lead ECG signals
using the restricted Boltzmann machine (RBM) and deep belief networks
(DBN). They extracted the features from the signals using two methods
to produce and evaluate the representativeness of the two feature sets.
The features were RR intervals, heartbeat intervals, segmented
morphology intervals, and fixed-interval morphology. Feature Set 1
(FS1) comprises RR intervals, heartbeat intervals, and segmented mor-
phologies with a total of 26 features, while Feature Set 2 (FS2) comprises
RR intervals and fixed interval morphologies with a total of 22 features.
Using deep learning networks, high average recognition accuracies of
arrhythmic heartbeats, specifically ventricular ectopic beats and sup-
raventricular ectopic beats, can be achieved at a low sampling rate and
using simple features. This reduces the computational cost of training
the DBN.

To diagnose cardiac arrhythmia using deep learning techniques with
as little preprocessing as possible, Swapna et al. [9] employed deep
learning networks to create an automated, non-invasive system that can
classify ECG signals as normal or abnormal, i.e., arrthythmic. The pro-
posed approach used a combination of deep learning architectures such
as CNN, CNN-LSTM, CNN-RNN and CNN-GRU. Their classification sys-
tem is composed of a specific, fine-tuned sequence of the multi-layered
networks and hybrids of the networks, specifically CNN-RNN, CNN-
LSTM, and CNN-GRU. Notably, the only preprocessing step taken to
prepare the raw data for the classification was heartbeat extraction.

Isin et al. [7] used a two-step process to classify ECG signals as
“Normal,” “Paced,” or “Right Bundle Branch Block”. First, the signals are
preprocessed by removing noises, detecting their QRS complex, and
automatically extracting the features to be analyzed by the AlexNet CNN
[23]. As proposed, in the second step, the extracted features from the
CNN are run through a simple, three-layer feed-forward neural network
trained with a scaled conjugate gradient backpropagation algorithm.

Acharya et al. [5] proposed a convolutional network that classifies a
heartbeat as non-ectopic, supraventricular ectopic, fusion, and unknown
beats. These are general categories that encompass more specific types
of beats. The feature that distinguishes this CNN model from traditional
CNNs is its preprocessing, precisely, the synthesis of noise-free ECG
imbalanced data that generates balanced data to increase the accuracy.
This model was evaluated using two sets of synthesized data. Notably,
both datasets perform similarly despite the absence of any denoising in
the first set. This is because the algorithm learns the proper filters and
automatically eliminates the unwanted noise in the ECG data.

Recently, Li et al. [24] implemented Arrhythmia detection and
classification based on deep learning models. The S-shaped reconstruc-
tion approach, which they proposed, uses a two-dimensional, deep
squeeze-and-excitation residual network (SE-ResNet) to identify heart-
beats. The model was trained on a processed ECG dataset. They per-
formed data preprocessing by denoising the initial electrocardiogram
(ECG) data, eliminating baseline drift, extracting heartbeats, and
balancing the data using a SMOTE approach algorithm. Subsequently,
using the advanced S-shaped reconstruction approach to ascertain the
connection between distant points in an ECG series, the recovered one-
dimensional heartbeat series is converted into a 2-D matrix. Henceforth,
2D heart-based matric is divided using SE-ResNet into five distinct ECG
heartbeat categories, i.e. (normal, ventricular ectopic, fusion, supra-
ventricular ectopic, and unknown beats). Although the predictive model
showed high performance, the proposed algorithm’s temporal
complexity has significantly increased.

Pandey and Janghel [25] proposed a Bidirectional long short-term
memory (BLSTM) network classifier for the early detection of cardiac
arrhythmia. The proposed system employs a deep convolutional enco-
ded feature based on a non-linear compression component for ECG
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signal segment size. In addition, three different classifiers—the multi-
layer perceptron, gated recurrent unit (GRU), and unidirectional long
short-term memory (ULSTM) network—are developed for performance
comparison. The experimental investigations identify and group the five
distinct cardiac classes of arrhythmias seen in the MIT-BIH arrhythmia
database. Herein, the BLSTM network outperformed the other classifier.
However, they did not consider several preprocessing methods, which
decreased the quality of training data.

Aphale et al. [16] proposed deploying a pre-trained EfficientNet B7
model for transfer learning with fine-tuning. The denoised ECG data is
transformed using Daubechies Wavelet and is converted to 2D images
before training the transfer learning model. Both manual and automatic
fine-tuning processes are carried out to improve the generalization and
performance of the transfer learning model. Network structure including
the model’s depth, layers, and activation functions are tuned manually.
Meanwhile, the model weights are tuned using the Adam optimizer.
Following that, 50 % of the layers of the pre-trained network are un-
frozen for fin-tuning on a small validation dataset. The proposed
network is evaluated on multi-class arrhythmia variations including 17-
class, 15-class, 13-class, and 12-class 2-D heartbeat images. Each fine-
tuned multi-class experiment is evaluated against the raw model
(without fine-tuning). Fine-tuned transfer learning networks yield better
results, indicating improved overall performance.

Li et al. [15] proposed utilizing ResNet with the attention-based
BiLSTM model for automatic arrhythmia classification. The kernel pa-
rameters of the RNN are fine-tuned manually from a pre-defined set,
while the learning rate is tuned using the Adam optimizer.

2.3. Deep-learning-based models with automatic fine-tuning

A coded feature-based deep LSTM network was proposed by Yildirim
[13] to classify heartbeat data from the MIT-BIH arrhythmia database as
normal or abnormal. Using this LSTM, the possible classifiable abnormal
classes are atrial premature beats, left bundle branch blocks, right
bundle branch blocks, and premature ventricular contractions. To pre-
pare the ECG signals for classification, they are first compressed using a
CAE comprising two parts: an encoder and decoder. Next, the CAE ex-
tracts features of the heartbeat to be analyzed, including QRS
morphology, degree of the intraventricular block, and time interval of
the beat to the preceding beat. After compression and feature extraction,
the signals are automatically classified using the LSTM network.

2.4. Limitations in existing literature

Despite significant advancements the prediction accuracy of the
detection of cardiac arrhythmias using ECG signals, several notable gaps
exist in the literature, particularly regarding the predictive models by
Aphale et al. [16] and Li et al. [15], one primary shortcoming is the
resource-intensive nature of the fine-tuning process of these methods.
For instance, Aphale etal. [16] and Li et al. [15] proposed deep learning
models that involve extensive manual fine-tuning, including adjust-
ments to network structures, activation functions, and learning rates.
These processes, while improving accuracy, require substantial
computational resources, making them less practical for real-time or
resource-constrained environments. Furthermore, the optimization al-
gorithms employed in some studies often prioritize accuracy at the
expense of efficiency, without sufficiently addressing the trade-offs be-
tween resource consumption and model performance. For instance, Li
et al. [24] noted that although their deep squeeze-and-excitation re-
sidual network (SE-ResNet) achieved high predictive performance, the
algorithm’s increased temporal complexity rendered it resource-
intensive, limiting its applicability in settings with constrained compu-
tational resources.

