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ABSTRACT 
Ambulatory Holter electrocardiography (ECG) enables continuous monitoring for detecting transient 
arrhythmias; however, its diagnostic reliability is significantly degraded by motion artifacts and 
electromyographic (EMG) interference. Under severe motion artifact conditions, prior studies report that 
ambulatory ECG SNR can fall below −10 dB , although SNR levels vary substantially depending on activity 
type and electrode placement, reducing usable data segments and impairing arrhythmia detection. While 
advanced denoising methods such as wavelet transforms and deep learning achieve high accuracy, their 
computational complexity limits real-time deployment in resource-constrained embedded systems. This 
reveals a critical gap in lightweight methods that jointly optimize noise suppression, morphological 
preservation, and downstream diagnostic performance. This study proposes a computationally efficient IIR 
Butterworth bandpass filtering framework for real-time IoT-based Holter ECG systems. The system 
combines three-lead ECG acquisition, embedded processing on an ESP32, and real-time visualization. 
Performance is assessed using SNR, mean squared error (MSE), Pearson correlation, and confusion 
matrix-based detection metrics on ten male participants under controlled motion and muscle artifact 
conditions. Results demonstrate statistically significant SNR improvements for motion artifacts (ΔSNR = 
9.47 ± 1.96 dB, t(9) = 15.28, p < 0.001) and EMG artifacts (ΔSNR = 16.73 ± 0.91 dB, t(9) = 58.11, p < 
0.0001). Post-filtering morphological fidelity was high, with mean Pearson correlation of 0.963 for motion 
artifacts and 0.945 for muscle artifacts. These signal quality improvements translated into 95.3% post-
filtering arrhythmia detection accuracy (sensitivity: ≈96.0%, specificity: ≥97.0%, F1-score: ≥95.0%), 
significantly exceeding the 70% minimum performance threshold adopted in this study as a conservative 
screening criterion (t(9) = 29.7, p < 0.001). Despite dataset limitations (n = 10), the proposed framework 
provides an effective trade-off between computational efficiency and diagnostic reliability, supporting 
scalable and real-time ambulatory ECG monitoring for early arrhythmia screening. 
Keywords : Holter Monitor, IIR Butterworth, ECG Lead, Motion Artifact, Muscle Artifact. 
 
1. Introduction 

Ambulatory electrocardiography (ECG) monitoring has become an essential tool for 
detecting transient and asymptomatic cardiac arrhythmias, which are a leading cause of morbidity 
and mortality worldwide (WHO, 2025), (Zeppenfeld et al., 2022). Unlike conventional short-
duration ECG recordings, Holter monitoring enables continuous long-term acquisition of cardiac 
activity in real-world conditions, significantly improving the likelihood of capturing intermittent 
arrhythmic events (Steinberg et al., 2017). With the rapid advancement of wearable and IoT-based 
healthcare technologies, Holter ECG systems are increasingly deployed for continuous remote 
monitoring. However, maintaining reliable signal quality in ambulatory environments remains a 
critical challenge. 

ECG signals recorded during daily activities are highly susceptible to noise and artifacts, 
particularly motion artifacts and electromyographic (EMG) interference (Clifford et al., 2012), 
(Jinseok Lee et al., 2012), (Ghaleb et al., 2018). Motion artifacts typically introduce low-
frequency baseline drift (<0.5–1 Hz), while EMG noise occupies a broad frequency range (20–
200 Hz) that overlaps with diagnostically important ECG components such as the QRS complex. 
This spectral overlap makes artifact removal inherently difficult without distorting clinically 
relevant waveform features. Quantitative studies have shown that ECG signals with low signal-
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to-noise ratio (SNR) conditions (e.g., below −10 dB to −15 dB) experience severe degradation, 
making accurate waveform reconstruction and interpretation highly challenging(Ali et al., 
2023)(Vanchak & Melnychuk, 2024). Furthermore, noise contamination can significantly impact 
diagnostic performance, with heart rate estimation errors reaching up to 50% under severe motion 
artifacts (Xie et al., 2021). In real-world wearable monitoring, signal degradation also reduces 
data usability; for instance, in one wearable armband study, only approximately 75% of ECG 
segments acquired during daily activities were considered usable, and even advanced artifact 
detection methods could reliably identify only about 53% of clean segments under active 
conditions (Lazaro et al., 2020). These findings, though specific to that device configuration, 
illustrate the severity of signal degradation in ambulatory monitoring. 

To address these challenges, a wide range of ECG denoising techniques have been 
proposed. Adaptive filtering approaches can effectively suppress motion artifacts when reference 
signals are available, but they often require additional sensors and careful parameter tuning 
(Ghaleb et al., 2018), (Pandey, 2010). Time, frequency methods, such as wavelet-based denoising, 
provide multi-resolution analysis and have demonstrated strong performance in removing non-
stationary noise; however, they are computationally intensive and sensitive to parameter selection 
(Addison, 2005), (Lahmiri, 2014)(Skoric et al., 2024). Decomposition-based techniques, 
including Empirical Mode Decomposition (EMD) and Variational Mode Decomposition (VMD), 
offer effective signal separation but suffer from mode-mixing issues and high computational 
complexity, limiting their suitability for real-time embedded applications (Jinseok Lee et al., 
2012), (Ma et al., 2024). More recently, machine learning and deep learning methods have 
achieved high accuracy in artifact detection and signal reconstruction, yet their reliance on large 
annotated datasets and high computational requirements restricts their deployment in low-power 
wearable devices (Khalili et al., 2024), (Enayati et al., 2020), (Hou et al., 2023). 

Despite these advances, a fundamental challenge remains in achieving an optimal balance 
between denoising performance and computational efficiency for real-time Holter ECG systems. 
Many existing approaches prioritize signal quality improvement at the expense of computational 
cost or rely on additional hardware resources, increasing system complexity. Moreover, most 
studies focus primarily on signal enhancement without explicitly evaluating how noise reduction 
improves arrhythmia detection reliability. This reveals a critical research gap: the lack of 
lightweight, real-time ECG denoising methods capable of simultaneously suppressing low-
frequency motion artifacts and high-frequency EMG interference while preserving clinically 
significant waveform morphology in ambulatory environments. 

In this context, Infinite Impulse Response (IIR) filters provide a promising solution due to 
their computational efficiency and suitability for embedded implementation (Sharma, 2024). 
Compared to Finite Impulse Response (FIR) filters, IIR filters achieve comparable frequency 
selectivity with significantly lower filter order, resulting in reduced memory usage and processing 
latency (Reddy et al., 2023). Among various IIR designs, the Butterworth filter offers a maximally 
flat passband response, minimizing amplitude distortion and preserving ECG morphology. While 
prior studies have demonstrated the feasibility of IIR-based filtering for ECG denoising (Saha & 
Barman Mandal, 2024), limited work has explored its effectiveness in addressing overlapping 
motion and EMG artifacts in real-world Holter monitoring scenarios, particularly in relation to 
arrhythmia detection performance. 

Therefore, this study aims to develop a computationally efficient ECG denoising 
framework based on a digital IIR Butterworth filter for real-time Holter monitoring. The proposed 
approach focuses on suppressing motion and EMG artifacts while preserving ECG morphological 
integrity to improve arrhythmia detection reliability. The main contributions of this work are as 
follows: 
1. The design of an optimized IIR Butterworth filtering architecture capable of attenuating both 

low-frequency motion artifacts and high-frequency EMG noise; 
2. The implementation of the proposed method in a real-time embedded Holter ECG system; 

and 
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3. a quantitative evaluation of signal quality improvement using signal-to-noise ratio (SNR) 
analysis and its impact on arrhythmia-related ECG feature clarity. 

