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ABSTRACT This study introduces an electrocardiogram (ECG) detection system for predicting the
spontaneous termination of atrial fibrillation (AF). The proposed system uses a two-stage approach: first,
it extracts features from the ECG signals using Hjorth parameters (activity, mobility, and complexity),
and second, it applies a deep neural network (DNN) classifier to analyze these features. The system was
validated using clinical data obtained from the Shandong Provincial Hospital Database (SPHD), which
includes recordings of various types of AF episodes, such as non-terminating, immediately-terminating,
and soon-terminating AF. Experimental results indicate that the proposed system achieves an accuracy of
approximately 94%, with precision and F-measure scores of 0.95, demonstrating robust performance in
identifying AF termination events. To further assess the model’s effectiveness, we performed confusion
matrix and receiver operating characteristic (ROC) analysis. These results confirm the potential of the
proposed system for real-time deployment in portable consumer electronic (CE) devices, maintaining low
implementation complexity while offering reliable AF detection.

INDEX TERMS Heart diseases, heart rate, Hjorth parameters, termination of atrial fibrillation, machine
learning, confusion matrix analysis, receiver operating curve analysis.

I. INTRODUCTION
Heart diseases have a significant negative impact on the
quality of life of patients, increasing their vulnerability to
sudden unexplained death, especially in cases of sudden car-
diac arrest. Heart diseases, marked by frequent, unpredictable
episodes, can drastically alter a patient’s life quality and life
span, even in youth. In particular, atrial fibrillation (AF) is a
significant heart condition because it affects the heart’s ability
to pump blood efficiently, thus increasing the risk of serious
complications. This highlights the crucial need for its early
detection and prediction [1].

The associate editor coordinating the review of this manuscript and

approving it for publication was Ajit Khosla .

AF detection refers to identifying whether a patient is
currently experiencing an AF episode. Traditional electro-
cardiogram (ECG) monitoring, heart rate variability analysis,
echocardiography, and clinical risk scores have been widely
used for this purpose. Newer approaches using artificial
intelligence (AI) and continuous wearable monitoring show
promise in improving early detection. While AF detection
is crucial for timely intervention, it does not provide
information about the future course of the episode, such
as whether AF will spontaneously terminate or persist.
AF termination prediction, on the other hand, aims to forecast
whether and when an ongoing AF episode will end. This
task is more challenging because it requires understanding
the complex dynamics of AF episodes and predicting their
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temporal evolution. Accurate termination prediction can
guide treatment decisions, optimize monitoring schedules,
and improve patient outcomes.

Despite extensive research on AF detection, AF ter-
mination prediction remains underexplored [2]. Existing
methods largely rely on manually extracted features from
frequency and time–frequency domains, which may not fully
capture the underlying dynamics of AF episodes. Moreover,
these approaches often require computationally intensive
processing, limiting their applicability in low-cost con-
sumer electronics (CE) devices. Few studies have combined
efficient feature extraction methods with lightweight deep
learning models for AF termination prediction on resource-
constrained platforms, leaving a clear research gap.

This work addresses this gap by proposing a novel method
for AF termination prediction using Hjorth parameters
for feature extraction and a deep neural network (DNN)
classifier, optimized for deployment on low-cost CE devices.

A. RELATED WORKS
Over the past two decades, numerous algorithms have been
developed to predict AF termination. In 2004, PhysioNet
hosted the Atrial Fibrillation Spontaneous Termination Pre-
diction Challenge [3] to advance research in this area. Several
studies, i.e. [4], [5], analyzed the frequency characteristics of
atrial activity (AA), achieving promising prediction results.

In [2], seven characteristics of atrial and ventricular activ-
ity were examined, identifying dominant atrial frequency
and mean heart rate as the most significant predictors.
Their method achieved a 90.0% accuracy (27/30). In [6],
authors introduced a nonlinear technique to analyze the
trajectory points’ geometry on a Poincaré map and applied
a threshold-based method for AF termination prediction,
achieving an accuracy of 96.7% (29/30). The authors in [7]
focused on heart rate variability (HRV) and atrial activity
(AA) characteristics, incorporating higher-order statistical
features extracted via empirical mode decomposition (EMD),
leading to a 96.0% prediction accuracy. In [8], authors
introduced wavelet entropy as a predictive tool for AF
progression using surface ECG signals. Accuracy rates
between 92.0% and 93.6%, have been reported.

Despite these successes, most existing methods rely
on manually extracted time and time–frequency domain
features, which may not fully capture the complex, unclear
mechanisms of AF termination [2]. Additionally, many
studies have used only a single dataset, thus limiting the scope
of their proposed models.