Another significant limitation in the existing literature is the focus on
binary classification (i.e., normal vs. abnormal) or the emphasis on
majority classes of arrhythmia. Many studies, such as those by Sannino



M.A. Serhani et al.

et al. [4] and Yildirim [13]., target only two-class predictions, while
others, like the work of Acharya et al. complex [5], focus on dis-
tinguishing between a few majority arrhythmia classes. This approach
overlooks the importance of accurately predicting minority arrhythmia
classes, which are often clinically significant but underrepresented in
the datasets.

The proposed method in this study addresses these gaps by intro-
ducing a resource-aware approach to fine-tuning predictive models for
arrhythmia detection. By leveraging a multi-objective optimization al-
gorithm, the method aims to optimize accuracy while maintaining low
resource consumption, making it more suitable for real-time applica-
tions in resource-limited environments. Additionally, the proposed
approach is designed to handle multiclass predictions, including the
identification of minority arrhythmia classes, thereby advancing the
state of the art in arrhythmia prediction and offering a more compre-
hensive and practical solution for real-world deployments.

The novelty of the proposed approach by Oh et al. [20] is the input
length standardization of the segments used to train their hybrid CNN-
LSTM network. An arrhythmia can occur in single or multiple beats,
necessitating the ability to process signals of variable lengths. Once the
data were preprocessed, they classified them as normal, left, or right
bundle branch block, atrial premature beat, or premature ventricular
contraction by a hybrid CNN-LSTM network. No feature extraction was
necessary because convolution layers generated the feature maps, and
the LSTM layer extracted temporal information about the features. The
proposed approach used ten-fold-cross validation to optimize the
network and automatically adjusted the layer weights and dropout
schemes.

In a study by Yildirim [11], several deep long-short terms (DLSTM)
network models were designed and tested on the MIT-BIH arrhythmia
database to obtain the best performing classification deep learning
network. The four tested DBLSTMs were unidirectional or bidirectional
DLSTMs with or without wavelet sequence (WS) layers: DULSTM,
DULSTM-WS, DBLSTM, and DBLSTM-WS. The most accurate network
was the DBLSTM-WS network, with a layer parameter of 2. Before the
rest of the network classified the segmented ECG signals, the WS layer
extracted their features by repeatedly filtering until the features con-
taining important information about the input signals were obtained.
Then, the data were passed through the LSTM for classification as
normal sinus rhythm, left bundle branch blocks, right bundle branch
blocks, atrial premature beats, or ventricular premature contractions.
Notably, this approach avoided overfitting by using a dropout layer
instead of a dropout scheme, similar to Oh et al. [20].

Houssein et al. [14] proposed the implementation IMPA-CNN, which
is a CNN with a modified Marine Predators Algorithm (MPA) for auto-
mated fine tuning. This model extracts the major features from the raw
signals to reduce the time and computational resources. The modified
MPA optimizes the learning rate and optimizer type and activation
function from pre-defined sets. The proposed model is evaluated on 3
well known datasets.

2.5. Discussion of literature review

As previously discussed, deep learning models are commonly used
for arrhythmia prediction, as summarized in Table 1. However, a sig-
nificant challenge remains in determining the optimum configuration.
As illustrated in Table 1, most reviewed research works rely on manual
fine-tuning wherein researchers attempt several possible configurations
to choose the best performing configuration. However, this approach is
exhaustive and costly as it involves intensive human intervention. To
address such limitation, some researchers proposed automatic fine-
tuning of hyperparameters [20] using Adam optimizer [11,13] or
brute force technique [13]. However, research works targeting auto-
matic fine-tuning have a limited number of optimized parameters and
mainly focus on weights fine-tuning, while the structure is usually
manually fine-tuned. To address this limitation, a fully automated,
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Table 1
Research work using deep learning prediction models for predicting arrhythmia.

Work DL Model Type of Fine- Performance (Accuracy
Tuning %)
[5] Deep Convolutional Manual Set A (no denoising): 93.47
Neural Network (CNN) (Brute force Set B (with denoising):
technique) 93.47
[6] Deep Belief Network Manual FS1: —Supraventricular
(DBN) and Restricted Ectopic Beats (SVEBs) Class:
Boltzmann Machine 93.63
(RBM) —Ventricular Beats (VEBs)
Class: 95.57
FS2: SVEBs Class: 93.42
— VEBs Class: 95.87
[7] Transferred Deep Manual N-Fc6: 91.2
Convolutional Neural N-Fc7: 92.4
Network (a CNN called
AlexNet) and Back
Propagation Neural
Network
[9] System of CNN, CNN- Manual 83.4
RNN, CNN-LSTM and
CNN-GRU Hybrid
Networks
[10] Convolutional Neural Manual 97.25
Network (CNN)
[12] 1 D-Convolutional Manual 91.33
Neural Network (1 D- (Brute-Force
CNN) technique)
[4] Deep Neural Network Manual 99.09
(DNN)

[20] Hybrid of CNN and Automatic and Dropout Scheme A: 97.88

LSTM Networks Manual Dropout Scheme B: 98.10
[16] Pre-trained EfficientNet =~ Manual and 17-class: 98.69
B7 model Automatic 15-class: 98.09
(Adam 13-class: 99.23
optimizer) 12-class: 99.17
[15] ResNet in combination Manual and 93.14
with attention-based Automatic
bidirectional long (Adam
short-term memory optimizer)
(BiLSTM)
[13] Coded Feature-based Automatic —Deep LSTM Network:
Deep Long-Short Term (Adam 99.23
Memory (LSTM) optimizer and —Deep CAE-LSTM Network:
Network brute force 99.11
technique)
[11] Deep Bidirectional Automatic DULSTM-WS3 (deep
LSTM Network (Adam unidirectional LSTM): 99.25
containing wavelet optimizer) DBLSTM-WS2: 99.39
sequence layers DBLSTM-WS3: 98.85
(DBLSTM-WS)
[14] Marine Predators Automatic MIT-BIH: 99.33
algorithm (MPA) and (Marine EDB: 99.75
CNN (IMPA-CNN) Predators INCART: 99.43
algorithm
(MPA))
[4] Convolutional Neural N/A Inter-patient paradigm used

Network (CNN) and
RNN “Sequence to

(Fine-tuning is
not described)

for testing (Intra-patient
paradigm used for training

sequence” Model ONLY): 99.53
[24] 2-D 19-layer SE-ResNet N/A (Fine- 99.61
tuning is not
described)
[25] Bi-LSTM N/A (Fine- 99.52
tuning is not
described)

adaptive prediction model that optimizes the hyperparameters and
structure is proposed herein. Details of the proposed system and
empirical evaluation are presented in subsequent sections.

