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The growing adoption of wearable health monitoring and internet of things
(loT)-based medical devices has increased the demand for efficient
electrocardiogram (ECG) compression techniques that reduce data size while
preserving diagnostic fidelity. This paper proposes a compression method that
combines linear predictive coding (LPC) with a residual thresholding
mechanism. The ECG signal is modeled using a tenth-order LPC framework,
and the residual is sparsified by retaining only the most significant
components. The novelty of this work lies in applying threshold-based
residual sparsification tailored to ECG signals, enabling high compression
ratios (CR) while preserving clinically relevant waveform features.
Experimental results using PhysioNet ECG data show that the proposed
method achieves CRs of up to 38:1, while a moderate threshold (alpha is
0.005) provides a practical trade-off, achieving around 20:1 compression with
preserved P wave, QRS complex, and T wave. The method offers a low-
complexity solution suitable for wearable and loT-based healthcare
applications.
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1. INTRODUCTION

The growing need for compact data storage and efficient communication in biomedical systems,
driven by real-time transmission demands, limited memory in wearable devices, and energy constraints, has
prompted the advancement of reliable signal compression methods [1]-[5]. One widely used approach is source
coding, which is commonly applied in speech [6], image [7], and video processing [8] to eliminate unnecessary
data, enabling compact storage and fast transmission. Among various methods, linear predictive coding (LPC),
initially developed for speech signals, has emerged as a viable model-based approach for biomedical data,
including electrocardiogram (ECG), due to its ability to represent quasi-periodic signals compactly. LPC is
used in codecs such as LPC-10 and code-excited linear prediction (CELP) [9]. In contrast, transform-based
methods, such as joint photographic experts group (JPEG) and JPEG2000, are widely adopted in image
processing [10]. Biomedical signals, particularly ECG recordings, also benefit significantly from compression
techniques, which are crucial in remote health monitoring and mobile healthcare systems [11]-[16]. With the
rise of internet of things (loT)-enabled health systems, continuous ECG monitoring now produces large
volumes of data, especially when using high sampling rates (e.g., 1000 Hz) and high-resolution formats (e.g.,
16-bit) [5]. Among these signals, the ECG is one of the most essential tools for diagnosing heart conditions
[11]-[16].
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To manage this data more efficiently, compression techniques are necessary to reduce storage
requirements and transmission load without compromising critical clinical details, such as the P-wave, QRS
complex, and ST segment [17]-[22]. These techniques generally fall into two categories: waveform-based and
model-based. Waveform-based methods work directly on the signal and aim to reduce redundancy. For
example, wavelet transforms are used for localized frequency decomposition, while discrete cosine transforms
are effective for energy compaction. Other approaches include compressed sensing, which exploits signal
sparsity to reduce sampling requirements [23]-[25]. Model-based methods take a different approach by
building mathematical models to represent the signal, often leading to more compact and structured
compression [26]-[28]. Initially developed for speech compression [19]-[26], LPC models each sample as a
linear combination of past values, producing a residual signal used for reconstruction. Due to their quasi-
periodic nature, biomedical signals like ECG can also be effectively compressed using this technique.

In wearable ECG and loT-based healthcare systems, practical constraints such as limited battery life,
restricted bandwidth, and low computational resources make efficient signal compression essential. Continuous
ECG monitoring generates large data volumes, increasing energy consumption and transmission load,
especially in resource-limited settings. Therefore, compression methods must not only reduce data size but also
preserve clinically important features such as the P wave, QRS complex, and T wave to ensure reliable
diagnosis. These challenges highlight the need for solutions that balance high compression efficiency, low
complexity, and diagnostic fidelity. This study proposes a computationally efficient ECG compression method
intended for wearable and loT healthcare systems, where limitations in storage capacity, transmission
bandwidth, and processing resources are critical. The method integrates low-order LPC with a threshold-based
selection of prediction residuals, so that only the most relevant signal components are transmitted. The use of
a low-order LPC model, together with sparsified residuals, enables effective data reduction while preserving
ECG waveform features that are important for clinical analysis. To ensure practical deployment, an appropriate
threshold value is determined to balance compression ratio (CR) and reconstruction accuracy, supporting real-
time operation in wearable devices. The proposed approach is evaluated using ECG recordings from the
PhysioNet database and assessed through commonly used performance metrics [29]-[32]. Experimental results
show that CRs of up to 38:1 can be achieved, indicating the potential of the method for telemedicine, remote
monitoring, and wearable ECG applications. The remainder of this paper is organized as follows. Section 2
describes the proposed encoder—decoder architecture, including preprocessing, LPC/line spectral frequencies
(LSF) estimation, residual sparsification, and quantization. Section 3 presents and discusses the experimental
results and performance evaluation. Section 4 concludes the paper and outlines future work.