In recent years, deep learning (DL) has demonstrated
strong feature extraction capabilities in ECG signal analysis,
particularly for AF detection and prediction [9]. In [10],
authors applied convolutional neural networks (CNNs) to
extract ECG features, which were then fed into an SVM
model for AF detection. Similarly, in [11] enhanced arrhyth-
mia detection robustness was reported by integrating features
extracted by long short-term memory (LSTM) networks into

a Support VectorMachine (SVM)model. Feature fusion from
multiple inputs has also been shown to improvemodel perfor-
mance. In [12], authors introduced an approach to predict the
spontaneous termination of AF using a Dual Path Network
combined with Support Vector Machine (DPNet-SVM).

In [13] a review on the state of the art of machine learning
approaches for atrial fibrillation detection and associated
ECG biomarkers was carried out, covering conventional
ML, deep learning, feature extraction methods, sensing
modalities (wearables, implantables), and the challenges
(data imbalance, noise, interpretability). In [14] an ML risk
model was developed to predict the presence of AF in
hypertrophic cardiomyopathy patients, achieving a C-index
of approximately 0.80 with sensitivity of 0.74 and specificity
of 0.70 after addressing class imbalance. Although this
work is not directed to the spontaneous termination task,
it illustrates how combining clinical, imaging, and electronic
health record (EHR) features can enhance predictive mod-
eling in AF contexts. These studies demonstrate that DL
can automatically capture complex patterns and integrate
multiple signal sources to improve predictive performance.

On the other hand, there is growing interest in CE platforms
for ECG monitoring, as evidenced by [15], [16], [17], [18],
[19], [20], [21], [22], [23], [24], [25], [26], [27], [28],
and [29], and references therein. In particular, [17] presented
a personalized point-of-care platform for real-time ECG
monitoring, emphasizing its applicability in home healthcare
settings. In [18], an Internet of Things (IoT) -based platform
designed for remote real-time cardiac activity monitoring
was introduced. In [19], an intelligent ECG device designed
for automatic critical beat identification in smart healthcare
applications was introduced. In [20], a multi-lead ECG
acquisition device utilizing a Bluetooth microcontroller for
wireless cardiac monitoring was presented. In [21] and [22]
low-cost microcontroller-based implementations of ECG
healthcare systems were proposed. In [23], a super-resolution
framework for electrocardiogram (ECG) signal enhancement,
tailored for portable and wearable devices in cardiac arrhyth-
mia classification was proposed. In [24], a fusion modeling
approach leveraging explainable artificial intelligence (XAI)
for accurate cardiac prediction was introduced. In [25], the
integration of passive fiber Bragg grating (FBG) sensors
with the Internet of Medical Things (IoMT) for remote heart
rate variability (HRV) monitoring was explored. In [26],
a temporal super-resolution approach aimed at improving
speed and detail preservation in multimodal consumer
health data was proposed. In [27], a joint mask-augmented
adaptive scale alignment and periodicity-aware method for
cardiac function assessment in healthcare CE was proposed.
Finally, in [29], an ECG anomaly detection system using an
LSTM-autoencoder for heartbeat analysis was proposed.

B. MOTIVATION AND CONTRIBUTIONS
Existing methods for AF termination prediction demonstrate
good accuracy but are often computationally demanding,
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limiting their feasibility for CE devices with constrained
resources such as battery, processing power, and memory. For
practical, real-time monitoring in such devices, it is crucial to
adopt features that balance computational complexity, energy
efficiency, and predictive accuracy.

Traditional frequency-domain techniques based on Fourier
transforms have been widely applied, but they are not
well-suited for non-stationary and transient signals. Alter-
natives such as short-time Fourier transform and wavelets
offer improvements but remain computationally expensive
due to the large number of data points involved. Hjorth
parameters have been proposed as an effective low-cost
and low-complexity alternative for biomedical signal anal-
ysis, particularly in ECG applications [30], [31], [32].
For example, [30] applied Hjorth parameters with support
vector machines for heartbeat classification, while [31]
employed K-nearest neighbor (KNN) and multilayer percep-
tron (MLP) classifiers. Similarly, [32] introduced a modified
Hjorth-based ECG feature extraction method. In [33], the
authors proposed a robust algorithm for detecting motion
artifacts in photoplethysmographic (PPG) signals. Hjorth
parameters were incorporated into the feature extraction
process to enhance the accuracy of heart rate estimation under
motion conditions. However, this study is centered on heart
rate detection rather than onAF termination prediction, which
is the focus of this work. Despite these promising results,
Hjorth parameter-based implementations for AF termination
prediction on low-cost CE devices are largely unexplored.

