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Abstract 
This paper presents a novel hybrid framework that integrates Zero-Phase fil-
tering (ZP) with adaptive Least Mean Squares (LMS) filtering to enhance noise 
reduction in signal generation and processing applications. The study focuses 
on generating and improving human heart rate monitor signals by effectively 
reducing noise, particularly under nonstationary conditions, through the com-
bined advantages of ZP filtering’s distortion-free characteristics and the LMS 
algorithm’s adaptive capabilities. The proposed approach first applies ZP fil-
tering to maintain the signal’s inherent features without introducing phase 
distortion, followed by adaptive LMS filtering to respond dynamically to var-
ying noise conditions. Experimental tests on diverse non-stationary noise da-
tasets reveal that this integrated method significantly outperforms individual 
filtering techniques in both noise suppression and signal fidelity. The findings 
demonstrate that the hybrid framework not only achieves superior noise re-
duction, closely simulating an electrocardiogram signal (ECG), but also pre-
serves signal integrity, making it well-suited for world-time biomedical signal 
processing applications. This work introduces an innovative strategy that 
unites static and adaptive filtering techniques to address challenges posed by 
complex and random noise environments. 
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1. Introduction 

Noise reduction plays a vital role in signal processing, as it directly impacts the 
quality and reliability of signals across various domains, including biomedical 
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monitoring, communications, and audio processing. Effective noise suppression 
enhances signal clarity while preserving essential features, enabling accurate anal-
ysis and informed decision-making. Among the prevalent techniques, ZP filtering 
is favored for its capacity to eliminate noise without introducing phase distortion, 
thereby maintaining the signal’s morphological integrity. However, ZP filtering is 
inherently static and lacks adaptability to non-stationary or time-varying noise 
environments. In contrast, adaptive LMS filtering dynamically adjusts filter coef-
ficients to minimize the error between the desired and output signals. This adapt-
ability allows world-time noise suppression in fluctuating environments, though 
it may introduce phase distortions and potential instability under certain condi-
tions [1]. To leverage the strengths and mitigate the weaknesses of both methods, 
a hybrid filtering framework has been proposed. In this framework, ZP filtering 
serves as a pre-processing step that preserves signal phase and morphology, fol-
lowed by LMS adaptive filtering, which continuously optimizes noise cancellation 
in response to changing noise characteristics. This combination enhances overall 
robustness, delivering superior noise reduction performance by uniting the sta-
bility of zero-phase filtering with the adaptability of LMS algorithms [2]. 

The study develops an integrated hybrid filtering framework by combining ZP 
filtering and adaptive LMS filtering for enhanced noise reduction in heart rate 
signal processing. The methodology proceeds in two main stages: 

1) Zero-Phase Filtering: The initial step applies a zero-phase forward-backward 
filtering technique to the raw signal. This filter is designed to eliminate noise with-
out introducing phase distortion, thereby preserving the temporal characteristics 
and morphological features of the heartbeat signal essential for accurate analysis 
[3]. 

2) Adaptive LMS Filtering: Following zero-phase filtering, an adaptive LMS fil-
ter is employed to further suppress residual noise. The LMS algorithm dynami-
cally adjusts filter coefficients in real time based on the error signal, where its 
computational simplicity is the key advantage for choosing it among other filter-
ing systems, which allows the framework to continuously adapt non-stationary 
noise environments typically encountered in physiological signal acquisition [4]. 

Signal datasets with various types of non-stationary noise are used to evaluate 
the proposed hybrid method. Performance metrics include noise reduction ratio, 
SNR improvement, and morphological fidelity of the filtered signals compared to 
ground truth or reference ECG signals. Comparisons against standalone ZP and 
LMS filtering validate the superior noise suppression and signal preservation ca-
pabilities of the integrated framework. Through this sequential filtering strategy, 
the methodology effectively unites the static precision of ZP filtering with the dy-
namic adaptability of LMS filtering, offering a robust solution for world-time bi-
omedical signals affected by complex and unpredictable noise sources. 