2. RESEARCH METHOD

The proposed ECG compression framework, as shown in Figure 1, follows an encoder—decoder
architecture composed of four main stages: preprocessing and LPC analysis in the encoder, as shown in
Figure 1(a), and frame and signal reconstruction in the decoder, as shown in Figure 1(b). The detailed
processing stages are illustrated in Figures 2 and 3. This section also describes how LPC parameters and
residual signals are quantized for efficient transmission.
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Figure 1. Classical source-filter model; (a) encoder and (b) decoder
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Figure 3. The suggested decoder

2.1. Signal conditioning

Prior to LPC analysis, the ECG signal undergoes preprocessing to improve quality and robustness.
Synthetic Gaussian noise is added solely for simulation and testing, not in real-time applications, followed by
normalization and low-pass filtering using a finite impulse response (FIR) filter with a 100 Hz cutoff frequency.
The filtered signal is then segmented into frames for LPC analysis.

2.2. Modeling and coefficient estimation

Each ECG sample is modeled as a linear combination of previous values. The residual signal, defined
as the difference between the original and predicted signal, is transmitted or stored in a compressed form.
During synthesis, this residual signal is applied to a filter defined by 1/A(z), where A(z) is the transfer function
derived from the prediction coefficients a;,. Removing the residual or using an incorrect synthesis filter leads
to reconstruction errors. The predicted sample x(n) and residual error e are expressed as (1) and (2) [33]-[36]:

() =a;x(n—1) + a,x(n — 2)+... +a,x(n — p) Q)
e=x—%, x = [x(0),x(1), .., x(N —1D]7, & =1[%(0),2),...2N—-D]T 2

where x and % are the original and predicted signal vectors, respectively, (-)T denotes the transpose operator,
ax are the prediction coefficients, p is the prediction order, and e(n) represents the residual signal. For each
frame, a set of prediction coefficients is derived by minimizing the mean squared error between the original
and predicted signals.

The prediction error E is defined as [33]-[36]:

E=leli=llx—2%I3 (3)

where |I-ll, represents the Euclidean norm, meaning the square root of the sum of the squared elements.
Minimizing this error with respect to each coefficient yields a system of p linear equations with p unknowns,
known as the normal equations. This system is typically derived using the autocorrelation method [33]-[36]:

Ta=y, a=lay,..,a,]" 4)

where T is the p X p autocorrelation matrix with elements [[];x = Ve (L — k) and [v]; = v (D, Lk =1, ..., p.
Here, the autocorrelation function y,.,. (1) is defined as (5) [36]:

Vax (D) = E{x(m)x(n — D} ()

where y,, (1) is the autocorrelation of x(n), E denotes the average or expected-value operator, and [ is the
sample lag. The matrix has a Toeplitz structure because each diagonal contains the same autocorrelation value.
This structure permits efficient numerical computation of the predictor coefficients. The zeroth-order
coefficient is taken as a, = 1 when the predictor is written in normalized polynomial form. By making use of
(4), the minimal error can be obtained without explicitly calculating every residual sample. It is given by [36]:

Emin = ¥xx(0) — yTa (6)

where ,.,.(0) represents the average signal power, while y”a represents the part of that power explained by
the linear predictor. Consequently, minimizing (3) and solving (4) produces the coefficient set that gives the
lowest mean-square prediction error.
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2.3. Residual thresholding

A thresholding mechanism retains only the highest-amplitude components, exploiting the inherent
sparsity of the residual signal. The threshold value 0 is defined as a fraction of the peak residual amplitude in
each frame. The thresholded (sparse) residual signal is defined as (7):

A e(n), iflem)| =80
esparse(n) = e(n) = {0( ) 0};}|1e1(’w)i|se (7)
This selective retention preserves most of the residual energy using fewer samples, thereby improving
compression efficiency without significantly affecting signal fidelity.

2.4. Linear predictive coding-based signal recovery

Once both the LPC parameters and the residuals are quantized and transmitted, the decoder
reconstructs the ECG signal using these components. The predicted signal closely approximates the original
and preserves key morphological features essential for clinical interpretation. This approach provides an
effective balance between compression efficiency and signal fidelity, making it well-suited for applications
with limited bandwidth and storage capacity.