Motivated by this gap, this work presents a novel AF
termination prediction method leveraging Hjorth parameters
and a deep neural network (DNN) classifier, specifically
designed for low-cost CE platforms. In particular, the main
contributions of this work are summarized as foolows:

• We introduce a low-complexity AF termination predic-
tion method based on Hjorth parameters and a DNN
classifier, offering accurate performance with reduced
implementation cost;

• We present a hardware implementation of the proposed
scheme on low-cost wearable CE devices, including
two commercial 64-bit microcontrollers and a graphical
processing unit (GPU) -based system;

• We provide a comprehensive evaluation of energy,
execution time, temperature, and computational perfor-
mance to assess feasibility for CE devices;

• We validate the performance of the proposed scheme
using confusion matrix and receiver operating curve
(ROC) analysis, reporting an accuracy of 94%, with
detailed metrics such as average area under the curve
(AUC), variance, and confidence intervals.

The remainder of this work is organized as follows:
Section II describes the methodology used for heart disease
detection. Sections III and IV introduce the Hjorth parameters
for ECG signal analysis and the architecture of the proposed
machine learning scheme, respectively. Section V presents
a proof of concept of the proposed system configuration.

The energy analysis of the proposed scheme is presented
in Section VI. Section VII provides the evaluation of the
proposed scheme while Section VIII concludes the paper.

II. PROPOSED AF TERMINATION PREDICTION
APPROACH
This section presents the proposed methodology for AF
termination prediction. As illustrated in Fig. 1, the approach is
structured into four main stages: data acquisition, preprocess-
ing, neural network modeling, and prediction deployment.

1) DATA ACQUISITION
In this study, we utilized wearable ECG recordings from
patients with atrial fibrillation (AF), obtained from the
Shandong Provincial Hospital Database (SPHD)1 The dataset
includes recordings classified into three categories based on
the termination characteristics of the AF episodes:

• Non-terminating AF (N): AF persists throughout the
entire recording duration, which could range from
20 minutes to several hours, without any termination.

• Immediately-terminating AF (T): AF terminates within
one second at the end of the recording.

• Soon-terminating AF (S): AF terminates within one
minute after the end of the recording.

The recordings in the SPHD database span various durations,
typically ranging from 20 minutes to 24 hours per ECG,
depending on the clinical setting and monitoring duration.
In total, approximately 200 patients’ ECGs were analyzed,
with careful annotation by clinical physicians to ensure accu-
racy. The sampling frequency of the ECG signals is 200 Hz.

Additionally, the time scale for AF episodes was an
important factor in selecting recordings for analysis. Long-
term recordings (20-24 hours) were reviewed to identify
episodes of sustained AF lasting over an hour or paroxysmal
AF (PAF) lasting at least one minute. We considered
various segments of these long-duration recordings based
on their AF status, focusing on episodes of non-terminating
AF, immediately-terminating AF, and soon-terminating AF,
which are represented in the SPHD database.

It is important to note that the time scales for AF duration
in the database recordings vary. For instance, non-terminating
AF episodes extend through the entire ECG recording,
which can last several hours, while immediately-terminating
AF lasts only moments but is still captured within the
recording window. Soon-terminating AF, as the name sug-
gests, terminates within a minute after the recording ends.
These temporal characteristics are critical for understanding
the dynamics of AF and were considered when selecting
recordings for further analysis.

2) DATA PROCESSING FOR NEURAL NETWORK TRAINING
ECG signals were processed to extract features suitable
for neural network training. Specifically, Hjorth parameters

1The data are publicly available at:
https://data.mendeley.com/datasets/khxprpdt3z
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FIGURE 1. The proposed AF termination prediction approach.

(activity, mobility, and complexity) were computed for
each signal segment, providing a compact, low-complexity
representation that captures both time-domain and frequency-
domain characteristics of the ECG. These features were
then compiled into input sets for further analysis and model
training.

3) NEURAL NETWORK
A DNN was trained using the preprocessed ECG feature
sets. During training, the network learned to differentiate
between AF termination classes based on the Hjorth-derived

features. This DNN design provides sufficient capacity to
capture complex relationships in the Hjorth features while
remaining lightweight enough for low-cost CE implementa-
tions. Once trained, the network outputs class probabilities
for AF termination, which can be visualized on a local
display or transmitted to a cloud-based GUI for remote
monitoring.

4) PREDICTION
Predictions are output through either a 16 × 2 liquid crystal
display (LCD) on the CE device or a cloud-based graphical
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user interface (GUI) for real-time visualization and remote
monitoring. This deployment demonstrates the feasibility
of integrating the proposed method into low-cost consumer
electronics.