3. Adaptive reinforcement learning architecture for arrhythmia
classification

In this section, we describe our design for an architecture for
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arrhythmia classification deep learning model optimization and fine-
tuning-based RL, as shown in Fig. 2. The architecture comprises three
main modules: 1) ECG preprocessing module, 2) ECG processing mod-
ule, and 3) adaptive deep RL module Fig. 3. These modules implement a
set of processes starting from collection and preprocessing of raw ECG
data, ECG feature extraction, and deep learning model optimization to
finally classification of Arrhythmia.

Below we describe each module of the architecture and highlight the
features contributing to the final research aim, which is the accurate
classification and prediction of various arrhythmia classes.

ECG preprocessing module: The input of this module is a raw ECG
signal, which is responsible for cleaning, denoising, and artifact removal
from raw ECG recordings (e.g., powerline noise interference). The pre-
processing activities are important for improving the signal’s quality,
readability, and accuracy.

ECG Processing module: This module uses the preprocessed ECG
signal as input and processes it to extract main features that will be used
later for ECG signal classification. This module encompasses three
sequential activities: R-peak detection, hearth beat segmentation, and
temporal feature extraction. R-peak detection comprises the analyzing
of the ECG signal and detecting R-peaks and annotating these along the
ECG recordings, it is widely used to diagnose cardiac disorders and
analyze heart-rate variability. However, heartbeat segmentation iden-
tifies individual heartbeats and selects a series of samples (segments)
centered on the R-peak of each heartbeat. Finally, the temporal feature
extraction comprises the computation of each beat’s temporal features,
which helps maintain useful information about beats for classification.
Such features include instance pre-RR and post-RR intervals and
amplitude of P-, R-, and T-waves.

Adaptive deep reinforcement learning module: This module is
the core of the architecture and is responsible for optimizing the deep
learning model to be used for classifying preprocessed and processed
ECG signals. It employs the list of hyperparameters, both model and
network architecture parameters (see. Table 2), as input to the RL
module and relies on an agent component that automatically fine-tunes
these parameters based on the reward evaluation mechanism. The
selected hyperparameter configuration is provided as input to the deep
learning model that reward trains the ECG dataset using the selected
configuration and then tests and evaluates the model accuracy using a
set of metrics (e.g., cross-entropy). Observations and feedbacks are
returned to the RL component, which re-evaluates the rewards and in-
structs the agent to fine-tune the corresponding hyperparameters. Iter-
ations and loop back between model training and RL components
continue until the deep learning model is optimized after the reward
value reaches a certain threshold, as defined later.

ECG Data Collection

ho

De-noising

Adaptive Deep Reinforcement Learning Module

Reinforcement Learning

5. 6D
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Fine Tuning
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4. Problem formalization

The manual selection of the optimal set of hyperparameters and
neural network architecture parameters is an incremental and repetitive
process that is time-consuming and requires exhaustive trials and
experimentation as well as error handling to attain the best
performance.

This study aims to automatically optimize the performance of CNN
with application on ECG classification. Accordingly, herein, we define
the CNN performance considering the model accuracy, processing cost,
and execution time. An optimum model is one with high accuracy, low
processing cost, and reduced execution time. For that purpose, our
approach optimizes the set of training hyperparameters and the
network-structure design-related hyperparameters called network
hyperparameters of the CNN, including topology information.

4.1. Training hyperparameters set

Our first optimization level is the selection of a set of hyper-
parameters that achieve the best performance according to the above-
mentioned performance definition, including the learning rate,
momentum, number of epochs, and batch size [26,27]. The learning rate
determines the updating speed of the network parameters, which is
defined as Ir € {0.01 —xyz}. Additionally, the momentum m determines
the direction of the next step given the previous steps, where
m € {0.5-0.9}. Moreover, the number of epochs is determined by
monitoring the loss values during training using the early stopping call
back function. Additionally, the batch size bsz is defined as the number
of data samples fed to the network at the time of parameter update,
where bsz € {32, 64, 128, 256}.

4.2. Network structure hyperparameters set

Most of the approaches for optimizing the network structure design
of neural networks in literature adopt plain CNN based on general ar-
chitecture, which comprises convolution, pooling, and fully connected
layers [28]. In our model, we employ the following network structure
hyperparameters of CNN: the number of hidden units, dropout, network
weight Initialization, and activation function [26]. For each layer type,
we define the number of hidden units as nhu > 1, dropout as d, where
d € {20% — 50 %}, and network weight initialization nw, which is a
uniformly distributed set of weights. We use the most used activation
functions AF, such as Rectified Linear Activation (ReLU), Logistic (Sig-
moid), or Hyperbolic Tangent (Tanh), and SoftMax activation functions.

ECG Processing Module

Peak Heartbeat ~ Signal Heartbeat Temporal Feature
(QRS) Detection ~ Segmentation Extraction

Deep Learning Model for ECG classification

Arrhythmia Classes Output

Optimized Model

Fully Connected
Layer

e 0:Normal Beats

*  1:Supraventricular Ectopic Beats
o 2 :Ventricular Ectopic Beats

e 3:Fusion Beats

o 4:Unclassifiable Beats

Physician /
Radiologist

« Activation functions

Observations and Feedback

Fig. 2. Adaptive reinforcement learning architecture for arrhythmia-classification-based ECG data.
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Fig. 3. MDP time step.

Table 2
CNN training and network structure hyperparameters.

Hyperparameters Value Ranges

CNN Training Learning rate (Ir) Ir € {0.01 —xyz}

Momentum (m) m e {0.5-0.9}
Number of epochs (nep) nep > 0
Batch size (bsz) bsz € {32, 64, 128, 256}
CNN Network Number of hidden units nhu > 1
Structure (nhu)
Dropout (d) d € {20% — 50 %}
Network weight Z:’lei -1

initialization (nw)
Activation functions (AF) ReLU, Sigmoid, Tanh, and other

SoftMax activation functions

4.3. Reinforcement learning for deep learning (CNN) model optimization

We formally define D to denote a deep learning algorithm with a set
of configurations of all hyperparameters €, including discrete and
continuous dimension spaces. Let D, be D with a set of training and
network hyperparameters p, where pe€. We propose a method that
applies RL to solve our deep learning optimization problem as a
powerful learning decision-making framework [29]. Conventional RL
problems are modeled as a multi-objective Markov decision process
(MDP) as a sequential decision process, where the agents are sequen-
tially employed to select the hyperparameters one by one based on a
reward system that appreciates when the system performance improves.
Generally, a problem with a large input space can be effectively solved
by breaking the problem into multiple smaller subproblems to be easily
handled, and consequently, the search space is reduced.