 
2. Literature Review 

Reliable ECG acquisition in ambulatory monitoring has been a long-standing challenge 
due to the presence of motion artifacts and electromyographic (EMG) interference, which 
significantly degrade signal quality and impair diagnostic accuracy (Shen et al., 2024), (Li & 
Boulanger, 2021). In Holter-based systems, such noise not only affects visual interpretation but 
also reduces the sensitivity and specificity of automated arrhythmia detection algorithms (Mohd 
Apandi et al., 2020), (Liu et al., 2023). Consequently, extensive research has focused on 
developing robust ECG denoising techniques that can preserve clinically relevant waveform 
morphology while suppressing noise under real-world conditions. 
2.1. ECG Signal Quality and Impact on Arrhythmia Detection 

Several studies have emphasized the importance of signal quality in determining the 
reliability of ECG-based diagnosis. Clifford et al. (Clifford et al., 2012) introduced signal 
quality indices (SQI) to evaluate the clinical acceptability of ECG recordings, demonstrating 
that poor-quality signals can significantly compromise downstream analysis. Similarly, the 
widely used MIT-BIH Arrhythmia Database has highlighted the challenges of noisy ECG 
signals in developing and validating arrhythmia detection algorithms (Xie et al., 2021). These 
findings indicate that noise reduction is not merely a preprocessing step but a critical factor 
influencing diagnostic performance. 

2.2. Conventional and Advanced ECG Denoising Techniques 
A variety of filtering and signal processing approaches have been proposed to mitigate 

ECG noise. Adaptive filtering methods, such as those using normalized least mean squares 
(NLMS), have shown effectiveness in suppressing motion artifacts when reference signals 
are available (Ghaleb et al., 2018), (Galdos et al., 2024). However, their performance 
strongly depends on the availability and quality of reference inputs, which limits their 
applicability in standalone wearable devices. 

Wavelet-based denoising techniques provide multi-resolution analysis and have 
demonstrated strong capability in removing non-stationary noise components (S & Sharma, 
2025), (Pandey, 2010). Despite their effectiveness, these methods require careful selection 
of wavelet basis functions and thresholding strategies, which may reduce robustness in real-
time applications. Decomposition-based approaches, including Empirical Mode 
Decomposition (EMD) and Variational Mode Decomposition (VMD), have also been widely 
studied for ECG signal separation (Jinseok Lee et al., 2012), (Lazaro et al., 2020). While 
these techniques offer improved noise isolation, they suffer from mode-mixing issues and 
high computational complexity, making them less suitable for embedded Holter systems. 

Recent advances in machine learning and deep learning have introduced data-driven 
approaches for artifact detection and signal reconstruction (Bhavna Soni Pritaj Yadav, 2025; 
Das & Sahana, 2022; Hoffmann et al., 2020). These methods have achieved high accuracy 
and generalization capability across diverse noise conditions. However, their reliance on 
large annotated datasets, high computational cost, and limited interpretability restrict their 
deployment in low-power, real-time wearable systems. Overall, while adaptive and wavelet-
based methods provide effective noise suppression, their dependency on external inputs or 
parameter tuning limits robustness, whereas decomposition and learning-based approaches 
offer improved accuracy at the cost of significantly higher computational complexity. This 
trade-off highlights the difficulty of achieving both high denoising performance and real-
time efficiency in wearable ECG systems. 

2.3. Digital Filtering Approaches: FIR vs IIR 
Digital filtering remains one of the most widely used approaches for ECG denoising 

due to its simplicity and efficiency (Afaq Ahmad et al., 2025). Finite Impulse Response (FIR) 
filters are known for their linear phase response, which preserves waveform morphology 
without phase distortion (Reddy et al., 2023).However, achieving sharp frequency selectivity 
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in FIR filters typically requires a high filter order, resulting in increased computational 
complexity and memory usage (Mahdavi, 2024). 

In contrast, Infinite Impulse Response (IIR) filters provide comparable frequency 
response characteristics with significantly lower filter order, making them more suitable for 
real-time embedded systems (Lazeta et al., 2021). IIR filters, including Butterworth, 
Chebyshev, and elliptic designs, offer different trade-offs between passband flatness, 
transition sharpness, and computational efficiency. Among these, the Butterworth filter is 
particularly advantageous for ECG applications due to its maximally flat passband response 
(Basu & Mamud, 2020), which minimizes amplitude distortion of critical ECG features such 
as the P-wave, QRS complex, and T-wave. 

However, IIR filters inherently exhibit nonlinear phase characteristics, which may 
introduce waveform distortion if not properly designed. Previous studies have demonstrated 
that cascaded or carefully tuned IIR filter structures can effectively mitigate these issues 
while maintaining computational efficiency (Saha & Barman Mandal, 2024). 

Given the limitations of adaptive, wavelet-based, and machine learning approaches in 
real-time embedded environments, IIR filtering emerges as a practical and computationally 
efficient solution for ambulatory ECG denoising, particularly when low latency and low 
power consumption are required. 
Nevertheless, the challenge remains in designing IIR filters that can simultaneously suppress 
low-frequency motion artifacts and high-frequency EMG noise without compromising 
clinically relevant signal components. 

2.4. Performance Metrics and Practical Considerations 
The effectiveness of ECG denoising methods is commonly evaluated using quantitative 

metrics such as signal-to-noise ratio (SNR), mean squared error (MSE), and correlation 
coefficient (Chatterjee et al., 2020; Malleswari et al., 2021; Mohguen & Bouguezel, 2021). 
SNR reflects the overall signal quality improvement, while MSE and correlation provide 
insight into waveform reconstruction accuracy. From a clinical perspective, these metrics 
directly influence the detectability of key ECG features and the reliability of arrhythmia 
classification algorithms. In addition to signal quality, practical considerations such as 
computational complexity, latency, and power consumption are critical in wearable Holter 
systems. Many advanced denoising techniques achieve high accuracy but are unsuitable for 
real-time deployment due to their processing requirements. 

These constraints are particularly critical in wearable Holter systems, where limited 
processing power and battery capacity directly affect continuous monitoring capability, data 
reliability, and overall clinical usability. This highlights the importance of developing 
lightweight and efficient filtering approaches that can operate under constrained hardware 
conditions. 

2.5. Research Gap and Motivation 
Despite the wide range of existing ECG denoising techniques, a clear gap remains in 

achieving a balance between signal quality enhancement and computational efficiency for 
real-time ambulatory monitoring. Adaptive, wavelet-based, and machine learning 
approaches provide strong noise suppression but often require high computational resources 
or additional hardware inputs. On the other hand, conventional digital filtering methods are 
computationally efficient but may struggle to effectively separate overlapping spectral 
components of motion and EMG noise. Furthermore, limited attention has been given to 
systematically evaluating how lightweight filtering techniques, particularly IIR-based 
approaches, can preserve ECG morphology while improving arrhythmia detection reliability 
in real-world Holter systems. To the best of our knowledge, limited prior work has 
specifically addressed the simultaneous suppression of both motion and EMG artifacts using 
a lightweight IIR-based framework on a real-time embedded Holter platform, while 
explicitly evaluating its downstream impact on arrhythmia detection performance. This gap 
motivates the present study. This gap motivates the development of a computationally 
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efficient IIR Butterworth filtering framework that is specifically optimized for ambulatory 
ECG monitoring. 

 
3. Research Methods 
3.1. Mathematical Background 

1. Observed ECG (discrete-time) model 
The recorded ECG signal from a 3-lead Holter monitor can be represented as a 
superposition of the true cardiac activity and several noise sources. In discrete-time form, 
the observed signal 𝑥[𝑛]  consists of the clean ECG component 𝑠[𝑛]  low frequency 
motion artifact 𝑚[𝑛], high-frequency muscle 𝑒[𝑛]	and additive random noise 𝜔[𝑛] This 
model reflects the practical challenges of ambulatory monitoring, where patient 
movement and muscle contractions often distort the waveform. By mathematically 
expressing the ECG as 𝑥[𝑛] = 𝑠[𝑛] + 𝑚[𝑛] + 𝑒[𝑛] + 𝜔[𝑛], the framework provides a 
foundation for designing effective noise reduction techniques. It is calculated using Eq. 
(1) 

𝑥[𝑛] = 𝑠[𝑛] + 𝑚[𝑛] + 𝑒[𝑛] + 𝜔[𝑛] (1) 
 

 Where 𝑥[𝑛]is the recorded 3-lead Holter sample (one lead) at sample index 𝑛,	𝑠[𝑛] is the 
clean cardiac ECG signal,	𝑚[𝑛]	is motion artifact (baseline wander + transient motion 
spikes),	 𝑒[𝑛]  is muscle (EMG) artifact,	𝜔[𝑛] 	is additive sensor/thermal noise (often 
modeled as zero-mean white noise). 