III. HJORTH PARAMETERS
In this section, the Hjorth parameters for ECG signal
processing are introduced. Hjorth parameters, originally
proposed to quantitatively describe EEG signals [34], can also
be applied to ECG signals for efficient feature extraction.
The three parameters —activity, mobility, and complexity
—capture key characteristics of a signal in both time and
frequency domains.

The activity parameter allows for the quantification of the
signal power, i.e. the variance of a time function. It quantifies
the overall energy or activity level within the signal
by calculating its variance, essentially measuring its raw
power.

The mobility parameter measures how the signal changes
and varies over time. This parameter represents the mean
frequency or equivalently the proportion of the standard
deviation of the power spectrum. It is calculated as the square
root of the ratio of the variance of the first derivative (rate of
change) of the signal to its variance.

Finally, complexity captures changes in frequency and
characterizes the deviation of the signal from a pure
sinusoidal waveform. It ascertains the square root of the ratio
of the mobility of the first derivative of the signal to the
mobility of the signal. Complexity provides insight into the
irregularity and non-sinusoidal nature of the signal. The value
of this parameter converges to 1 as the degree of similarity
increases.

Mathematically speaking, let us consider a signal xi, i =

1, 2, . . . ,N , with a mean value of µ. The activity parameter
is defined as

Activity ≜

√∑N
i=1(xi − µ)2

N
. (1)

Let us also define the vectorsm and n of the first and second
order variations of x. These vectors have elements mj and nk ,
given as

mj = xj+1 − xj, j = 1, 2, . . . ,N − 1. (2)

and

nk = mk+1 − mk , k = 1, 2, . . . ,N − 2, (3)

respectively. The signal mobility and complexity are defined
as follows:

Signal Mobility ≜
Z1
Z2

, (4)

and

Signal Complexity ≜

√
Z2
2

Z2
1

−
Z2
1

Z2
0

, (5)

where

Z0 =

√∑N
i=1(xi)2

N
, (6a)

Z1 =

√∑N−1
j=2 (mj)2

N − 1
, (6b)

Z2 =

√∑N−2
k=3 (nk )

2

N − 2
. (6c)

Hjorth parameters provide a low-complexity, information-
rich representation of ECG signals, making them particularly
suitable for real-time processing on resource-constrained CE
devices.

IV. DEEP NEURAL NETWORK CLASSIFIER
In this section, the proposed DNN architecture is presented.
Themodel is a fully connected feedforward network designed
for binary classification, utilizing a subset of selected input
features. The chosen architecture balances computational
efficiency, predictive accuracy, and suitability for deployment
on portable, low-power devices. Fig. 2 illustrates the neural
network employed for heart disease prediction. Specifically,
theDNNcomprises nine hidden layers, with three input nodes
in the input layer (green nodes in Fig. 2). A detailed view of
the various layers is provided in Fig. 3.

The input layer processes three numerical features,
HjorthBPM1, HjorthBPM2, and HjorthBPM3, each normal-
ized prior to network input. The network architecture is as
follows:

• Input feature normalization and concatenation;
• Eight hidden dense layers, each consisting of 32 neurons
with rectified linear unit (ReLU) activation (Dense32);

• One additional hidden layer with 16 neurons (Dense16);
• Dropout regularization with a 50% dropout rate;
• A sigmoid-activated output layer for binary classifica-
tion;

The choice of eight Dense32 layers was guided by
empirical evaluation. Networks with fewer hidden layers
tended to underfit the ECG signals, failing to capture their
temporal and morphological variability. Conversely, deeper
networks increased computational cost and the risk of over-
fitting without noticeable improvements in generalization.
The adopted configuration achieved stable convergence,
satisfactory classification accuracy, and compatibility with
hardware-constrained biomedical applications.

Each hidden layer employs the ReLU activation func-
tion [35], mathematically defined as:

f (x) = max{0, x} =
x + |x|

2
=

{
x, x > 0,
0, x ≤ 0.

(7)

The output layer applies the sigmoid activation function,

σ (x) =
1

1 + exp(−x)
, (8)
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FIGURE 2. Deep neural network used for heart disease detection.

whichmaps the network’s response to a probability value pi ∈

[0, 1] indicating the likelihood of input xi belonging to class 1
(with 1 − pi representing class 0).

For training the model, the Adam optimizer [36] was
utilized in conjunction with the Binary Cross-Entropy (BCE)
loss function. In binary classification tasks, the BCE loss is
computed as:

BCE(y, p) = −

n∑
i=1

(yi log(pi) + (1 − yi) log(1 − pi)) , (9)

where yi represents the ground truth label for input xi.
As shown in Fig. 2, the inputs xi, i ∈ 1, 2, 3, correspond to

the i-th Hjorth parameter, while yo represents the final output
of the sigmoid function, taking values in the range {0, 1}. The
performance evaluation, discussed in the following sections,
demonstrates the high accuracy of the proposed DNN,
underscoring its suitability for health-critical applications,
such as heart disease detection.