The RL-based framework can be described as follows: Each task has a
set of n configuration parameters, including the hyperparameters a and
the network architecture parameters . The agent individually chooses
the hyperparameters. Then, the deep learning model reflecting the
assigned hyperparameters is trained on the training dataset denoted as
Dyrain- The agent aims to maximize the expected performance of the deep
learning algorithm by maximizing the expected reward. The system
performance is measured as defined in the previous section and is used
as the reward R to update the agent’s internal parameters, which are the
training and network structure hyperparameters. Moreover, we measure
the accuracy of the deep learning model on the validation dataset,
denoted as D,g4; the architecture complexity and execution time are
both used as a reward to update the agent’s parameters of the RL al-
gorithm. Accordingly, the agent learns how to tune the hyperparameters
following an iterative process.

Acc, =

We formalize our optimization problem as a multi-objective MDP
with a 5-tuple (S,A, P, R, y), were.

e S is the set of all states S = {s1, S2, S3... Sm}. The agent selects one
hyperparameter at a time, based on the previous past decisions.
Thus, we define a state s at time t as s; = Decision,_ (j,_; ), where
Decision,_; is the decision of the agent at time (t — 1).

e A is the set of all actions A = {aj, ag, as...an}. For example, an
action could denote choosing a certain value for hyperparameter h to
be applied to the model and accordingly reaching a certain state.

o Pisthe set of probabilities of the transition between states at time t. It
is the probability of the transition from s—s under action a at time t:
Pi(s,s) =Pr(sg1 = S|se=s,a=a)

The agent’s action follows a policy that defines the state-action value
m: S — A [29]. The objective of the agent is to choose a policy that
maximizes the expected reward .n(a, s) = Pr(s;=s,a;=a)

e R is the reward function, which is measured after the transition of
s—¢ under action a at time t. Since we adopt a multi-objective MDP,
the reward value signal is defined as a vector comprising the feed-
back values of multiple objectives rather than a scalar reward in
single-objective MDP. Therefore, we define our reward function as a
weighted sum of all performance factors, such as accuracy, network
architecture complexity, and time of execution formalized as follows:
We evaluate the model’s classification performance using cross-
entropy loss. This method is particularly effective because the pol-
icy is represented as a probability distribution over actions. Cross-
entropy loss helps adjust this distribution to better align with the
optimal policy, which is defined by the following formula:

Loss = —) logn(a:|s:)-R¢, where n is the policy, a; is the action
taken, s; is the state, and R; is the return reward at time t.

e We also evaluate the accuracy Acc; for the model in state s at time
step t as follows:

true positives
total observations

e Tis the total time CNN takes to train and test the model to produce a
result for all time steps from t = 0 to time step t = n, where n is the
total number of time steps. Itis definedas T =) ,e;, where e is the
execution time at time step t.
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e The reward at time step t is a scalar that is defined as the weighted
normalized value and is calculated using the following reward
function: r, = S witog, s.t. Z}’:le = 1, 0; €
{Accuracy, T, logloss}. The weight w; is assigned for each attribute o;
contributing to the reward evaluation based on the experimental
evaluation. The details of the weight values will be elaborated in the
experimentation section.

y is a discount factor, and y€[0,1]. It is used to balance between the
current and future rewards by determining how much weight is to be
assigned to the long-term reward compared to the instant reward.
When this value is closer to zero, the agent maximizes the immediate
reward. However, when it approaches one, the agent assigns more
weight to the current reward.

The below figure depicts the MDP at each time step t. The probability
of the transition to sy at time t is defined by Pr(s;, a;, sr+1) using policy
(¢, a;), and the reward is given by the reward function r(s;, a;, s¢i1)-
The action ag involves first training the CNN models using the updated
hyperparameter values and then evaluating the model using a set of
performance metrics.

4.4. Training with reinforce
We define the state-value function Q as the expected return at a

certain state s after transition by action a under policy =n. It measures
how good the new state of the model is, which is state s at time step t.

Q:(s,a) = E; Zy‘rt [so=s,a =a
t=0

Algoithm 1 Multi-objective Reinforcement Learning for ECG classification

INPUT:

e hpList {List of hyperparameters},

o hpValues {List of hyperparameters value ranges},

® Dyqin {Training dataset},

e D,qiq {Validation dataset},

o & {Threshold value for accepted Reward}

OUTPUT:

o optHP List {Optimized hyperparameters List}

1: procedure OptimizeCNN(hpList, hpValues, Dyqin, Dyaiid)
2: Rewardmgy < 0

3:  while Rewardpg, < & do

4 optHPList < defaultHP

5: M < initializeCNNModel(defaultHP)

6: for all hp € hpList do

7 for all v € hpValues[hp]) do

8 hpSelectedValues < updateHPValues(v)

9: M < updateCNNModel(hpSelectedValues)
10: tstart < getCurrentTime()

11: trainCNNModel(M, Dyqin)

12: tend < getCurrentTime()

13: Ttrain < tend — tstart

14: ACC, MSE« evaluateCNNModel(M, D,qjiq)
15: Wi, Wq,Wn, < getRewardObjWeights()

16: Reward < WX TyrgintWqxACC+WmxMS E
17: if (Reward > Rewardpg,) then

18: Rewardp,qy < Reward

19: optHPList < updateHPValues(v)

20: end if

21: end for

22: end for

23: end while
24: return optHPList
25: end procedure

The algorithm selects the policy that maximizes the cumulative reward
as follows:

7' (s) € argmax,Q’(s,a), where Q' (s, a) is the optimum state-action
value. We adopt Q-learning [30] in our algorithm as the value-based

Biomedical Signal Processing and Control 101 (2025) 107155

(and off-policy) method to achieve the optimum policy by iteratively
estimating the optimal value obeying the Bellman equation:

Q'(s,a) = E,| Y r+ymax(Q'(s,d))|d = n(s)
t=0
Algorithm 1 describes the details of the RL-based CNN optimization.
The following are taken as the input: list of hyperparameters, list of
value ranges for each hyperparameter, training dataset, validation
dataset, and threshold for the accepted reward 6 value. In each iteration
of the algorithm, the agent selects one of the hyperparameters and loops
over its available range of values and then selects one value to construct
a new CNN model. The newly created model is evaluated using the
testing and validation datasets and a new reward R value is determined.
The new reward value r, is compared to r,_;, which is the reward
calculated at time t—1. If the reward value converges toward the
threshold value, the new CNN model configurations are stored to be
used in the upcoming iterations; otherwise, the model is discarded and
another hyperparameter value is selected in the next iteration. The al-
gorithm keeps iterating until the reward R value exceeds the threshold §;
hence, the corresponding CNN model is accepted and adopted as the
optimized model.

5. Experiments

This section describes the experimentations developed to assess
various aspects of the proposed adaptive reinforcement model. The main
objectives are to prove that the proposed model for the automatic
optimization of hyperparameters achieves better performance (accu-
racy, time, and cross-entropy) compared to the baseline models and
identify hyperparameters that might significantly affect the model’s
performance. Therefore, we developed four scenarios: the first scenario
builds a baseline model based on manual hyperparameter optimization,
whereas the second scenario implements our proposed automatic model
optimization. These two scenarios aim to compare the performance of
our automatic optimization to the baseline model. In the third scenario,
we rank the hyperparameters in terms of importance and effectiveness
in increasing the model’s accuracy. Finally, our fourth scenario mea-
sures the overhead of our proposed model in terms of resource utiliza-
tion. The following subsections detail our experiments, including the
environment setup, the dataset employed, the experimental design, and
scenarios and finally discuss the obtained results.