2. Methodology  

As described in the referenced scientific paper [5]. Heart Rate Variability and Sig-
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nal Components Heart Rate Variability (HRV) quantifies the variation in the in-
tervals between heartbeats, known as RR intervals, reflecting autonomic nervous 
system modulation. The RR interval signal comprises two primary frequency com-
ponents: 

Low-frequency (LF) component: Occurs between 0.04 Hz and 0.15 Hz, repre-
senting a mixture of sympathetic and parasympathetic activity. 

High-frequency (HF) component: Occurs between 0.15 Hz and 0.4 Hz and cor-
responds to respiratory sinus arrhythmia (RSA), which reflects parasympathetic 
(vagal) modulation linked to respiration [6]. 

Accurate separation of these components is essential for analyzing autonomic 
function. However, standard spectral analysis often causes power leakage between 
adjacent frequency bands, complicating this separation. Heart rate signals are ac-
quired from single-lead ECG by extracting RR intervals using the (Pan and Tomp-
kins QRS detection algorithm). The RR intervals are uniformly sampled at 50 Hz 
and down-sampled to 5 Hz for synchronization with respiratory signals measured 
as tidal volume (V(t)) via inductive plethysmography to prepare for filtering, the 
RR signals are de-trended using linear fitting, and a spectral density estimate is 
computed using (Welch’s method), which averages multiple modified period grams 
with overlapping segments to reduce spectral leakage [7] [8]. 

2.1. Adaptive Filtering Framework 

The integrated approach centers on an adaptive filter using the LMS algorithm to 
separate LF and HF components by modeling the relationship between the RR 
interval signal and the respiratory tidal volume signal. 
‐ Filter Model: An FIR (Finite Impulse Response) filter of length N is used, 

where the filter coefficients are: 

[ ]0 1 1, , , NW w w w −=                          (1) 

which adapt to minimize the MSE between the predicted high-frequency compo-
nent ( )y k  and the actual observed RR interval ( )RR k , where the filter output 
at discrete time k is given by: 

( ) ( ) ( )1
0

N
i t iiy k w k V k−

=
= ∑                       (2) 

Here, ( )tV k  is the respiratory tidal volume reference signal at time k. 
‐ Error Signal and Weight Update: The filter error ( )z k , representing the low 

frequency component, is: 

( ) ( ) ( ) z k RR k y k=                          (3) 

The LMS algorithm updates the filter weights iteratively to minimize the ex-
pected squared error, using the gradient descent approach: 

( ) ( ) ( ) ( )  1i i t iw k w k z k V k+ = +                     (4) 

‐ Adaptive Algorithm Characteristics: The weights are initialized to zero, at each 
sample, weights are updated based on instantaneous estimates without requir-
ing prior knowledge of signal statistics. Over time, the weights converge to val-
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ues that effectively predict the HF respiratory component within the RR signal. 
The output ( )z k , representing the LF component, is obtained by subtracting 
the predicted HF component ( )y k  from the total RR signal. 

‐ Simulation and Mathematical Model of Signals: Simulated RR and tidal vol-
ume signals are constructed to emulate physiological conditions, facilitating 
filter testing. The RR interval signal s(t) mathematical forms are: 

( ) ( ) ( )sin 2 sin 2
t th h l ls t C A f B fπ α π α= + + + +           (5) 

Then tidal volume ( )tV k : 

( ) ( )sin 2
tt hV k D f Eπ= +                   (6) 

where, A and B are the amplitudes of HF and LF components and C is the mean 
RR interval, while 

thf  and 
tl

f  are the high and low frequencies of respective 
components and α_h and α_l are the phases of HF and LF components, with D 
and E as amplitude and offset of tidal volume signal These signals are sampled 
with 1 ms resolution and then processed to a 5 Hz uniform sample rate for filtering 
[9]. 