In this study, a binary decision rule with a threshold of
pi = 0.5 was adopted, since the focus was on a simple,
low-latency, and energy-efficient implementation suitable
for portable devices. Nonetheless, the probabilistic nature
of the sigmoid output provides richer information that can
be valuable in clinical settings. For instance, confidence
scores could enable adaptive alerting systems, where high
probabilities trigger immediate warnings, while intermediate
values suggest continued monitoring instead of a definitive
classification. Such approaches have been highlighted in
prior biomedical DL research [37], [38], [39]. Extending
the present system to exploit the full probabilistic output
(e.g., through multi-threshold schemes or Bayesian DL) is
a promising direction for future work, potentially enhancing
reliability without compromising practical deployment on
resource-constrained platforms.

V. IMPLEMENTATION OF THE PROPOSED DETECTION
SYSTEM
This section presents a proof of concept of the proposed heart
disease detection system using hardware implementations.

FIGURE 3. Various layers of the adopted NN.

FIGURE 4. Microprocessor-based implementation of the proposed AF
termination prediction system. The LCD display depicts the real-time
soft-decision estimation of every prediction (AF or Non AF).

Specifically, three implementations are presented; the first
two, hereafter referred to as board 1 and board 2, are
microprocessor-based implementations. The third implemen-
tation, hereafter referred to as board 3, is based on a GPU
device. The implementation of the proposed system using
microprocessors is depicted in Fig. 4.

The implementation required the integration of hardware
and software modules, including:

• a hardware development platform;
• power management hardware and a stand-alone power
supply;

• a 10-bit analog-to-digital converter (ADC);
• a pulse sensor; and
• supporting elements such as jumper cables, breadboards,
and display units;
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The system was designed with portability and wireless
connectivity in mind, enabling mobile use while maintaining
network access. Depending on the chosen platform, the total
cost ranges from e70 to e 150, reflecting variations in board
models and suppliers.

1) ANALOG-TO-DIGITAL CONVERTER
The 10-bit ADC chip is equipped with eight input channels
and uses the serial peripheral interface (SPI) communication
protocol. This chip performs the conversion of analog signals
into digital values with a resolution ranging from 0 to 1023.
For the proposed setup, only a single channel (ch0) was
connected to the pulse sensor. Nonetheless, the remaining
channels allow straightforward expansion to additional
sensors if required.

2) SENSORS
A pulse sensor has been employed to collect data in the
presence of external agents, often considered a valuable
research tool. The pulse, which is detectable at critical arterial
points such as the wrist or neck, reflects the rhythmic action
of the heart pumping blood. At the same time, the heartbeat,
which is audible through a stethoscope, corresponds to
the contraction and relaxation of the heart. The heart rate,
quantified in beats per minute, represents the number of heart
beats per minute and is subject to variation with age, physical
activity and stress levels. These metrics are essential for
assessing heart health and overall fitness, offering valuable
insights for both healthcare professionals and individuals in
the field of cardiovascular wellness. In our case, it was used
to take measurements from the patient.

3) BOARD 1 IMPLEMENTATION
This development board is equipped with a microprocessor,
featuring a formidable 1.2GHz quad-core central process-
ing unit (CPU) and 1GB of low-power double data rate
(LPDDR2) random access memory (RAM). This compact
device offers built-in 802.11n wireless local area network
(LAN) and Bluetooth 4.1, facilitating seamless connectivity
for the internet of things (IoT) and wireless projects. Within
the context of this application, the source code was installed
on amicrochip, alongwith a highly intuitive and user-friendly
graphical user interface (GUI). To ensure system stability,
passive heat sinks and an external cooling fan were added,
mitigating overheating during extended operation.

4) BOARD 2 IMPLEMENTATION
This development board, which incorporates a microproces-
sor, is a single-board computer measuring approximately
the same dimensions as a credit card. It is equipped with
a quad-core central processing unit (CPU), a range of
memory options, dual high-definition multimedia interface
(HDMI) ports supporting up to two 4K displays, USB
3.0 and 2.0 ports, Gigabit Ethernet, integrated wireless
networking, and Bluetooth. The CPU of board 2 operates
under CPU clock speeds of 1.5 GHz or 1.8 GHz. Its

general-purpose input/output (GPIO) pins offer exten-
sive hardware interfacing capabilities. The same detection
algorithm and software framework as in Board 1 were
executed on this board, benefiting from the higher clock
speed and broader interfacing capabilities.