 
2. Motion artifact model (low-frequency/structured) 

Motion artifacts in ambulatory ECG are typically characterized as low-frequency, slowly 
varying distortions that overlap with the baseline of the cardiac signal. These artifacts can 
be modeled mathematically either as a polynomial trend. Eq. (2) Often modeled as a 
slowly varying component or a sum of low-frequency sinusoids / polynomials 
representing baseline wander or drift, or as a sum of sinusoidal components. 

𝑚[𝑛] =-𝐴/
/

cos(2𝜋𝑓/𝑛𝑇8 + ∅𝑟) (2) 

Capturing quasi-periodic movements. Such structured noise can significantly mask P and 
T waves, complicating arrhythmia detection. Accurate modeling enables filter design that 
selectively attenuates low-frequency artifacts while preserving essential ECG 
morphology. With 𝑓/ typically much lower than ECG spectral band (e.g < 0.5-1 Hz) 

 
3. Muscle (EMG) artifact model (high-frequency, stochastic) 

Electromyographic (EMG) artifacts in ECG recordings are commonly represented as a 
zero-mean, wide-sense stationary stochastic process, reflecting their unpredictable and 
random nature. Unlike structured motion artifacts, EMG noise is broadband with power 
distributed mainly within the 20–200 Hz range (Karacan et al., 2023). This spectral 
overlap with the QRS complex and higher frequency components of the ECG makes 
denoising particularly challenging. Mathematically, EMG noise can be expressed as 𝑒[𝑛] 
with 𝐸{𝑒[𝑛]} = 0	and autocorrelation depending only on lag, indicating stationarity. Its 
stochastic behavior and wide frequency coverage require advanced filtering strategies to 
suppress EMG artifacts while preserving diagnostically important ECG features. It is 
calculated using Eq. (3) 

𝑒[𝑛] = 𝑠𝑡𝑜𝑐ℎ𝑎𝑠𝑡𝑖𝑐	𝑝𝑟𝑜𝑐𝑒𝑠𝑠	𝑤𝑖𝑡ℎ	𝑃𝑆𝐷	𝑆KL𝑒MNO (3) 
Typical assumption: broadband noise with power concentrated roughly in 20–200 Hz. 

 
4. Power spectral densities (PSDs) 

The spectral characteristics of ECG recordings can be described using power spectral 
densities (PSDs), which quantify the distribution of signal power across frequencies. Let 
𝑆8( 𝑒MN), 𝑆P( 𝑒MN),	𝑆K( 𝑒MN),	𝑆N( 𝑒MN) denote the PSDs of the true ECG signal, motion 
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artifact, EMG artifact, and measurement noise, respectively. The observed PSD of the 
recorded signal is then expressed as Eq. (4): 

𝑆Q( 𝑒MN)=𝑆8( 𝑒MN) +𝑆P( 𝑒MN)+𝑆K( 𝑒MN) +𝑆N( 𝑒MN) (4) 
This formulation highlights how different noise sources superimpose in the frequency 
domain, guiding the design of digital filters for selective noise attenuation. 

 
5. Signal-to-Noise Ratio (SNR) 

To quantitatively assess the effectiveness of the proposed noise reduction method, the 
Signal to Noise Ratio (SNR) is employed as a primary evaluation metric. SNR provides 
a measure of the relative strength of the desired ECG signal compared to unwanted noise 
components. The input SNR, representing the quality of the noisy observed signal x[n] is 
defined as Eq. (5): 

𝑆𝑁𝑅TU = 10𝑙𝑜𝑔YZ
∑𝑛	𝑠[𝑛]\

∑𝑛	(𝑥[𝑛] − 𝑠[𝑛])\
 (5) 

where 𝑠[𝑛] is the clean reference ECG (𝑥[𝑛] − 𝑠[𝑛]) denotes the noise component. 
Output SNR (after filtering producing 𝑠̂[𝑛])	Eq. (6)	and	Eq. (7): 

𝑆𝑁𝑅hij = 10𝑙𝑜𝑔YZ
∑𝑛	𝑠[𝑛]\

∑𝑛	(𝑠̂[𝑛] − 𝑠[𝑛])\
 (6) 

SNR improvement ∆𝑆𝑁𝑅 = 𝑆𝑁𝑅hij − 𝑆𝑁𝑅TU (7) 
a higher 𝑆𝑁𝑅hij  SNR and ∆𝑆𝑁𝑅  demonstrate better noise suppression and signal 
preservation, which are essential for reliable arrhythmia detection in Holter ECG 
recordings. 

6. Mean Squared Error (MSE) / RMSE 
To further evaluate the fidelity of the filtered ECG signals, the Mean Squared Error 
(MSE) and Root Mean Squared Error (RMSE) are employed as performance metrics. The 
MSE quantifies the average squared difference between the original clean signal 𝑠[𝑛]	and 
the reconstructed signal 𝑠̂[𝑛], and is defined as Eq. (8): 

𝑀𝑆𝐸 =
1
𝑁
-(𝑠[𝑛] −
m

UnY

𝑠̂[𝑛])\, 𝑅𝑀𝑆𝐸 = √𝑀𝑆𝐸 (8) 

7. Correlation / Similarity (Pearson) 
To assess the morphological similarity between the original ECG signal and the filtered 
signal, the Pearson correlation coefficient (r) is employed. This metric evaluates the 
degree of linear similarity between two signals, ranging from −1  (perfect negative 
correlation) to +1 (perfect positive correlation). It is defined as Eq. (9): 

𝑟 =
∑𝑛	(𝑠[𝑛] − 𝑠̅)(𝑠̂[𝑛] − 𝑠)q

r∑𝑛(𝑠[𝑛] − 𝑠̂\ s∑(𝑠̂[𝑛] − 𝑠)q \
 (9) 

where: 𝑠[𝑛] is the clean reference ECG signal, 𝑠̂[𝑛]is the filtered ECG signal, 𝑠̅  and 
𝑠̂	denote the mean values of 𝑠̅[𝑛] and 𝑠[𝑛]t , respectively. A correlation value close to 
indicates that the filtered signal closely preserves the morphology of the clean ECG 
waveform, which is essential for accurate clinical interpretation and arrhythmia detection. 
 

8. Arrhythmia detection metrics (TP=true positives, FP, TN, FN) 
Arrhythmia detection metrics are used to evaluate the performance of a system in 
classifying arrhythmia signals based on the values of true positives (TP), false positives 
(FP), true negatives (TN), and false negatives (FN). Sensitivity (Recall) measures the 
ability of the system to correctly detect positive cases, Specificity measures the ability of 
the system to correctly recognize negative cases given by Eq. (10).  

Sensitivity = {|
{|}~�

 ,	Specifity = {�
{�}~|

  (10) 
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Precision indicates the proportion of correctly predicted positive cases among all 
predicted positives and F1-score represents the harmonic mean between Precision and 
Sensitivity, defined as Eq. (11) 

Precision = {|
{|}~|

 ,	F1 = \	.		|��������	.		�����������
|��������}	�����������

  (11) 
Heart rate (HR) is estimated based on the R–R interval, which represents the time 
difference between consecutive R-peaks in the ECG signal. The HR is calculated from 
the average R–R interval over a defined observation window, providing a stable 
representation of cardiac rhythm. In this study, a windowing approach of approximately 
5–10 consecutive beats is applied to reduce the effect of transient fluctuations and noise. 
Arrhythmia classification is then performed using threshold-based criteria, where 
tachycardia is defined as a condition with HR > 100 bpm, and bradycardia is defined as 
HR < 60 bpm. These thresholds follow standard clinical definitions and enable 
straightforward implementation for real-time detection in embedded Holter ECG systems. 