5.1. Environment setup

This section describes the environment setup employed in our ex-
periments. We implemented and tested the CNN model over a system
with the following configurations:

e Processor: Intel(R) Core (TM) i7-10750H CPU @ 2.60 GHz 2.59 GHz
e RAM: 16.0 GB

e System type: 64-bit operating system, x64-based processor

e GPU: NVIDIA GeForce RTX 2070 (8 GB RAM)

5.2. Dataset preprocessing, analysis, and processing setup

We used the MIT-BIH arrhythmia database [31]. This database in-
cludes 48 two-channel ambulatory ECG recordings from 47 subjects at
the BIH Arrhythmia Laboratory between 1975 and 1979. Each of these
ECG recordings is about a 30-min long. The sampling rate for digitizing
the recordings was 360 samples/s/channel. Each record was annotated
by two or more cardiologists, and the disagreements were resolved.
Finally, computer-readable reference annotations were obtained for
each beat [32]. WFDB Python Package was used to read the MIT-BIH
arrhythmia database. The package includes a library of tools for
reading, writing, and processing WFDB signals and annotations.
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The study focused on nine classes of Arrhythmia, which are:

. Right bundle branch block beats

. Left bundle branch block beats

. Premature ventricular contractions

. Atrial premature beats

. Fusions of ventricular

. Normal beats

. Paced beats

. Unknown/unclassifiable beats

. Supraventricular premature beats

1) Data preprocessing (Denoising: ECG preprocessing Module)

O 0O NOU D WN -

To minimize the noise in ECG recordings, such as powerline noise
interference and baseline wandering, BioSPPy toolbox was used. Bio-
SPPy is a toolbox for biosignal processing that is written in Python to
provide an easy starting point into biosignal processing. One of the main
methods of BioSppy is filtering biosignals. BioSPPy is offering a suite of
algorithms tailored for analyzing various physiological signals such as
electrocardiography (ECG), electrodermal activity (EDA), and electro-
myography (EMG), among others. It simplifies the extraction of perti-
nent information from biosignals, empowering researchers and
developers to focus on their analytical tasks. BioSPPy encompasses
multiple modules and functionalities, including signal processing and
feature extraction such as heart rate variability (HRV), EDA analysis,
and EMG analysis. As an open-source library, it can be effortlessly
installed using Python package managers like pip or conda. Its modular
architecture and intuitive API cater to both novices and seasoned re-
searchers in the field of biosignal processing [33].

ECG signals might exhibit powerline noise interference and might
have a DC offset resulting from the acquisition device, and signals can
also have the influence of breathing in the variability of R-peak ampli-
tudes. To minimize the effects of these artifacts and extract a bunch of
features, module “signals.ecg” in BioSPPy encompasses functions for e-
lectrocardiogram signal importing, and signal pre-processing. For the
pre-processing, the module filters interfering components from the
signal, such as muscle activity, 50 Hz power noise and baseline wan-
dering [34].

Figs. 4, and 5 show a sample raw, and filtered ECG signal,
respectively.

2) Data analysis

The category-wise data distribution shown in Fig. 6 depicts that the
F, Q, and S categories comprise only few records, and hence, we did not
include these classes in the output. Subsequently, we performed data
resampling using the upscaling technique to adjust the sample distri-
bution. Fig. 7 depicts the rebalanced dataset used for training, consid-
ering 6 classes out of 9.

3) ECG processing Module

R-peak detection
To detect R-peaks, we relied on the annotation files provided by the

0 1 2 3 4 H

Fig. 4. Sample of an unfiltered ECG signal.
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Fig. 5. Sample of a filtered ECG signal using BioSPPy toolbox.
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Fig. 6. Category-wise data distribution. N: Normal beats. L: Left bundle branch
block beats. V: Premature ventricular contractions. R: Right bundle branch
block beats. U: Unknown/unclassifiable beats. A: Atrial premature beats. F:
Fusions of ventricular. Q: Paced beats. S: Supraventricular premature beats.
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Fig. 7. Rebalanced dataset used for training.

MIT-BIH arrhythmia database. In these annotation files, the location of
beats annotations generally appears with sufficient accuracy at the R-
wave peak.

Heartbeat Segmentation

Since each heartbeat in the MIT-BIH arrhythmia database is anno-
tated at its R peak, Swapna et al. extracted heartbeats based on the R
peaks, where they defined a window of size 1 s to select a series of
samples centered on the R peak of each heartbeat. At the end of their
segmentation process, they obtained 361 samples for each heartbeat [9].
Additionally, Yildirim et al. segmented ECG based on the R peak, where
they selected 99 samples before the R peak, and 160 samples after the R
peak. Each beat included 260 samples [13]. We followed the same
method used by Swapna et al. and Yildirim et al. [9 13] to segment ECG
signals based on the R peak, and we included 260 samples per beat.

Temporal feature extraction

According to Sannino et al. [4], ECG segmentation can cause loss of
information about the ECG waveform. Computing each beat’s temporal
features will help retain useful information about the beats for
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classification. We computed the following temporal features for each
beat:

e Pre-RR interval: defined as the RR-interval between a given heart-
beat and the previous heartbeat

e Post-RR interval: defined as the RR-interval between a given heart-
beat and the following heartbeat

e Local average RR interval: defined as the average of 10 RR-intervals
within a sliding window covering the past 10 s. Here, we assumed
one beat per second.

e Global average RR interval: defined as the average of 10 RR-intervals
within a sliding window covering the previous 5 min. Here, we
assumed one beat per second.

Fig. 8 illustrates the plots for six different ECG classes that were
generated based on our ECG processed data. Each of these plots repre-
sents a single random beat for a specific ECG class, with each beat
comprising 260 samples (as described in the Heartbeat Segmentation
section). The ECG classes represented in the figure are based on the data
from the annotation files provided by the MIT-BIH arrhythmia database.

5.3. Experimental design: evaluation metrics, scenario’s description, and
implementation details

1) Model Evaluation Metrics

For our model evaluation, we adopted the cross entropy evaluation
metric [36] which is described in the model optimization section.
Moreover, we applied different evaluation criteria, such as accuracy, for
each class to measure the performance of our experimented classifica-
tion models [37]. Accordingly, we determine how well our classification
models perform. The following formulas detail the evaluation metrics:

truepositives + truenegatives
truepositives + truenegatives + falsepositives + falsenegatives
__ correctlyclassifiedsignalsasclass;
n totalactualclass;signals

Accuracy =

Additionally, we adopted additional measurements to further vali-
date our model, including the time to train the model, resource utili-
zation in terms of memory consumption, and CPU utilization. For the
time to train the model, we measure the actual time taken to train the
data by each model, and we use this measure to compare the models.