5) GPU-BASED IMPLEMENTATION
Board 3 employs a GPU-based device designed for edge
computing tasks. With its combination of high-performance
GPU and CPU cores, it provides sufficient processing power
to run DL models in real time. This makes it a suitable
platform for scaling the proposed detection system toward
more computationally demanding scenarios.

VI. POWER CONSUMPTION ASPECTS
To evaluate the power and thermal dissipation of the proposed
system, power consumption measurements were carried out
using a power profiler connected between the development
board and the host computer. This device enables accurate
monitoring of instantaneous and average power consumption,
while also validating software-based estimations. It operates
at 5V with a maximum capacity of 10Ah, ensuring long
measurement sessions without interruptions. In the following
analysis, power consumption results are reported. for all
three implementation platforms (Boards 1–3). Moreover,
an analytical methodology for the evaluation of the power
consumption is also presented.

A. EXPERIMENTAL RESULTS
Table 1 summarizes the average inference time, power
consumption, and operating temperature for each hardware
platform after 500 iterations of the prediction algorithm.
In particular, the following findings were reported:

The mean inference time for Board 1 was measured at
550 ms, with an average power consumption of 1340 mW.
Although energy usage is higher, Board 1 is designed
to execute low-power inferences for more complex neural
networks with thousands of parameters, which explains its
relatively larger energy footprint in this application.

Board 2 achieved a significantly shorter inference time of
194 ms and a much lower power consumption of 198 mW.
These results highlight Board 2’s efficiency for small- to
medium-scale models, where both response time and energy
use are favorable.

Finally, the GPU platform achieved the fastest inference
time, averaging 0.96 ms per prediction. Its average power
consumption was 300 mW, which is higher than Board
2 but justified by its design for running DL models of
greater size and complexity. The relatively small neural
network considered here results in extremely low latency
while keeping power within acceptable limits.

B. TEMPORAL ANALYSIS OF POWER AND THERMAL
BEHAVIOR
Fig. 5 illustrates the evolution of system temperature, CPU
load, and power consumption during execution. As it can
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TABLE 1. Average time, power and temperature after executing
500 iterations on each considered platform.

FIGURE 5. System temperature, load and power consumption vs time.

be observed, system temperature increases notably between
50 and 170 seconds, peaking at approximately 50oC before
gradually stabilizing around 39oC. A sharp increase in CPU
load and power consumption occurs from 70 seconds onward,
corresponding to the training phase of the neural network.
Both metrics peak at 120 seconds and remain elevated until
the end of the execution. Finally, the temperature curve
slightly lags behind the CPU and power curves, reflecting the
system’s thermal response to workload changes.

1) ENERGY CONSUMPTION ESTIMATION
The total energy consumption was calculated as the area
under the power–time curve shown in Fig. 5. For a total
execution time of 165 seconds, the integrated energy con-
sumption was approximately 172 Joules. This corresponds
to an average power demand of: 172 J / (165 secs) ≈

1.04 Watts. This analytical methodology validates that the
proposed detection system can be executed efficiently on both
microprocessor-based and GPU-based platforms, with the
latter offering significant latency improvements at moderate
power costs.

2) DISCUSSION
The results demonstrate clear trade-offs among the consid-
ered platforms in terms of latency vs. energy, scalability and
thermal stability. In particular, the GPU achieves the fastest
inference times (sub-millisecond), but at the cost of higher
instantaneous power compared to Board 2. Conversely, Board
2 achieves a good balance between inference time and
minimal power draw, making it particularly suitable for long-
term, battery-powered operation. On the other hand, although
Board 1 is less efficient in this setup, its ability to handle

more complex neural networks makes it a practical choice
when model complexity increases. Finally, temperature rises
during training and inference remain within acceptable limits
for portable and wearable devices, provided adequate heat
dissipation mechanisms are in place.

In portable healthcare applications, where battery life and
thermal comfort are critical, the choice of hardware platform
should balance inference latency with energy efficiency. For
lightweight models, Board 2 provides the most practical
solution, whereas GPU-based platforms may be preferable
for real-time applications requiring rapid response and
scalability to larger models. These findings confirm that
the proposed detection system can operate reliably within
the constraints of wearable and mobile devices, making it
suitable for continuous heart disease monitoring in real-world
clinical and home-care environments.