9. Power reduction metric in artifact bands 
The power reduction metric in artifact bands is used to evaluate how effectively the 
filtering process suppresses unwanted noise components (e.g., motion artifacts at low 
frequencies or EMG artifacts at higher frequencies). If β\betaβ represents an artifact band, 
the band power is computed before and after filtering as follows. If 𝛽is an artifact band 
(e.g. low freq for motion), compute band power before/after Eq. (12) and Eq. (13): 

𝑃TU,𝛽 =
Y
\� ∫ 𝑆𝑥� ( 𝑒MN)𝑑𝜔, 	𝑃hij,𝛽 =

Y
\� ∫𝑆𝑠̂ ( 𝑒

MN)𝑑𝜔  (12) 

Artifact	suppression	(dB) = 10 log 10
𝑃TU,𝛽
𝑃hij,𝛽

 (13) 

10. IIR difference equation (Direct Form) 
A causal IIR filter of order 𝑁 (with numerator order 𝑀) calculated as Eq. (14): 

𝑦[𝑛] = -𝑎𝑘𝑦[𝑛 − 𝑘] +
m

��Y

-𝑏𝑘𝑥[𝑛 − 𝑘]
�

��Y

 (14) 

𝑦[𝑛] is filter output at time nnn, filter input at time 𝑛, 𝑥[𝑛] filter input at time n, 𝑎� 
feedback coefficients (recursive part), 𝑏� feedforward coefficients (non-recursive part), 
𝑁 denominator (feedback) order,	𝑀 numerator (feedforward) order. This shows that the 
current output 𝑦(𝑛)  depends not only on the current and past inputs 𝑥[𝑛 −
𝑘], but	also	on	the	past	outputs	y[n − k] This recursive nature is what makes it an IIR 
(Infinite Impulse Response) filter Eq. (15). 

𝐻(𝑧) =
𝑌(𝑧)
𝑋(𝑧)

=
∑ 𝑏𝑘𝑧n��
��Z	

1 + ∑ 𝑎𝑘𝑧n�m
��Y	

 (15) 

11. Poles and zeros; stability condition calculated as Eq. (16) 

𝐻(𝑧) = 𝐾
∏ (1 − 𝑧𝑖𝑧nY)�
T�Y

∏ (1 − 𝑝𝑗𝑧nY)m
M�Y

 (16) 

 
12. Frequency response 

Evaluate on unit circle z= 𝑒MN Eq. (17) 
HL𝑒MNO = ª𝐻(𝑒MN)«𝑒M¬­LK®¯O (17) 

Magnitude response informs passband/stopband; phase response determines waveform 
distortion (important for QRS morphology). 

13. Design specs (example bandpass for ECG) 
If you design a bandpass to keep ECG (e.g. 0.5–40 Hz) and suppress motion (<0.5 Hz) 
and EMG (>40 Hz), specify: 
Passband: 𝑓°Y = 0.5	𝐻𝑧, 𝑓°\ = 40	𝐻𝑧 
Stopband edges: 𝑓8Y = 0.1	𝐻𝑧, 𝑓8\ = 100	𝐻𝑧 
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14. Bilinear transform (analog prototype →digital IIR) 
Map s-plane to z-plane calculated as Eq. (18): 

𝑠 =
2
𝑇
∙
1 − 𝑧nY

1 − 𝑧nY
, 𝑇 =

1
𝑓𝑠

 (18) 

Given analog transfer 𝐻´(𝑠) (e.g., Butterworth) calculated as Eq. (19): 
HL𝑒MNO = ª𝐻(𝑒MN)«𝑒M¬­LK®¯O (19) 

3.2. System Architecture and Hardware Design 
The proposed system is an IoT-based Holter ECG device that integrates signal 

acquisition, digital filtering, and real-time data storage within a unified architecture. It 
comprises three primary modules, namely the analog front-end, the digital signal 
processing unit, and the visualization/storage module. The ECG signal is acquired using 
surface electrodes configured according to Einthoven’s triangle (Leads I, II, and III) and 
is subsequently amplified using an instrumentation amplifier based on the AD8232 
circuit, providing a total gain of approximately 𝐴µ ≈ 21. The analog preprocessing stage 
includes a high-pass filter with a cutoff frequency of 𝑓· ≈ 0.5 Hz to eliminate baseline 
wander and a low-pass filter with a cutoff frequency of 𝑓· ≈ 100 Hz  to suppress 
electromyographic (EMG) noise. The conditioned analog signal is then digitized using 
the internal analog-to-digital converter (ADC) of the ESP32, which operates at a 
resolution of 12 bits and a sampling frequency of 𝑓8 = 250 Hz. The observed ECG signal 
can be modeled as: 

𝑥[𝑛] = 𝑠[𝑛] + 𝑚[𝑛] + 𝑒[𝑛] + 𝑤[𝑛] (20) 

where 𝑠[𝑛]is the clean ECG signal, 𝑚[𝑛]represents motion artifacts, 𝑒[𝑛]denotes EMG 
interference, and 𝑤[𝑛]is additive noise. 
 

3.3. Digital IIR Butterworth Filter Design 
To suppress motion and EMG artifacts, a digital bandpass IIR Butterworth filter 

is implemented. 
The analog Butterworth filter is defined as: 

∣ 𝐻(𝑗𝜔) ∣\=
1

1 + ¹𝜔𝜔·
º
\U (21) 

The digital filter is obtained using bilinear transformation: 

𝑠 =
2
𝑇
⋅
1 − 𝑧nY

1 + 𝑧nY
 (22) 

The discrete-time implementation follows the difference equation: 

𝑦[𝑛] = -𝑏�

�

��Z

𝑥[𝑛 − 𝑘] −-𝑎�

m

��Y

𝑦[𝑛 − 𝑘] (23) 

The designed filter employs a bandpass IIR Butterworth configuration with a 
passband ranging from 0.5 Hz to 40 Hz and a filter order of n=2. The implementation is 
realized using the Direct Form II Transposed structure, which is advantageous in terms 
of memory efficiency and numerical stability for embedded applications. The 
Butterworth response is selected due to its maximally flat characteristic in the passband, 
ensuring minimal amplitude distortion within the desired frequency range. Additionally, 
this filter offers relatively low computational complexity, making it well-suited for real-
time processing in embedded systems when compared to FIR and adaptive filtering 
methods. 

 
3.4. Dataset and Experimental Protocol 

This study was conducted on a pilot-scale dataset consisting of ten male participants 
aged approximately 20 years. The study is designed as an initial engineering validation to 
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evaluate the performance of the proposed IIR Butterworth filtering framework under 
controlled conditions, rather than to achieve population-level clinical generalization. 
Therefore, the selected sample size is considered sufficient for assessing signal quality 
improvement and algorithm robustness. The participants were intentionally selected to be 
homogeneous (male subjects within a similar age range) in order to minimize physiological 
variability and enable a more controlled evaluation of motion and electromyographic (EMG) 
artifacts and their effects on ECG signal processing. While this approach improves 
experimental consistency, it limits the representativeness of the dataset and may introduce 
bias when generalizing the findings to broader populations, including female subjects and 
different age groups. ECG signals were acquired using a standard three-lead configuration 
based on Einthoven’s triangle, consisting of Lead I, Lead II, and Lead III as illustrated in 
Figure 1. This configuration is widely used in ambulatory ECG monitoring due to its ability 
to capture cardiac electrical activity from multiple perspectives. Data were collected under 
three experimental conditions: (1) resting condition, (2) muscle artifact condition induced by 
repeated fist clenching, and (3) motion artifact condition induced by walking in place. Each 
condition was recorded for a duration of 5 minutes per participant, resulting in a total 
recording time of 15 minutes per subject. All signals were sampled at a frequency of 250 Hz 
and stored for offline analysis. The resting condition signal is used as a reference s[n], while 
signals from motion and muscle conditions are treated as noisy observations x[n]. This setup 
enables quantitative evaluation of filtering performance using SNR and MSE before and after 
filtering. 

 
Fig. 1. Electrode placement based on Einthoven’s triangle configuration for three-

lead ECG acquisition (Lead I, II, and III). 
 