2) Scenario’s Description
The following four main scenarios are used to evaluate the proposed
model:

Scenario — 1: Prediction results without model optimization

N: Normal beat F: Fusion of ventricular

R Right bunde branch block beat L: Left bundie branch block beat

Fig. 8. Sample ECG generated classes.
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(manual model optimization) baseline model. In this scenario, we use
the ECG dataset and build the CNN model with manual tuning for
training and setting network hyperparameters. We use two configura-
tion schemes for the baseline model: the first configuration uses basic
hyperparameters and the second configuration uses simple manual
tuning of a few hyperparameters.

Scenario — 2: Prediction results with automatic optimization model.
In this scenario, we use the same dataset employed in the first scenario
and apply our RL-based model to tune both the training and network
hyperparameters. We evaluate the model’s performance in terms of
accuracy, training time, and cross-entropy and then compare the results
to those obtained in scenario 1.

Scenario — 3: Rank the hyperparameters in terms of importance and
effectiveness. In this scenario, we consider various hyperparameters
tunings, and we evaluate the baseline model to individually assess the
effect of each parameter and rank the most influential parameters based
on the model accuracy. We use different values for the following
hyperparameters: learning rate, number of layers, dropout, batch size,
number of epochs, and activation function.

Scenario - 4: Model overhead evaluation in terms of processing cost
and resource consumption. In this scenario, we assess the cost of the
proposed automatic hyperparameters fine-tuning in terms of CPU and
memory utilization compared to the benchmarking scenario 1. We
report and compare the results to verify whether the processing cost and
consumed resources of the proposed model are insignificant compared
to those of the baseline model.

3) RL Implementation Details

This section describes the RL implementation with respect to the
hyperparameter classification using MDP, the actions, and Q-
Table initialization as well as the resulting reward table.

MDP for Hyperparameter classification: The Q-Learning algo-
rithm utilizes a Q Table; the latter is updated based on the Bellman
equation, as detailed in section 8. The values in the Q Table are used to
determine the best action, while Q defines how helpful an action that an
agent takes in a state is, and it is computed using the state action-value
function.

Actions and Q Table Initialization: Actions represent the change of
hyperparameter values from the selected list based on the policy to
calculate the reward. The rows and columns count is equal to the current
parameter options count, and the Q-Table values are initialized to zeros.

Reward Table: The reward table is used to record the calculated
reward corresponding to each action taken by the agent. Additionally,
the values in this table are initialized to zeros. If the action reward is
more than the threshold value, the table is updated with the actual
reward; otherwise, it is updated with — 1.

Fig. 9 displays a sample Q-Table, where the highest value in the
“Action” column indicates the best action, the agent can take to obtain
the highest reward. For each state depicted in this table, the highest Q-
value is in the 4th column (learning rate = 0.005). Hence, we conclude
that irrespective of the current state, the action that affords the
maximum reward is the change of the learning rate to 0.005. Accord-
ingly, all the hyperparameter values leading to the best performance are
derived using the Q-Table using the same procedure.

6. Results and discussion

Following the above experimental design, herein, we conduct a set of
experimentations using the above-described scenarios, and we report
and discuss the obtained results.

1) Adaptive deep RL module evaluation (Scenario 1, 2)

We detail here the implementation scenarios used to evaluate our
proposed RL model optimization in terms of accuracy, cross-entropy,



M.A. Serhani et al.

0.01

Biomedical Signal Processing and Control 101 (2025) 107155

Actions

0.05

—

—
0-802285—

==

0.84152099

/

0.79060507

0 10.82099907

0,8036
494585

0.7627923

.8545

0 0726

0.78215407 |0

0.80972099

0.793285 0.79231885

0

Fig. 9. Q-Table for learning rate.

and training time measured against two other benchmarking models.
This experiment is represented by scenarios 1 (A, B) and 2, which are
detailed in section 9.3. We first draw the general CNN model architec-
ture as depicted in Fig. 10, and then, we detail the CNN model config-
uration for each scenario. Finally, we report the obtained results.
Scenario 1A- Prediction results with baseline model: Fig. 11 (a)
shows the CNN model architecture used in scenario 1A. We evaluate the
prediction results without model optimization. In this scenario, the time
series ECG data of the 1-D array is passed to the input layer. The output
for the model is a six-element vector containing the probability of a
given sample belonging to each of the six arrhythmia classes. The model
is defined as having three 1-D CNN layers followed by a pooling layer for
dimensionality reduction and a dropout layer for regularization. After
the CNN and dropout, the learned features are flattened to one long
vector and passed through two fully connected layers. Then, the output
layer is used to make a prediction. For this model, we employ a standard
configuration of parallel feature maps (filters) and a kernel size for the

ConvlD ConviD
I
Ll“u
Activation Activation
function © function g
RelU 0 RelU
Input data Ll
(200x 1) ) i
Filters: 32 . U
Kernel: 3 x 1 Filters: 64

Kernel: 3 x 1

Pooling layer

CNN layers as follows: CNN layer 1 => 32, 3, CNN layer 1 => 64, 3, and
CNN layer 1 => 128, 5, where each number represents the filters and
kernel size, respectively.

Scenario 1B — Prediction results with manual HP tuning: Fig. 11
(b) shows the CNN model architecture used in scenario 1B. In this model,
we reduce one CNN layer from the previous model and the current
configurations are as follows: CNN layer 1 =>32, 3 and CNN layer 1 =>
32, 3, where each number represents the filters and kernel size,
respectively.

Scenario 2 — Prediction results with automatic optimization
model: The CNN layers selected in the manual tuning were found to be
the best among the selected configurations in automated tuning. The
model specifications for each scenario are shown in Table 3.

Analysis of the confusion matrix for scenarios 1A and 1B in Fig. 12
(a), and 12(b) shows that the most incorrect predictions are afforded for
the class “N,” where the model is predicted as “V.” Additionally,
incorrect classification is afforded for the class “N” that is predicted as

Flatten Fully connected layers

Dropout layer

Output
LSTM layer %
SO
I ==
L WD
= 1O
] O
[
J: = O
i O Dense
(. O Units: 6
- D, Softmax
I g/ O
Dropout: 20% [
Pool size: 3 Unit=64 Deps?
Strides: 2 Units: 512
Dense
Units: 1024

Fig. 10. General CNN model architecture.
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nput: | [(2. 200, 1)]

convld_64_input: TnpufLayer
output: | [(2. 200, 1)]

input: | (2, 200.1)

convld_64: ConvlD

output: | (2, 200, 32)

) mput: | (2,200, 32)
convd_65: ConviD

output: | (2, 200, 64)

input- | (2,200, 64)

convid_66: ConviD -
(2,200, 128)

max_poolingl d_45: MaxPooling1 D
oufput

input: | (, 200, 128)
(2,100, 128)

!