2.2. Theoretical Outcome 

This approach was developed to generate precise artificial heart rate variability 
(HRV) time series by mathematically modeling simplified physiological processes 
of the human body using MATLAB tools. It represents a significant advancement 
over existing methods that primarily replicate statistical features of recorded data 
but often overlook the underlying biophysical mechanisms governing heart rate 
variability, which many studies fail to address [10]. To prevent phase distortion 
artifacts common with filtering physiological signals, a zero-phase filtering tech-
nique is integrated with the adaptive filtering. The zero-phase filtering is achieved 
by: 
‐ Filtering the input signal forward in time. 
‐ Reversing the filtered signal in time and applying the same filter backward. 

This two-pass filtering cancels phase distortion while maintaining the frequency 
response, thus preserving the shape and timing relationships in the heartbeat sig-
nal. Outcomes of the Mathematical Application: 

1) The adaptive LMS filter successfully separates LF and HF components by 
using respiratory signal reference. 

2) Zero-phase filtering ensures no phase shifts distort the filtered signals. 
3) The algorithm converges over time, requiring tuning of filter length (typi-

cally N = 20) for optimal performance. 
4) Simulated and real data analyses show improved spectral separation for car-

diac autonomic control measurements. 
This section synthesizes the core mathematical framework and adaptive filter-

ing theory applied to heartbeat signal processing in the paper, detailing the LMS 
algorithm, signal models, zero-phase filtering, and their integration for physiolog-
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ical signal enhancement [11] [12]. Additionally, changing the seed of the random 
number generator produces different realizations of the random phases, ensuring 
that each new time series maintains the same temporal and spectral characteristics 
as the original data exactly as in Figure 1 shown: 
 

 
Figure 1. A single cycle of a typical ECG signal divided into P, Q, R, S, and T waves. 

3. Proposed Hybrid Framework 

ZP filtering is applied as a pre-processing step to eliminate phase distortions and 
maintain signal integrity by performing forward and backward filtering. This 
makes it particularly effective for handling stationary and repetitive noise. Follow-
ing this, The adaptive LMS (Least Mean Squares) filter continuously updates its 
coefficients by minimizing the error between the filtered output and the desired 
signal because this process allows it to dynamically and effectively track and cancel 
out time-varying and non-stationary noise components. This adaptability hap-
pens as the filter measures the instantaneous error signal, which reflects how 
much the current output deviates from the desired clean signal, then adjusts the 
filter coefficients iteratively to reduce this error by following the gradient descent 
principle, hence minimizing the mean squared error .This continuous adaptation 
ensures that the filter coefficients are updated to reflect the changing noise char-
acteristics, especially in environments where noise properties evolve rapidly over 
time. 

The process essentially creates an estimate of the noise, which is subtracted 
from the noisy input to yield a cleaner output achieving a reduction factor of 0.6 
[7]. This combined two-stage approach outperforms each technique individually, 
as evidenced by improvements in SNR, reduced MSE, and increased correlation 
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with the clean reference signal [11]. Due to its computational efficiency, world-
time adaptability, and phase-preserving properties, the framework is well-suited 
for applications in biomedical signal processing, communications, and other world-
time systems facing dynamic noise conditions. By balancing stability and adapta-
bility, this hybrid architecture offers a robust noise cancellation solution for com-
plex environments, grounded in the established theories of adaptive LMS and ZP 
filtering documented in signal processing literature [13]. 

4. Description of Used Datasets 

This approach leverages ZP filtering to remove fixed and repetitive noise compo-
nents, ensuring no phase distortion in the wanted ECG signal, which is crucial for 
preserving signal morphology. Adaptive LMS filters complement this by dynam-
ically adjusting filter parameters to suppress time-varying and non-stationary 
noise sources such as muscle artifacts, motion artifacts, and spectral interference 
[14]. To evaluate the framework’s effectiveness, diverse datasets containing ECG 
signals corrupted by various noise types—including power line interference, base-
line drift, EMG artifacts, and motion artifacts—are used to replicate realistic con-
ditions [15]. These datasets allow assessment of ZP filtering’s capability to handle 
steady-state noise and the adaptive LMS filters’ ability to track and suppress dy-
namic noise. Consequently, the combination of ZP and adaptive LMS filters forms 
a robust hybrid system for world-time ECG signal enhancement across a wide 
range of challenging noise environments [16]. 