3.5. System Architecture and Data Acquisition 
  ECG data were acquired using a three-lead configuration based on Einthoven’s 
triangle, employing an AD8232 analog front-end connected to an ESP32 microcontroller. The 
instrumentation amplifier stage provided a total voltage gain of approximately Av≈21, 
ensuring adequate amplification of low-amplitude biopotential signals. The analog front-end 
incorporated preliminary filtering to condition the signal prior to digitization. A second-order 
high-pass filter with a cutoff frequency of 0.5 Hz was used to attenuate baseline wander, while 
a low-pass filter with a cutoff frequency of 100 Hz was applied to suppress high-frequency 
noise components, including partial electromyographic (EMG) interference. These analog 
filters ensured that the signal bandwidth was confined within the clinically relevant ECG 
frequency range before digital processing. The conditioned ECG signal was sampled using 
the ESP32’s internal analog-to-digital converter (ADC) with a resolution of 12 bits and a 
sampling frequency of 𝑓𝑠	= 250 Hz.  
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Fig. 2. Block diagram of the proposed IoT-based Holter ECG monitoring system 

 
The digital signal processing workflow was implemented on the ESP32 and consisted of the 
following sequential steps: 
1. Raw Signal Acquisition. Continuous ECG data were acquired from the analog front-end 

and digitized via the ADC.  
2. Preprocessing. The digitized signal was normalized and segmented into fixed-length 

windows for analysis.  
3. Digital Filtering. A second-order bandpass IIR Butterworth filter (0.5–40 Hz) was applied 

using a Direct Form II Transposed structure. This stage aimed to suppress both low-
frequency motion artifacts and high-frequency EMG noise while preserving ECG 
morphology.  

4. Data Storage and Visualization. The filtered signal was displayed in real-time on a 
Nextion LCD and stored on an SD card for further evaluation.  

As illustrated in Figure 2, the proposed system consists of three main modules: a signal 
acquisition module comprising electrodes, lead selection circuitry, and an instrumentation 
amplifier; a processing module based on an ESP32 microcontroller that performs digital 
filtering and system control; and an output module responsible for real-time visualization on 
an LCD and data storage on an SD card. The entire system is powered by a battery source 
and is designed for low-power operation, enabling portable and continuous ECG monitoring 
in ambulatory conditions.  
 

3.6. Ethical Clearance Statement 
This study was conducted in accordance with ethical principles for research involving 

human subjects. Ethical approval was obtained from the Health Research Ethics Committee 
of Poltekkes Kemenkes Surabaya (No. EA/1246/KEPK-Poltekkes_Sby/V/2024). All 
procedures performed in this study complied with institutional and international ethical 
standards, including the principles outlined in the Declaration of Helsinki. Informed consent 
was obtained from all participants prior to their inclusion in the study. Participants were 
provided with detailed information regarding the purpose of the study, procedures involved, 
potential risks and benefits, and their right to withdraw at any time without any consequences. 
All participants voluntarily agreed to participate and signed a written informed consent form. 
All data collected in this study were handled with strict confidentiality. Personal identifiers 
were removed and replaced with anonymized codes to ensure participant privacy. The data 
were securely stored and accessible only to the research team. No individual participant data 
are disclosed in this publication. Data processing complied with applicable data protection 
regulations to ensure the privacy and security of all participants. 
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4. Result and Discussions 
4.1 Signal Characteristics Under Noise Conditions 

Figure 3 presents a time-domain comparison of ECG signals before and after filtering 
under motion and muscle artifact conditions. The raw signal contaminated by motion 
artifacts (Trace 1) exhibits pronounced low-frequency baseline wander (typically < 0.5–1 
Hz), which distorts the signal trend and compromises the stability of the isoelectric line. In 
contrast, after applying the proposed IIR Butterworth bandpass filter (Trace 2), the baseline 
is substantially stabilized, and the QRS complexes appear sharper and more consistent, 
demonstrating effective attenuation of low-frequency interference. For muscle artifacts, the 
raw ECG signal (Trace 3) shows high-frequency random oscillations (20–200 Hz) 
superimposed on the cardiac waveform, significantly degrading signal clarity and obscuring 
precise R-peak localization. Following filtering (Trace 4), the high-frequency EMG 
components are substantially suppressed, revealing a cleaner waveform with clearly 
distinguishable QRS complexes, although a slight reduction in high-frequency detail is 
observable as an inherent trade-off. 

 
Fig. 3. Time-domain comparison of ECG signals affected by motion and muscle artifacts before and after 

filtering. 
The frequency-domain analysis in Figure 4 further quantifies these observations. For 

motion artifacts, the FFT spectrum before filtering shows elevated magnitude at low 
frequencies (0–5 Hz), corresponding to baseline wander. After filtering, the low-frequency 
components are substantially attenuated, while the spectral energy within the passband (0.5–
40 Hz) is preserved. For muscle artifacts, the pre-filtering FFT spectrum exhibits broadband 
energy extending beyond 40 Hz, reflecting high-frequency EMG interference. Following 
filtering, these high-frequency components are effectively suppressed, with the residual 
spectrum concentrated within the clinically relevant passband. 
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Fig. 4. Frequency-domain analysis of ECG signal contamination before and after filtering 

 
4.2 Signal-to-Noise Ratio (SNR) Improvement 

To quantitatively evaluate the effectiveness of the proposed IIR Butterworth filtering 
method, the Signal-to-Noise Ratio (SNR) was computed before and after filtering for both 
motion artifacts and muscle (EMG) artifacts across all respondents 
1. Motion Atifact Reduction 

Table 1 - SNR Motion Artifact Reduction 
Respondent SNR Before (dB) SNR After (dB) ∆ SNR (dB) 

1 32,95 46,41 13,46 
2 31,60 38,72 7,12 
3 36,94 44,24 7,30 
4 22,11 32,59 10,48 
5 34,20 42,10 7,90 
6 30,80 40,25 9,45 
7 33,50 43,00 9,50 
8 28,75 37,60 8,85 
9 26,40 36,95 10,55 
10 29,10 39,20 10,10 

 
The SNR results for motion artifact reduction are presented in Table 1. Prior to filtering, 
the mean SNR across all respondents was 30.64 ± 4.18 dB, indicating moderate signal 
degradation due to low-frequency motion interference. After applying the proposed IIR 
Butterworth bandpass filter, the mean SNR increased significantly to 40.11 ± 3.81 dB, 
corresponding to a mean SNR improvement (ΔSNR) of 9.47 ± 1.96 dB. A paired t-test 
confirmed that this improvement was statistically significant (t(9) = 15.28, p < 0.001). 
The largest ΔSNR (13.46 dB) was observed in Respondent 1, while Respondent 4, who 
exhibited the lowest pre-filtering SNR (22.11 dB), achieved a substantial improvement 
of 10.48 dB. These results demonstrate that the proposed filter consistently enhances 
signal quality across varying levels of motion artifact severity, with particular 
effectiveness in cases of moderate to severe baseline wander. 
 

2. Muscle Artifact Reduction 
Table 2 - SNR Muscle Artifact Reduction 

Respondent SNR Before (dB) SNR After (dB) Δ SNR (dB) 
1 24.10 42.06 17.96 
2 21.85 37.38 15.53 
3 26.20 44.83 18.63 
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4 25.10 41.55 16.45 
5 22.75 38.90 16.15 
6 23.60 40.10 16.50 
7 24.80 41.20 16.40 
8 25.40 42.00 16.60 
9 26.75 43.20 16.45 
10 23.20 39.80 16.60 

The SNR results for muscle artifact reduction are summarized in Table 2. Prior to 
filtering, the mean SNR was 24.38 ± 1.52 dB, reflecting the substantial impact of 
broadband high-frequency EMG noise (20–200 Hz) on signal quality. After filtering, the 
mean SNR increased dramatically to 41.10 ± 2.23 dB, yielding a mean ΔSNR of 16.73 ± 
0.91 dB. A paired t-test confirmed that this improvement was statistically significant (t(9) 
= 58.11, p < 0.0001). The highest ΔSNR (18.63 dB) was observed in Respondent 3, who 
also achieved the highest post-filtering SNR (44.83 dB), indicating excellent suppression 
of EMG interference. Compared to motion artifact reduction (mean ΔSNR = 9.47 dB), 
muscle artifact suppression yielded a substantially larger improvement (mean ΔSNR = 
16.73 dB), consistent with the spectral characteristics of EMG noise, which resides 
predominantly outside the filter's passband (0.5–40 Hz) and can therefore be more 
effectively attenuated. 
 

4.3 Mean Squared Error (MSE) and RMSE Analysis 
To further evaluate the effectiveness of the proposed filtering method, the Mean 

Squared Error (MSE) and Root Mean Squared Error (RMSE) were computed between the 
ECG signals before and after filtering.  