’ mput

(2,100, 128)

dropout_9: Dropout
- (7,100, 128)

output

]

input: | (7, 100, 128)

flatten_20: Flatten

output: | (7, 12600)

]

) input: | (2, 12800)
dense_56: Dense
output

(2,512)

dense_58: Dense

a) Baseline CNN

model

Table 3
Model specification for each scenario.

b) CNN model - manual tuning
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iput: | [(?, 200, 1)]
[(2, 200, 1)]

mput: | [(%, 200, 1)]

convld_2_input: TnputLayer
[(2, 200, 1)]

convld_2_input: InpufLayer

l

input: | (2,200, 1)
(2,200, 32)

output output

convld_2: ConvlD

convld_2: ConvlD

output

| |

wmput: | (7, 200, 32)

nput: | (2, 200, 32)

convld_3: ConvlD
(2, 200, 32)

convld_3: ConviD

output: | (7,200, 32) output:

| !

input: | (2,200, 32)

nput: | (7, 200, 32)

max_poolingld_1: MaxPoolinglD max_poolingld_1: MaxPoolingl D

oufput: | (7,100, 32) output: | (2, 100, 32)

]

nput: | (2,100, 32)

dropout_1: Dropout dropout_L: Dropout

output: | (2,100, 32) output: | (2,100, 32)

100, 32)
(2,3200)

input: | (2,100, 32)
flatten_1: Flatten
- output: | (7, 3200)

mput:

flatten_1: Flatten

output:

}

mput: | (2,3200)

dense_3: Dense

output: | (2,512)

wput. | (2, 512)

dense_4: Dense
(2, 1024)

output:

}

mput: | (7, 1024)

dense_5: Dense —
output: (2,6)

¢) CNN model -
automated tuning

Fig. 11. CNN model architecture details for each scenario.

“A,” followed by the wrong predictions as “L” and “U.” We aim to
minimize this error by tuning the hyperparameters used in the CNN
model. However, the confusion matrix from the automated tuning CNN

Scenario 1A

Scenario 1B

Scenario 2 model shown in Fig. 12(c) depicts an improved outcome.

Number of layers 9 (6 trainable)

8 (5 trainable)

8 (5 trainable) Table 4 depicts a class-wise comparison of accuracy gain for the six

Learning rate 0.01 0.01 0.002 arrhythmia classes based on the above confusion matrices. For Class A,
ﬁamh Sltze (1)05 (1)55 842 the manual tuning of the hyperparameters does not improve the pre-
ropou .. . 8 . . . . .
Nunl:ber of epochs 20 20 15 diction accuracy, while the automatic tuned model resulted in ~ 10 %
Activation function ReLu ReLu SoftPlus improvement in accuracy. The majority of the wrong prediction is
afforded for class A, predicted as “N.” All the models predict class L
almost correctly with an accuracy exceeding 96 %, but the automatic
tuned model outperformed the other two models with an accuracy above
99 %. Most of the samples belong to class N, where the prediction using
. 2 1306 1 0 1 n 4 1338 26 4 1 15 -- 1 1406 3 o o 5
. B w o m . .
3 4
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28 0 B 1198 0 5 - 3 0 o 1136 o o
a - ] . Il - .o 0 o o 176 '
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a) Baseline CNN model | b) CNN model-manual tuning | ¢) CNN model after automated
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Fig. 12. CNN model confusion matrix for all scenarios.
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Table 4

Class-wise comparison of accuracy gain with hyperparameter tuning.

Biomedical Signal Processing and Control 101 (2025) 107155

Atrial premature beat CNN model Sample size True prediction False prediction % accuracy
Baseline 455 366 89 80.44
Manual 482 384 98 79.67
Automated 489 443 46 90.59
Left bundle branch block beat Baseline 1344 2306 38 97.17
Manual 1388 1338 50 96.4
Automated 1415 1406 9 99.36
Normal beat Baseline 13,071 11,120 1951 85.07
Manual 12,928 12,242 686 94.69
Automated 13,078 12,679 399 96.95
Right bundle branch block beat Baseline 1214 1174 40 96.71
Manual 1239 1198 41 96.69
Automated 1139 1136 3 99.74
Unknown/unclassifiable beats Baseline 1210 1203 7 99.42
Manual 1235 1231 4 99.68
Automated 1177 1176 1 99.92
Premature ventricular contraction Baseline 1288 1200 88 93.17
Manual 1289 1188 101 92.16
Automated 1255 1224 31 97.53
the baseline model exhibits poor performance, with an accuracy of ~ 85 . o
%. Manual tuning resulted in better accuracy of above 94 %, but the R(Oh:: for ?"hg{thm'i. Pred'cgolr;
automated model gave an accuracy of ~ 97 %. For class R, the baseline anua’ opimization mode
model and manual tuning model observed similar accuracies of ~ 97 %, 10 7
but the automatically tuned model again affords better accuracy of //’
approximately 100 %. All models afford good prediction results for class 08 ,/’
U, with accuracy above 99 %. v ,/’
For class V, the manual tuning of the hyperparameters is not effec- g /,’
tive, whereas automatically tuned model gained an accuracy of above v 0.6 1 /,’
97.5 %. Overall, compared to the other two models, the automatically = i
tuned model well tunes the hyperparameters with good prediction ac- § 04 1 . -7 — Class N (AUC = 0.98)
curacy for all the classes. 2 ’ e — Class L (AUC = 1.00)
Figs. 16-19 summarize and compare the results obtained for each of ,/’ — Class V (AUC = 1.00)
the above-described scenarios. Fig. 16 shows that the optimized model 0.2 ol Class R (AUC = 1.00)
accuracy exceeds that of the baseline and manually optimized models. g Class U (AUC = 1.00)
Fig. 17 depicts the sample accuracy value for each scenario; clearly, the 00 -7 Class A (AUC = 1.00)
accuracy of the optimized model (scenario 2) is higher (97.4) than that 0.0 02 04 06 08 10
of the other two models. False Positive Rate
Figs. 18 and 19 report the model execution time and cross-entropy Fig. 14. ROC f hvthmia Prediction (M 1 optimizati del
observed for each scenario. Similarly, the adaptive optimized model 's. 14 or arrhythmia Prediction (Manual optimization model).
exhibits the lowest execution time of 0.33 min compared to 3.66 min for
the baseline model. Moreover, the adaptive optimized model shows the ROC for Arrhythmia Prediction
least error of 0.0081 compared to 0.0336 for the baseline model. (Automatic optimization model)
Effective, whereas automatically tuned model gained an accuracy of
above 97.5 %. Overall, compared to the other two models, the auto- 10 ,/’
matically tuned model well tunes the hyperparameters with good /,’
0.8 1 ,/’
7
. .- VU
ROC for Arrhythmia Prediction 5 ot
(Baseline model) v 06 1 ,/
= 7
10 =7 § ,,/
PR t 041 ,,’ — Class N (AUC = 0.99)
g 2 e — Class L (AUC = 1.00)
08 7 - —— Class V (AUC = 1.00)
g PR 021 e — Class R (AUC = 1.00)
v 06 -~ - — Class U (AUC = 1.00)
z g g — Class A (AUC = 1.00)
g ,, 00 T T T T
t 041 Pid — Class N (AUC = 0.95) 0.0 0.2 0.4 0.6 0.8 10
rE . //’ —— (Class L (AUC = 1.00) False Positive Rate
7
- — Class V (AUC = 0.99) . . . . s
e
02 o - Class R (AUC = 1.00) Fig. 15. ROC for Arrhythmia Prediction (Automatic optimization model).
PRe — Class U (AUC = 1.00)
. Pl —— Class A (AUC = 0.99) prediction accuracy for all the classes.
0.0 T T T * We draw the area under the curve for baseline, manual and auto-
0.0 0.2 0.4 0.6 0.8 10