4.1. Noise Models and Simulation with Environmental Conditions 

In this integrated framework, noise models and MATLAB simulations are de-
signed to realistically replicate the distortions commonly encountered in various 
practical ECG acquisition scenarios, which include: 

1) Power-line Interference (PLI): Spectral noise caused by electrical power sys-
tems, usually modeled as narrow-band sinusoidal interference at 50 or 60 Hz and 
harmonics. 

2) Baseline Wander (BW): Low-frequency noise caused by respiration or body 
movements, modeled as slow varying trends or wandering baselines in the ECG 
waveform. 

3) Electrocardiogram (EMG) Noise: Muscle activity noise with variable ampli-
tude and frequency components, often modeled as band-limited stochastic or 
Gaussian noise to simulate muscle contractions contaminating the ECG. 

4) Motion Artifacts: Noise introduced from patient movement or electrode ca-
ble motion, simulated as transient, irregular bursts or shifts, posing challenges due 
to their non-stationary, dynamic nature. 

5) Electrode Contact Noise: Disturbances caused by electrode displacement or 
wearing, introduced as intermittent signal drops or spikes. 

6) Simulation and Environmental Conditions: The data simulation uses short 
ECG segments (e.g., 10-second clips) often overlapping by 50 percent to avoid 
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information loss and abrupt transitions [17]. 
Different random noise types are superimposed on clean ECG signals under 

controlled or semi-supervised settings, replicating stable low-noise environments 
and highly dynamic, noisy environments respectively. Simulation models incor-
porate realistic noise amplitude and temporal characteristics to stress-test the 
adaptive LMS filter’s ability to track and cancel non-stationary noise. Hybrid sim-
ulation environments combine multiple noise sources to test robustness across 
varied clinical and ambulatory conditions, where using these noise models and 
simulations enables realistic evaluation of the framework’s effectiveness in im-
proving the resulting ECG signal quality by increasing SNR and minimizing MSE, 
while preserving diagnostically important features in the ECG waveforms [18]. 
This type of noise modeling and environmental simulation reflects the require-
ments for practical world-time ECG monitoring systems to handle diverse noise 
challenges encountered in real-world conditions [19]. 

4.2. Performance Metrics for Evaluation 

The primary performance metrics for evaluation focus on noise attenuation and 
signal fidelity, and most crucial of these metrics are: 
‐ Signal-to-Noise Ratio (SNR): Measures the ratio of the power of the generated 

clean ECG signal to the power of the noise added. An increase in SNR after 
filtering indicates effective noise suppression and improved signal clarity. 

‐ Mean Squared Error (MSE): Quantifies the average squared difference be-
tween the original clean signal and the filtered signal, where lower MSE values 
indicate better preservation of the original signal morphology with minimal 
distortion. 

‐ Least Mean Squared Error (LMSE): The square root of MSE, providing a meas-
ure of the average magnitude of the error, and here it is useful for interpreting 
signal fidelity in the same units as the ECG amplitude [20] [21]. 

In various studies, combinations of these metrics show significant improve-
ments in SNR (which often 30 - 60 percent), reduced MSE, and good percentage 
for correlation coefficients, demonstrating their effectiveness in realistic noisy 
conditions for reliable ECG monitoring and analysis. These metrics collectively 
ensure the framework not only removes the unwanted noise but also maintaining 
the diagnostic features of the ECG signal critical to be as downstream clinical in-
terpretation and automated analysis [22]. 

5. Results and Discussion 

5.1. Noise Reduction Performance 

The integrated framework that combines ZP and adaptive LMS filters demon-
strates strong noise reduction performance for enhancing ECG signals: 
‐ Signal-to-Noise Ratio (SNR) Improvement: Studies show significant SNR im-

provements, with zero-phase filtering alone increasing SNR by around 5 dB, 
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and adaptive LMS filters improving SNR by up to 10 dB or more. 
‐ Mean Squared Error (MSE) Reduction: Adaptive LMS filters n this hybrid 

framework markedly reduce MSE compared to traditional filters, indicating 
better preservation of ECG morphology while attenuating noise. 