VII. PREDICTION ANALYSIS RESULTS
This section provides results on the performance of the
proposed system consideration. The evaluation of the pro-
posed system was conducted within the framework of a
binary classification problem (prediction of spontaneous
atrial fibrillation termination). For this reason, regression-
based metrics such as R2, root mean square error (RMSE),
ratio of RMSE to standard deviation of observations
(RSR), Nash–Sutcliffe efficiency (NSE), and Kling–Gupta
efficiency (KGE), althoughwidely used in continuous-valued
regression models—are not appropriate here. Applying them
to binary outcomes (0/1) would yield artificially perfect
values without meaningful interpretation, as categorical
predictions do not capture variance or continuous error.
Instead, classification-oriented metrics were employed to
provide a clinically relevant and comprehensive assessment.
In particular, a confusion matrix and a receiver operating
curve (ROC) analysis are presented to evaluate the perfor-
mance of the proposed DL scheme.

A. CONFUSION MATRIX ANALYSIS
A confusion matrix represents the prediction summary in
matrix form. It shows the number of correct and incorrect
predictions per class, thereby assisting in understanding
the classes that are being confused by the model as other
classes [46]. The possible entries of such a matrix are
designated as ‘‘TN,’’ ‘‘TP,’’ ‘‘FP,’’ and ‘‘FN.’’ The output
‘‘TN’’ represents True Negative, which indicates the number
of negative examples classified accurately. Similarly, ‘‘TP’’
represents True Positive, which denotes the number of
positive examples classified accurately. The term ‘‘FP’’
represents the false positive value, which is the number of
actual negative examples that have been incorrectly classified
as positive. Conversely, ‘‘FN’’ denotes the false negative
value, which is the number of actual positive examples that
have been incorrectly classified as negative. The performance
of the system can be quantified using several well-established
evaluationmetrics, which are derived directly from the entries
of the confusion matrix. Although these metrics are standard,
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TABLE 2. Classification performance metrics computed from the confusion matrix (TP=224, TN=231, FP=12, FN=13).

TABLE 3. Comparison of literature on AF termination prediction.

TABLE 4. Performance comparison of different techniques for AF termination prediction.

we reproduce their definitions in Table 2 for clarity and
completeness [46], [47].

B. ROC ANALYSIS
The ROC curve is a visual representation of the classifier’s
performance across all thresholds. The ROC curve is drawn
by calculating the true positive rate (TPR) and the false
positive rate (FPR) at each possible threshold (in practice,
at selected intervals), and then plotting the TPR against the
FPR.A perfectmodel that has a TPR of 1.0 and a FPR of 0.0 at
some threshold can be represented by either a point at (0, 1)
if all other thresholds are ignored. The area under the ROC
curve (AUC) represents the probability that the classifier,
given a randomly chosen positive and negative example,
will rank the positive higher than the negative. A perfect
classifier, containing a square with sides of length 1, has an
AUC of 1.0. In other words, AUC is the probability that the
classifier will place a randomly chosen square to the right of

a randomly chosen circle, regardless of where the threshold is
set.

C. PERFORMANCE EVALUATION RESULTS
To validate the proposed classifier, 1920 records were used
(1536 for training, 384 for validation). In order to com-
prehensively evaluate the classification performance, several
standard metrics were computed from the confusion matrix
(TP=224, TN=231, FP=12, FN=13). After 600 epochs, the
proposed model achieved an overall accuracy of 94.8%,
with a sensitivity (recall) of 94.5% and specificity of
95.1%, demonstrating balanced detection of both positive and
negative cases. Precision was 94.9%, indicating a low FPR,
while the F1-score was 94.7%, confirming strong overall
predictive power. Beyond these conventional metrics, we fur-
ther assessed performance using the Matthews correlation
coefficient (MCC) and Cohen’s Kappa statistic, both of
which reached 0.896, reflecting a high degree of agreement
between predicted and actual labels that accounts for all
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TABLE 5. Features of state-of-the-art methodologies for AF termination prediction.

confusion matrix components. The performance evaluation
results obtained from the confusion matrix analysis are
summarized in Table 2. Together, these metrics confirm the
robustness and reliability of the proposed system in predicting
spontaneous AF termination.

The AUC, computed with standard routines (e.g., Matlab),
was 0.94794, consistent with the analytical expectation in
[48, Proposition 2]:

E{AUC} = 1 −
k

m+ n
−

(n− m)2(m+ n+ 1)
4mn

×

[
k

m+ n
−

∑k−1
x=0

(m+n
x

)∑k
x=0

(m+n+1
x

)] , (11)

where m, n, and k denote the number of positives, negatives,
and errors.

The variance of AUC follows from [48, Proposition 3]:
(11), as shown at the top of next page.