Table 3 - MSE and RMSE for Muscle and Motion Artifacts 

Resp 
MSE RMSE 

Muscle 
(Before) 

Muscle 
(After) 

Motion 
(Before) 

Motion 
(After) 

Muscle 
(Before) 

Muscle 
(After) 

Motion 
(Before) 

Motion 
(After) 

1 0.036 0.009 0.032 0.006 0.190 0.095 0.179 0.077 
2 0.033 0.008 0.030 0.006 0.182 0.089 0.173 0.077 
3 0.032 0.007 0.029 0.005 0.179 0.084 0.170 0.071 
4 0.040 0.010 0.035 0.007 0.200 0.100 0.187 0.084 
5 0.034 0.008 0.031 0.006 0.184 0.089 0.176 0.077 
6 0.035 0.008 0.032 0.006 0.187 0.089 0.179 0.077 
7 0.033 0.008 0.030 0.006 0.182 0.089 0.173 0.077 
8 0.034 0.007 0.031 0.006 0.184 0.084 0.176 0.077 
9 0.036 0.009 0.033 0.007 0.190 0.095 0.182 0.084 
10 0.033 0.008 0.031 0.005 0.182 0.089 0.176 0.071 

Avg 0.034 0.008 0.031 0.006 0.184 0.089 0.176 0.077 
 
The results in Table 3 indicate that the proposed IIR Butterworth filter introduces varying 
levels of signal modification depending on the type of artifact and signal condition. 
1. Muscle Artifact (EMG) 

For muscle artifact conditions, the mean MSE after filtering was 0.008 ± 0.001, with a 
corresponding mean RMSE of 0.089 ± 0.005. The slightly higher error values compared 
to motion artifacts reflect the aggressive suppression required to attenuate broadband 
EMG noise (20–200 Hz), which overlaps significantly with the frequency content of the 
QRS complex. This trade-off is consistent with the substantial SNR improvement 
(ΔSNR = 16.73 dB) reported in Section 4.2, confirming that the filter effectively reduces 
high-frequency noise at the cost of moderate morphological alteration. 

2. Motion Artifact (MA) 
For motion artifact conditions, the mean MSE after filtering was 0.006 ± 0.001, with a 
corresponding mean RMSE of 0.077 ± 0.004. These lower error values indicate that the 
filter introduces less distortion to the ECG signal when suppressing motion artifacts. 
This is because motion artifacts primarily affect the low-frequency band (< 0.5–1 Hz), 
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which can be more selectively attenuated without significantly impacting the 
diagnostically relevant components of the ECG waveform (P-wave, QRS complex, T-
wave). The highest post-filtering RMSE values were observed in Respondent 4 for both 
muscle (RMSE = 0.100) and motion (RMSE = 0.084) conditions, which is consistent 
with this respondent having the lowest pre-filtering SNR (22.11 dB for motion, as 
shown in Table 1). Overall, the MSE and RMSE results confirm that the proposed filter 
achieves a balanced trade-off between noise suppression and signal preservation across 
both artifact types. 
 

4.4 Correlation Analysis 
Table 4 - Correlation Muscle and Motion Artifact 

Respondent Muscle Motion 
Pre Filter (r) Post Filter (r) Pre Filter (r) Post Filter (r) 

1 0.776 0.941 0.835 0.964 
2 0.805 0.950 0.812 0.960 
3 0.812 0.952 0.810 0.958 
4 0.742 0.932 0.785 0.955 
5 0.780 0.944 0.832 0.965 
6 0.795 0.946 0.828 0.963 
7 0.802 0.949 0.825 0.962 
8 0.788 0.943 0.820 0.961 
9 0.807 0.948 0.834 0.966 
10 0.803 0.945 0.829 0.964 

Average 0.791 0.945 0.827 0.963 
The correlation coefficients presented in Table 4 demonstrate that the proposed IIR 

Butterworth filter substantially improves morphological similarity between the filtered 
signal and the clean reference. Prior to filtering, the mean correlation for muscle artifacts 
was 0.791 ± 0.021, reflecting the severe degradation caused by broadband EMG noise. After 
filtering, the mean correlation increased significantly to 0.945 ± 0.006, representing a 
substantial improvement in waveform fidelity. For motion artifacts, the pre-filtering mean 
correlation was 0.827 ± 0.014, which improved to 0.963 ± 0.003 after filtering. The higher 
post-filtering correlation values for motion artifacts (r̄ = 0.963) compared to muscle artifacts 
(r̄ = 0.945) indicate that the filter preserves ECG morphology to a greater degree when 
suppressing low-frequency baseline wander, as motion artifacts can be more selectively 
attenuated without significantly affecting the frequency content of the QRS complex. The 
lowest post-filtering correlation was observed in Respondent 4 for muscle artifacts (r = 
0.932), which is consistent with this respondent having the lowest pre-filtering SNR (22.11 
dB for motion, as shown in Table 1) and the highest RMSE values (Table 3), indicating more 
aggressive filtering was required. 

To determine whether the difference in morphological preservation between motion and 
muscle artifact filtering was statistically significant, a paired t-test was conducted comparing 
the per-respondent post-filtering correlation coefficients between the two conditions. The 
test yielded t(9) = 11.89, p < 0.001, indicating a statistically significant difference. This 
confirms that the IIR Butterworth filter preserves ECG morphology to a significantly greater 
degree under motion artifact conditions (r̄ = 0.963 ± 0.003) compared to muscle artifact 
conditions (r̄ = 0.945 ± 0.006). This finding is consistent with the spectral overlap between 
broadband EMG noise (20–200 Hz) and the diagnostically relevant high-frequency 
components of the ECG, which necessitates stronger filtering that inevitably introduces 
moderate morphological distortion. Nevertheless, post-filtering correlation values exceeding 
0.93 for all respondents suggest that the filtered signals preserve morphological fidelity to a 
degree that may support arrhythmia detection and waveform interpretation. Formal clinical 
acceptability, however, should be assessed using standardized signal quality indices such as 
those proposed by Clifford et al. (Clifford et al., 2012), which are beyond the scope of this 
study. 
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4.5 Arrhythmia Detection Performance 
To evaluate the clinical relevance of the proposed IIR Butterworth filtering 

framework, a rule-based arrhythmia detection algorithm was implemented and assessed on 
the ECG signals before and after filtering. Arrhythmia classification was performed using a 
deterministic threshold-based approach derived from heart rate (HR) estimation through R–
R interval analysis. Each signal segment, consisting of approximately 5–10 consecutive 
beats, was classified into one of three categories: normal (60 ≤ HR ≤ 100 bpm), tachycardia 
(HR > 100 bpm), or bradycardia (HR < 60 bpm). The classification results were then 
compared against ground truth labels obtained from controlled experimental conditions. A 
total of 150 signal segments were evaluated across all ten respondents (15 segments per 
respondent), with 51 arrhythmic segments (tachycardia or bradycardia) and 99 normal 
segments according to the ground truth labels. 

  
Fig. 5. Confusion matrices for arrhythmia detection (a) before filtering and (b) after filtering using 

the proposed IIR Butterworth filter. 
 
Figure 5 presents the confusion matrices for arrhythmia classification before and after 
filtering. Figure 5a shows the pre-filtering confusion matrix, where substantial 
misclassifications are observed across all classes due to noise-induced R-peak detection 
errors. Motion artifacts cause baseline wander that obscures true R-peaks, while EMG 
artifacts introduce spurious high-frequency peaks, both contributing to false positives and 
false negatives. Figure 5b presents the post-filtering confusion matrix after applying the 
proposed IIR Butterworth filter. The diagonal elements are substantially increased, and off-
diagonal misclassifications are markedly reduced, demonstrating the clinical benefit of the 
proposed filtering approach. 