‐ Correlation Coefficient (CC): Filtered signals frequently demonstrate high 
correlation coefficients with the ideal ECG signal, which is entirely free from 
distortion and noise, reflecting dependable signal accuracy. This bias has been 
utilized to demonstrate the degree to which the filtered signal is uncorrelated 
with the noisy input and how accurately correlated to the generated real signal 
[23]. 

5.2. Comparative Analysis Against Individual Zero-Phase 

‐ ZP Filtering Alone: Primarily excels at removing fixed and repetitive noise 
such as baseline wander and power-line interference without introducing 
phase distortion, where effectively preserves the morphology of ECG signals 
due to its zero-phase characteristic. However, it struggles to suppress non-sta-
tionary, time-varying noise such as muscle artifacts (EMG) and motion arti-
facts that change dynamically in ambulatory or less controlled environments 
[24]. 

‐ Integrated Framework (ZP and Adaptive LMS Filters): Combines the strengths 
of zero-phase filtering for stationary noise with the adaptive LMS filter’s capa-
bility to dynamically track and suppress time-varying and non-stationary noise 
sources. An added adaptive LMS filters outperform zero-phase filtering alone 
in improving SNR, particularly with noise types that vary quickly over time. 
Simulation results from studies show that adaptive LMS algorithms achieve 
higher SNR improvements (up to around 10-14 dB more) compared to ZP fil-
tering alone. Adaptive filtering adapts filter coefficients in real-time based on 
signal error feedback, proving effective especially under changing noise con-
ditions, while ZP filtering is fixed once designed [25]. 

5.3. Adaptability to Non-Stationary Noise 

Adaptive LMS filters dynamically update their filter coefficients in real time 
based on the error between the noisy input and the desired signal, enabling the 
framework to effectively track and reduce time-varying noise components such 
as emotion artifacts, muscle (EMG) noise, and electrode interference (EI). While 
ZP filtering efficiently removes stationary and repetitive noise like power-line 
interference and baseline wander without phase distortion, where the adaptive 
LMS filter complements this by continuously adjusting to changing noise char-
acteristics, resulting in superior overall noise suppression and signal fidelity in 
dynamic environments. Experimental results, including those from real-world 
ECG datasets, demonstrate that adaptive LMS filtering outperforms fixed filters 
in reducing noise metrics such as SNR and MSE under non-stationary condi-
tions [26]. 
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5.4. Noise Conditions 

The Key points on noise reduction effectiveness across diverse noise scenarios in-
clude performance highlights under varying noise conditions: 
‐ Stationary Noise (e.g., baseline wander, power-line interference): This stage in 

ZP filtering ensures baseline stability and eliminating a narrow-band interfer-
ence, foundational for subsequent adaptive filtering performance. 

‐ Non-Stationary Noise (e.g., motion artifacts, EMG noise): Adaptive LMS fil-
ters continuous adaptation capability offers superior noise cancellation even 
when noise characteristics change abruptly, typical in ambulatory or clinical 
environments. 

‐ Composite Noise Scenarios: When both stationary and non-stationary noises 
coexist, the cascaded approach excels. Zero-phase filtering handles the stable 
noise first, then adaptive LMS filters refine the signal by removing residual and 
variable noise components with improved Signal-to-Noise Ratio (SNR) gains 
(often about 15 - 20 dB). 

‐ Quantitative Metrics: Studies report that this integrated method yields signifi-
cantly lower MSE and higher CC compared to standalone ZP filtering under 
these mixed noise conditions. Performance degradation is minimal even with 
increasing noise intensity or variation, indicating robustness [27]. 