F(Y ) =

∑k
x=0

(m−(k−x)+x
x

)(n+(k−x)−x
k−x

)
Y∑k

x=0
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x
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) . (12)

Substitution yields var{AUC} ≈ 3.4 × 10−5.
Finally, the confidence interval of the error rate k/N (N =

m+ n), using [48, Theorem 2], is
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2
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2
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(13)

where Q(x) ≜ 1
√
2π

∫
∞

x e−t
2/2dt . For N and k in this study

and ϵ = 0.05, the interval is [0.001, 0.103].

D. COMPARISON WITH EXISTING WORKS AND
DISCUSSION
A comparison of AF termination prediction results available
in the open technical literature is presented in Table 3.
These works used both the SPHD and the Atrial Fibrillation
Termination Prediction Challenge Database (AFTDB) [49].
As it can be observed, the proposed classifier provides
a superior prediction accuracy compared to [2], [4], [5]
and [8], while the classifiers in [6], [7], [10] and [12] achieve
a slightly better accuracy of 96.0%, 96.0%, 96.7% and
95.9%, respectively. Nevertheless, it is worth noting that the
proposed classifier is significantly simpler compared to those
proposed in the previously cited works, while issues related
to implementation in a consumer electronic device, such as
the power consumption have not been discussed. On the
other hand, to the best of the authors’ knowledge, there is
no hardware implementation of the above classifiers and their
performance is evaluated bymeans of simulations only. Thus,
the proposed implementation provides a reasonable tradeoff
between good accuracy, low implementation complexity and
power consumption.

E. COMPARISON WITH STATE-OF-THE-ART MODELS FOR
AF TERMINATION PREDICTION AND DISCUSSION
We further compared our method with several state-of-the-
art models, including Random Forest, XGBoost, LightGBM,
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FIGURE 6. Confusion matrix analysis for the proposed classifier.

FIGURE 7. ROC analysis for the proposed classifier.

and different deep neural network (DNN) architectures
(Table 4). Table 5 further summarizes the key characteristics,
performance, strengths, and limitations of the evaluated
models for ECG classification.

The proposed DNN structure, trained for 600 epochs
achieved the best results overall. It obtained the highest AUC
(0.9479) and F1 score (0.9471), along with strong accuracy
(94.79%), precision (94.51%), recall (94.92%), specificity
(94.67%), and MCC (0.8958). Its architecture—dense layers
with ReLU activations, dropout, and long training—allowed
it to capture complex ECG patterns, converge effectively,

and avoid overfitting, making it highly reliable for medical
applications [50].

LightGBM and XGBoost also performed well (AUCs
of 0.9458 and 0.9376), but as tree-based models, they are
less effective at learning temporal or topological features
of biomedical signals. Random Forests, while interpretable
and efficient, showed weaker MCC and specificity, reflecting
lower reliability in detecting true negatives [42], [43], [44].
The Bayesian DNN with Monte Carlo Dropout, despite its
theoretical advantage in uncertainty estimation [45], fell short
in accuracy and calibration, likely due to dataset and sampling
limitations.

For critical applications like AF termination prediction,
where both false positives and false negatives are costly, the
proposed DNN offers the best balance between sensitivity
and specificity. Its learning depth, regularization, and stability
give it an edge over ensemble and probabilistic models. Fur-
thermore, its efficiency makes it practical for integration into
wearable devices, supporting real-time use under resource
constraints.

VIII. CONCLUSION
This study presents a simple yet effective system for
predicting spontaneous termination of atrial fibrillation using
Hjorth parameters combined with a deep neural network
classifier. The method achieves nearly 94% accuracy by
first decomposing ECG signals into representative features
and then analyzing them through neural techniques. Perfor-
mance was validated across multiple platforms, including
microprocessor- and GPU-based devices, with results eval-
uated using confusion matrices and receiver operating curve
analysis.

Despite these encouraging outcomes, certain limitations
remain. The accuracy of the proposed approach depends on
the quality and diversity of ECG databases, and expanding
to larger, multi-center datasets could enhance generalizabil-
ity. Signal preprocessing, such as advanced filtering and
denoising, may further reduce noise and improve robustness
in real-world conditions. Moreover, future implementa-
tion on field-programmable gate array (FPGA) or other
energy-efficient hardware platforms could optimize both
performance and power consumption, facilitating practical
use in wearable or portable monitoring devices.

In addition, future improvements can focus on three
directions. First, adaptive thresholding or the use of proba-
bilistic outputs may enhance accuracy in cases of ambiguous
or borderline signals. Second, the integration of advanced
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preprocessing techniques, such as refined filtering and arti-
fact removal methods, is expected to reduce noise typically
encountered in data from wearable devices. Third, adapting
the model through incremental learning would enable con-
tinuous performance improvement as new user data become
available, without requiring complete retraining. Addressing
these aspects will strengthen both the generalizability and the
clinical reliability of the proposed methodology.
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