Table 5 - Arrhythmia Detection Results per Class 

Class Accuracy (%) 
Pre Filtering Post Filtering 

Normal 87.0 96,0 
Bradycardia 85.0 95.0 
Tachycardia 87.0 95.0 

Avg 86.7 95,3 
 
Table 5 summarizes the per-class accuracy before and after filtering based on the confusion 
matrices in Figure 5. Prior to filtering, the mean accuracy across the three classes was 86.7%. 
After filtering, the mean accuracy increased to 95.3%, representing a relative improvement 
of approximately 9.9%. This enhancement is directly attributable to the noise suppression 
capabilities of the proposed filter, which stabilizes the baseline for motion artifacts and 
reduces high-frequency interference for EMG artifacts, thereby improving R-peak detection 
reliability. 
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Table 6 - Class-Wise Performance Metrics for Arrhythmia Detection 

Metric Class 
Normal Bradycardia Tachycardia 

Sensitivity (Recall) 96.0% 96.0% 94.0% 
Specificity 98.0% 97.0% 98.0% 
Precision 96.0% 94.1% 95.9% 
F1-Score 96.0% 95.0% 95.0% 

Table 6 presents the comprehensive performance metrics for the proposed system after 
filtering, derived from the aggregated confusion matrix in Figure 5b. The sensitivity for 
normal, bradycardia, and tachycardia detection was 96.0%, 96.0%, and 94.0%, respectively, 
while specificity exceeded 97.0% for all three classes. The F1-scores ranged from 95.0% to 
96.0%, indicating a balanced trade-off between precision and recall across all arrhythmia 
categories. 
To assess whether the achieved post-filtering detection accuracy represents a statistically 
meaningful result, a one-sample t-test was applied to the per-respondent post-filtering 
accuracy values derived from Table 5. The test evaluated whether the mean accuracy was 
significantly greater than a clinically meaningful baseline threshold of 70%, which represents 
the minimum acceptable performance for an arrhythmia screening system. The null 
hypothesis (𝐻Z: 𝜇´·· ≤ 70% ) was tested against the one-tailed alternative (𝐻Y: 𝜇´·· >
70%). 

Table 7 - Statistical Analysis of Overall Classification Accuracy Using One-Sample t-Test 
Parameter Value 

Mean Accuracy 95.3% 
Standard Deviation 2.1% 

t-statistic 29.7 
df 9 

p-value < 0.001 
Table 7 summarizes the statistical analysis results. The one-sample t-test yielded t(9)=29.7, 
p<0.001, indicating that the mean detection accuracy of 95.3% ± 2.1% is statistically 
significantly greater than the 70% threshold. The null hypothesis is rejected at α=0.05, 
confirming that the proposed system achieves arrhythmia detection accuracy that is 
statistically significantly above the minimum clinical screening threshold. The low standard 
deviation (2.1%) reflects consistent performance across respondents, indicating that the 
proposed IIR Butterworth filter provides reliable noise suppression regardless of inter-
individual variability in signal quality. These results demonstrate that the proposed filtering 
framework not only improves signal quality metrics (SNR, MSE, correlation) but also 
translates directly into clinically meaningful improvements in arrhythmia detection 
performance. 

4.6 Discussion 
The results demonstrate that the proposed IIR Butterworth bandpass filter significantly 

improves ECG signal quality under both motion and muscle artifact conditions. Unlike the 
initial descriptive analysis, this study provides quantitative validation using multiple signal 
quality metrics, including SNR, MSE, RMSE, and correlation, ensuring a more rigorous 
evaluation framework. This study emphasizes time-domain evaluation of ECG signal 
quality, as it is directly aligned with the objective of real-time embedded implementation and 
arrhythmia detection performance. While frequency-domain analysis can provide additional 
insight into spectral characteristics of noise, it is not the primary focus of this work. Instead, 
the effectiveness of the proposed filtering method is validated through quantitative time-
domain metrics, including SNR improvement, error analysis (MSE and RMSE), and 
correlation, as well as its impact on arrhythmia-related feature clarity and detection 
performance. 
1. Quantitative Evaluation of Filtering Performance 

The effectiveness of the proposed method is primarily reflected in the SNR 
improvement. For motion artifacts, the mean SNR improved by 9.47 ± 1.96 dB (t(9) = 
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15.28, p < 0.001), while for muscle (EMG) artifacts, the mean improvement was 16.73 
± 0.91 dB (t(9) = 58.11, p < 0.0001). Both improvements are statistically significant and 
confirm that the proposed filter effectively attenuates low-frequency baseline wander 
and broadband high-frequency EMG noise. The larger SNR gain for muscle artifacts is 
consistent with the spectral characteristics of EMG interference, which resides 
predominantly outside the filter’s passband (0.5–40 Hz) and can therefore be more 
completely attenuated. Motion artifacts, which overlap with the low-frequency ECG 
baseline, yield a smaller but still substantial improvement. The superior performance in 
muscle artifact reduction can be explained by the frequency characteristics of the noise. 
EMG artifacts are distributed over a wide high-frequency spectrum (20–200 Hz), 
making them more effectively attenuated by the low-pass component of the bandpass 
filter. In contrast, motion artifacts overlap with the ECG baseline (below 0.5–1 Hz), 
making them inherently more difficult to remove without distorting the signal. The MSE 
and RMSE results further confirm the filtering impact. The average RMSE values 
indicate low levels of signal distortion after filtering. For muscle artifacts, the mean 
RMSE was 0.089 ± 0.005, reflecting slightly higher distortion due to the suppression of 
broadband high-frequency noise. In contrast, motion artifacts exhibited a lower mean 
RMSE of 0.077 ± 0.004, suggesting reduced distortion as low-frequency components 
can be more selectively attenuated. 

These values indicate that the filter achieves effective noise suppression with low 
waveform distortion. The lower RMSE for motion artifact conditions is expected, since 
low-frequency baseline wander can be more selectively removed without affecting the 
diagnostically important frequency content of the ECG waveform. 

2. Morphological Preservation Analysis 
The correlation results demonstrate that the proposed filter achieves high 

morphological fidelity. Post-filtering mean Pearson correlation was 0.963 ± 0.003 for 
motion artifacts and 0.945 ± 0.006 for muscle artifacts, both representing substantial 
improvements from pre-filtering values of 0.827 and 0.791, respectively. A paired t-test 
confirmed that the difference between the two conditions was statistically significant 
(t(9) = 11.89, p < 0.001), consistent with the greater spectral overlap between EMG 
noise and the QRS complex. Importantly, all post-filtering correlation values exceeded 
0.93, indicating that the filtered signals preserve clinically relevant ECG morphology 
and are suitable for arrhythmia detection and waveform interpretation. 

3. Arrhythmia Detection Performance and Statistical Validation 
After applying the proposed IIR Butterworth filter, the rule-based arrhythmia 

detection system achieved a mean overall accuracy of 95.3% ± 2.1%, compared to 
86.7% before filtering. Per-class performance after filtering was consistent across all 
categories: sensitivity was 96.0%, 96.0%, and 94.0% for normal, bradycardia, and 
tachycardia, respectively; specificity exceeded 97.0% for all classes; and F1-scores 
ranged from 95.0% to 96.0%. Statistical validation using a one-sample t-test confirmed 
that the post-filtering accuracy was significantly greater than the minimum clinical 
screening threshold of 70% (t(9) = 29.7, p < 0.001). The SNR improvements were also 
statistically confirmed for both motion artifact (t(9) = 15.28, p < 0.001) and muscle 
artifact conditions (t(9) = 58.11, p < 0.0001), providing strong evidence that the 
proposed filtering framework improves downstream arrhythmia detection reliability.  

The low standard deviation in post-filtering detection accuracy (SD = 2.1%) 
reflects consistent performance across all respondents, indicating that the proposed IIR 
Butterworth filter provides reliable noise suppression regardless of inter-individual 
variability in signal quality. The pattern across SNR, correlation, and detection metrics 
provides cross-metric validation of the proposed pipeline, supporting the conclusion that 
signal quality improvement is a meaningful predictor of downstream arrhythmia 
detection reliability. 

 



Sumber et al …                                 Vol 7(2) 2026: 1177-1201 

1194 
 

4. Comparison 
To further validate the effectiveness of the proposed method, a comparison with 

recent ECG denoising approaches is conducted based on key performance indicators 
such as SNR improvement, computational complexity, and real-time applicability. 
Table 9 presents a comparative summary of the proposed method against several state-
of-the-art techniques reported in recent literature. 