This integrated framework demonstrates strong noise reduction capabilities, 
as clearly shown through a simulation that closely replicates real-world condi-
tions using MATLAB. Figure 2 presents the ideal human heart rate function, 
which is then approximated by adding noise—illustrated in Figure 3—to create 
a more realistic simulation. The noisy signal is subsequently processed by the 
filters of the Hybrid System, shown in Figure 4, which is the main focus of our 
study. 
 

 
Figure 2. The ideal human heart rate generated signal. 
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Figure 3. The noisy human heart rate generated signal. 

 

 
Figure 4. The filtered and most realistic human heart rate generated signal. 

5.5. Communications System Noise Enhancement 

The enhancement of noise performance in communication systems can be effec-
tively evaluated using key signal quality metrics such as: 

1) Signal-to-Noise Ratio (SNR): The Hybrid Filtering Framework aims to max-
imize SNR by minimizing noise components while preserving signal integrity. ZP 
filtering ensures no phase distortion, which is critical in the resulted signals, and 
LMS filtering adaptively suppresses time-varying noise. 

2) Mean Squared Error (MSE): MSE serves as an objective measure of the filter’s 
accuracy in noise reduction. The Hybrid scheme reduces MSE significantly com-
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pared to standalone filtering techniques, indicating improved signal reconstruc-
tion and reduced distortion. 

3) Correlation Coefficient (CC): Higher CC values indicate that the hybrid 
framework effectively retains the key features of the ideal signal while eliminating 
unwanted noise. This is essential for preserving the similarity between the desired 
and resulting signals, ensuring a more accurate determination of the convergence 
ratio [24] [25]. Table 1 presents a comparison between the noisy signal and the 
signal filtered through the hybrid filtering system, accompanied by an illustration 
of this relationship in the corresponding Figure 5. 
 
Table 1. The comparisons of results. 

SNR (dB) 
Mean Squared Error 

Noisy Signal Filtered Signal 

−0.28933 0.0083908 0.0032902 

0.42629 0.0069507 0.0027777 

2.22 0.0045406 0.0019728 

3.2177 0.0035968 0.0019172 

4.5294 0.0025373 0.0016758 

Least Square Mean Error: 

Noisy: 0.0052032 Filtered: 0.0023267 

 

 
Figure 5. Relationship between SNR and MSE for the two signals. 
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6. Conclusion and Future Works 

Key results indicate that the ZP filter prevents phase distortion, maintaining signal 
integrity, whereas the LMS adaptive filter adjusts dynamically to a fast time vary-
ing noise, reducing the mean square error and improving the signal-to-noise ratio. 
This combined method offers the benefits of both stability and adaptability, sur-
passing traditional single-filter techniques in managing both stationary and non-
stationary noise environments. The hybrid framework’s ability to sustain a strong 
correlation with the ideal signal while minimizing divergence highlights its ro-
bustness, and its potential impact on world-time signal processing is significant, 
delivering improved performance in applications that demand accurate, distor-
tion-free signals amid fluctuating noise, such as biomedical monitoring and acous-
tic systems, thereby enabling more reliable and efficient real-time noise cancella-
tion solutions. Future works for such an integrated hybrid framework could focus 
on several promising directions. First, enhancing the computational efficiency 
and convergence speed of the LMS adaptive filter to enable deployment in low-
power, real-time embedded systems is crucial. Second, extending the framework 
to incorporate advanced adaptive filtering algorithms such as Recursive Least 
Squares (RLS) or nonlinear adaptive filters could improve noise cancellation per-
formance in more complex and non-stationary noise environments. Third, inte-
grating machine learning techniques for dynamic parameter tuning and adaptive 
thresholding may offer improved robustness against diverse noise sources. More-
over, extending the application of the hybrid framework to a broader variety of 
biomedical signals, which not limited to ECG only, could facilitate its validation 
and enhance its practical usefulness. Finally, experimental validation using large-
scale, real-world datasets with varying noise characteristics would strengthen the 
framework’s reliability and pave the way for commercial implementations in med-
ical devices and audio systems. 
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