False Positive Rate

Fig. 13. ROC for arrhythmia Prediction (Baseline model).
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matic optimization of arrythmia prediction as depicted in Figs. 13, 14,
and 15. From the three figures automatic optimization model show the
highest accuracy of the test, the sensitivity and specificity are 1 for five
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Accuracy (%)

Execution time (mins)
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Fig. 17. Sample accuracy value is taken for each scenario.
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Fig. 18. Sample execution time monitored for each scenario.
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Fig. 16. Accuracy comparison between different scenarios.
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Fig. 19. A typical cross-entropy loss observed from each scenario.
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arrhythmia classes.
For class V, the manual tuning of the hyperparameters is not.

2) Effect of hyperparameter on model performance (Scenario 3)

The boxplot in Fig. 20 depicts the CNN model accuracy variations
monitored for each of the independently tested hyperparameters. All the
values have been taken from hyperparameter tuning using the RL
method. Experiments indicate the hyperparameters impact the model
accuracy in the following order (severe to mild): 1. Learning rate, 2.
Batch size, 3. Activation function, 4. Number of layers, 5. Number of
epochs, 6. Dropout.

The boxplot in Fig. 21 depicts the CNN model accuracy variation
monitored for a model with 5,6,7, and 8 layers. Increased number of
layers and epochs cause model overfitting, which affords the best
training accuracy but poor validation accuracy.

1) Resource consumption evaluation (Scenario 4)

Here, we assess the cost of the proposed automatic hyperparameter
fine-tuning in terms of GPU, memory, and disk utilization for each
model configuration. The results depicted in Fig. 22 show that our
optimized CNN model exhibits the least GPU utilization in all the three
scenarios, with a large batch size (64) configuration. Additionally, the
GPU memory allocation exhibits consistency in all three scenarios by
utilizing 100 % of the required memory for the model training as Keras
(TensorFlow) allocates all GPU memory by default. Moreover, the
training of all three models is well within the ideal GPU temperatures
between 65 °C and 85 °C under load. The figure also shows insignificant
disk space utilization as a typical CNN model does not use considerable
disk space.

Fig. 23 shows the amount of available memory and the memory in
use (non-swap), denoting the RAM space utilization and availability
during the training of the CNN model. Memory utilization increases with
the batch size. The system memory utilization shows little system
memory usage for the CNN training because the data are directly hosted
on the GPU memory. The system memory usage depicted in the figure
includes the memory used for the training process, the initially allocated
memory space. Finally, the figure shows little workload on the CPU
during the training.

2) Algorithm time complexity
This section evaluates the time complexity of our proposed multi-

objective RL algorithm using the big O notation. This provides an indi-
cation about the algorithmic efficiency, which consequently impacts the

Number of layers Vs Accuracy

100
— T =
T =
[e)
80
(o]
~ 60 1
v
el
g
v
2L 40 A
20 4
. ® ? T -
5 6 7 8

Number of layers

Fig. 21. Accuracy dependency plot for different number of layers.
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execution time. The performance of Algorithm 1, depicted in section 4
(D), depends on the number of trainings hyperparameters T and network
structure hyperparameters N as well as the maximum interval size nyqy
of the selected value ranges of each hyperparameter.

Let each hyperparameter have a set of values V; € [q; ..b;], which is a
closed interval representing the set of all integer numbers greater or
equal to a; and less than b;, where i € [1..(T + N)] is the hyper-
parameter number. Let the number of values between a; and b; be n;,
then fimge = Nimax = MaX; e (1. (r+ Ny M-

Moreover, the algorithm time complexity is subject to the number of
iterations @ that are to be executed until the reward value converges to
the acceptable threshold, which adds to the time complexity. Therefore,
the time complexity of the CNN optimization algorithm is of the order of:

O((T+N) * Mgy * @)

Because the number of hyperparameters and interval size for a given
problem can be considered as constant values, the overall time
complexity should only consider the time complexity of all the CNN
models evaluated during each stage of the optimization before
converging to the accepted Reward R value. Usually, the time
complexity for the CNN models depends on the number of layers, the
number of hidden neurons, and the input size.

7. Conclusion

Monitoring-based ECG analysis has been extensively used for diag-
nosing various cardiovascular diseases and preventing implications
associated with these diseases, such as strokes and hard attacks. Deep
learning models demonstrated their abilities to accurately process,
classify, and analyze huge and time series datasets and generate relevant
insights and recommendations. However, to realize the full potential of
these deep learning models, their architectures need to be properly
designed and their hyperparameters parameters need to be carefully
selected and tuned. Therefore, this study proposed an architecture that
automatically fine-tunes hyperparameters of the CNN models and
network architecture based on RL. The proposed model automatically
fine-tunes hyperparameters and performs iterations until the optimum
configuration is reached that maximizes the reward function, subse-
quently achieving high accuracy. The proposed model tackles some of
the inherent issues related to automatic fine-tuning of CNN models, such
as resources consumption and complexity.

We evaluated our proposed model using a set of scenarios that
considered the following: 1) baseline with no model optimization, 2)
manual model fine-tuning, and 3) automatic model fine-tuning. We
compared the results of these experiments using three evaluation per-
formance metrics: accuracy, cross-entropy, and execution time. The
obtained results prove that automatic fine-tuning affords the highest
accuracy (97.4 %), least execution time (0.33 min), and lowest cross-
entropy (0.0081). Additionally, we assessed the impact of each hyper-
parameter on the model accuracy, and the results show that the learning
rate has the highest influence and dropout has the least influence on the
model accuracy. Furthermore, we evaluated and compared the resource
consumption of the three models. The results prove that our proposed
solution is lightweight, is less complex, consumes the least resources,
and the overhead is low. Finally, we evaluated our proposed multi-
objective RL algorithm overhead in terms of time complexity and
determined that it does not significantly affect the overall time
complexity of the optimized CNN Model. In future studies, we plan to
apply our RL-based model to other deep learning models, such as LSTM
and Recurrent Neural Network RNN, and compare the results.
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