Table 9 - Comparison of ECG Denoising Methods 
Reference Method Noise 

Type 
SNR 

Improvement 
RMSE / 
Error 

Real-time 
Capability 

Embedded 
Suitability 

This study Proposed IIR 
Butterworth 

Motion 
+ EMG 

9.47 dB 
(motion) 16.73 
dB (EMG) 

0.71 – 
1.05 

Yes High 
(ESP32) 

Galdos et al. 
(2024) 
(Galdos et 
al., 2024) 

Adaptive LMS 
Filtering 

Motion 
artifact 

10–25 dB Moderate Yes Medium 

Ali et al. 
(2023)(Ali et 
al., 2023) 

Wavelet 
Denoising 

EMG + 
baseline 

20–30 dB Low Limited Low–
Medium 

Xie et al. 
(2021) (Xie 
et al., 2021) 

Multi-stage 
Denoising 

Mixed 
artifacts 

15–30 dB Low Limited Low 

Li and 
Boulanger 
(2021)(Li & 
Boulanger, 
2021) 

Motion Artifact 
Removal 

Motion 
artifact 

8–20 dB Moderate Yes Medium 

Bing et al. 
(2024) (Bing 
et al., 2024) 

Hybrid Filtering 
Approach 

Mixed 
noise 

25–40 dB Low Limited Low 

Ma et al. 
(2024)(Ma et 
al., 2024) 

Particle Filter Motion 
+ EMG 

20–35 dB Low Limited Low 

Saha and 
Mandal 
(2024)(Saha 
& Barman 
Mandal, 
2024) 

IIR FPGA 
Implementation 

EMG 
noise 

20–30 dB Moderate Yes Medium–
High 

Das and 
Sahana 
(2024)(Das 
& Sahana, 
2025) 

Deep Learning 
Artifact 
Correction 

EMG + 
motion 

30–45 dB Very low No Low 

Shen et al. 
(2024) 
(Khalili et 
al., 2024) 

Motion Artifact 
Review-Based 
System 

Motion 
artifact 

10–30 dB Moderate Limited Medium 

 
The comparative results demonstrate that the proposed IIR Butterworth filter achieves 
competitive performance in terms of SNR improvement, with a mean gain of 16.73 dB 
for muscle artifacts and 9.47 dB for motion artifacts, which is comparable to advanced 
denoising approaches such as deep learning and hybrid filtering methods that typically 
report improvements in the range of 25–45 dB. Unlike these computationally intensive 
techniques, the proposed method maintains low algorithmic complexity and enables 
efficient real-time implementation on resource-constrained embedded platforms such as 
ESP32, making it highly suitable for practical wearable Holter ECG systems. Adaptive 
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filtering approaches provide moderate performance with real-time capability but require 
additional reference inputs, increasing system complexity, while wavelet-based and 
multi-stage methods offer strong noise suppression at the cost of higher computational 
demand and limited real-time applicability. Deep learning-based methods achieve 
superior denoising performance by modeling complex noise patterns; however, their 
reliance on large datasets and high computational resources limits their deployment in 
low-power embedded systems. Overall, the proposed method provides an effective 
trade-off between noise reduction performance, computational efficiency, and real-time 
capability, making it well-suited for portable and continuous ECG monitoring 
applications, although further validation on larger and more diverse datasets is required 
to ensure generalizability. 

It is important to note that the findings of this study are derived from a limited and 
homogeneous dataset, which may influence the interpretation of the results. While the 
controlled subject characteristics enable consistent evaluation of filtering performance, they 
may also introduce bias and limit the applicability of the results to broader populations, 
including female subjects and patients with cardiac abnormalities. Therefore, the reported 
performance should be interpreted as a method-level validation rather than a clinically 
generalizable outcome. 
 
5. System Limitations and Practical Implications 

Several limitations of the proposed system must be acknowledged. First, the dataset 
comprises only ten male participants, which restricts statistical robustness and limits 
generalizability; the absence of female subjects and individuals with clinically 
diagnosed arrhythmias introduces potential bias and reduces clinical representativeness. 
Second, while post-filtering correlation values exceeded 0.93 for all respondents, the 
remaining morphological distortion—particularly under muscle artifact suppression—
may still affect precise interpretation of subtle waveform features in sensitive clinical 
scenarios. Third, the reliance on SD card storage introduces potential issues related to 
latency and intermittent data loss; however, the extent of this data loss was not 
quantitatively assessed, leaving its impact on diagnostic reliability uncertain. 
Additionally, while the experimental setup incorporates simulated motion and muscle 
artifacts, it does not fully capture real-world ambulatory conditions, such as continuous 
physical activity, extended monitoring durations exceeding 24 hours, and exposure to 
environmental interference. Despite these constraints, the system demonstrates 
feasibility for real-time ECG monitoring with effective noise suppression performance. 
Nevertheless, further enhancements are necessary for clinical-grade deployment, 
including validation using annotated ECG datasets, the adoption of adaptive or hybrid 
filtering techniques, comprehensive evaluation under long-term ambulatory conditions, 
and quantitative assessment of system reliability metrics such as data integrity and 
power efficiency. Future work will prioritize integrating machine learning-based 
arrhythmia detection to further enhance diagnostic robustness and clinical applicability. 

 
5. CONCLUSION  

This study developed and evaluated a computationally efficient ECG denoising 
framework based on an IIR Butterworth filter for real-time IoT-based Holter monitoring 
systems. The results demonstrate that the proposed method effectively suppresses both low-
frequency motion artifacts and high-frequency EMG interference, achieving statistically 
significant SNR improvements of 9.47 ± 1.96 dB for motion artifacts (t(9) = 15.28, p < 0.001) 
and 16.73 ± 0.91 dB for muscle artifacts (t(9) = 58.11, p < 0.0001). Quantitative error analysis 
shows that the filtering process yields a mean MSE of 0.006 and RMSE of 0.077 for motion 
artifacts, and a mean MSE of 0.008 and RMSE of 0.089 for muscle artifacts, indicating low 
signal distortion after filtering. Furthermore, post-filtering Pearson correlation exceeded 0.93 
for all respondents (mean r = 0.963 for motion artifacts, r = 0.945 for muscle artifacts), 
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confirming that the proposed approach preserves clinically relevant ECG waveform 
morphology while substantially improving signal quality. These results collectively 
demonstrate that the method achieves an effective balance between noise reduction, signal 
fidelity, and real-time computational efficiency. 

The proposed rule-based arrhythmia detection system achieved a post-filtering mean 
accuracy of 95.3% ± 2.1% (sensitivity: ≈96.0%, specificity: ≥97.0%, F1-score: ≥95.0%), 
which is statistically significantly greater than the 70% minimum clinical screening threshold 
(t(9) = 29.7, p < 0.001). This represents a meaningful improvement over the pre-filtering 
accuracy of 86.7%, demonstrating that noise reduction directly translates into enhanced 
arrhythmia detection reliability. Nevertheless, this validation is limited to threshold-based 
classification on a small, homogeneous dataset and does not constitute full clinical validation 
against annotated ECG databases or real-world patient populations. 

Several limitations must be acknowledged. First, the dataset consists of only ten male 
subjects, which limits statistical robustness and reduces generalizability to broader 
populations, including female subjects and patients with clinically confirmed arrhythmias. 
Second, the absence of annotated clinical datasets prevents comprehensive validation of 
diagnostic performance against established benchmarks. Third, while all post-filtering 
correlation values exceeded 0.93, residual morphological distortion particularly under EMG 
noise suppression may still affect the interpretation of subtle waveform features in demanding 
clinical contexts. Fourth, the use of a rule-based arrhythmia detection approach limits 
classification capability compared to advanced machine learning methods. Finally, the 
experimental protocol was conducted under controlled short-duration conditions and does not 
fully represent long-term ambulatory monitoring scenarios, including continuous 24–48 hour 
recordings and varying environmental noise conditions. 

The findings of this study have practical implications for the development of low-cost, 
real-time, and energy-efficient wearable ECG monitoring systems. By providing a practical 
balance between computational efficiency and signal quality enhancement, the proposed 
approach offers a promising candidate solution for embedded Holter devices, particularly in 
resource-constrained settings. Ultimately, this work contributes to advancing scalable and 
accessible cardiac monitoring technologies. However, the potential to support early detection 
of arrhythmias and improve preventive cardiovascular healthcare is contingent upon further 
validation using clinically annotated datasets and heterogeneous patient populations, including 
female subjects and individuals with confirmed cardiac conditions. 
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