2.5. Parameter representation and quantization

Even though linear prediction coefficients capture ECG shapes accurately, sending them directly
causes problems because small quantization errors can make the synthesis filter unstable. To prevent this, the
predictor coefficients are converted into LSFs through line spectral pair (LSP) analysis. This frequency-based
format handles rounding errors much better while still keeping an exact match with the original filter. In vector
form, this conversion splits the predictor vector into two parts: a symmetric vector p and an anti-symmetric
vector q:

p=a+ja (8)
qg=a-Ja ©)

where a = [1, a;, a,, ...,a,,,O]T is the expanded coefficient vector of size (p +2) X 1, p representing the
predictor order, the matrix Jis a (p + 2) X (p + 2) reversal matrix, Ja denotes standard matrix-vector
multiplication, and the superscript T indicates vector transposition.

The original linear prediction coefficients are extracted via:

1
Ap) =5 (Prap) + d11:1) (10)

where the subscript [1: p] extracts the elements from index 1 to p. The vector p is symmetric because flipping
it leaves it unchanged (Jp = p), while g is anti-symmetric because flipping it reverses its sign (Jg = —q).
Because of these symmetry properties, all roots of their related polynomials lie directly on the unit circle in the
complex plane, with fixed roots at 0 and m radians. Furthermore, their phase angles strictly alternate in an
ascending order:

0<w;<wy; <wzg << (1)

where each w; denotes an individual line spectral frequency in radians, ensuring synthesis filter stability as
long as this order is preserved. In the LPC framework, the ECG signal is reconstructed using an all-pole
synthesis filter H(z) = 1/A(z), driven by a residual signal e(n). The residual captures fine temporal
variations, while the filter restores the spectral envelope. Accurate reconstruction of both is vital for preserving
the clinical morphology of the ECG signal. To quantize LSFs efficiently, an order-preserving differential
guantization scheme is employed. The original frequencies wi € (0, ) are first normalized to the unit interval
[0,1] by dividing each by m, yielding w, = w;/r for i=1,...,10. Differential pulse-code modulation (DPCM) is
then applied across the ordered set to eliminate inter-coefficient correlation and enforce the stability condition.
The first coefficient, @y, is quantized directly using a uniform 5-bit scalar quantizer over its operational
dynamic range and converted to its binary index. For each subsequent coefficient i from 2 through 10, a
difference value is formed by subtracting the quantized previous coefficient from the current unquantized
value: A; = @, — @,_,. Subtracting the reconstructed value rather than the exact predecessor prevents error
accumulation across indices. This differential increment 4A; is rounded, bounded, and encoded using non-
uniform bit allocations: 5 bits each for coefficients 2 to 4, 4 bits each for coefficients 5 to 7, and 3 bits each for
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coefficients 8 to 10 (requiring a total budget of 41 bits per frame). This descending bit distribution allocates
high resolution to the leading parameters that represent vital diagnostic morphology, such as the QRS complex
and P-wave, while dedicating coarser resolution to trailing parameters where fine spectral details are less
sensitive to quantization error. Finally, by constraining each quantized difference A; > 0, the strict ascending
order @, < @, < -+ < @, IS guaranteed upon synthesis, ensuring filter stability.

2.6. Proposed linear predictive coding compression scheme

The proposed ECG compression framework integrates residual thresholding and LSP-based parameter
representation into a unified LPC-based system, designed to reduce the data rate while preserving the
morphological fidelity of the ECG signal. For each frame, a tenth-order LPC model estimates the prediction
coefficients, and the predicted signal is subtracted from the original to generate a residual signal. This residual
is typically sparse, with most values being zero or near zero.

Figure 2 shows the suggested ECG compression encoder, where the input ECG signal is conditioned
and divided into segments. Linear prediction is then applied to obtain the prediction model and residual signal.
The prediction parameters are quantized, while the residual is thresholded to remove insignificant components
and subsequently encoded. Instead of transmitting the full residual, a thresholding step retains only the most
significant components, reducing data size while preserving essential waveform features. After thresholding,
the remaining residual values and corresponding LSP coefficients are encoded to form a compact
representation of the frame. As a result, the system achieves efficient compression while maintaining the
essential morphology of the ECG signal. Finally, the resulting parameter and residual information are
combined to form the encoded output.

Figure 3 presents the corresponding decoder. The compressed signal is parsed to separate the model
parameters and residual information. The predictor parameters are recovered and used to reconstruct the
predicted ECG signal, while the residual data are decoded separately. The recovered residual is then combined
with the predicted signal, followed by post-processing and filtering to generate the reconstructed ECG signal.

2.7. Excitation signal representation

To reduce the data size, the retained residual samples are scaled into a compact dynamic range and
represented using a 4-bit format (including the sign bit). Let e,,,4, = €;Vi € 1,2,3, ... N, where e; denotes the
residual amplitude. To reduce error and preserve faithful recovery, a scaling process is applied to map the
residual amplitudes into a fixed period from 0 to 15, allowing 4-bit representation per sample (3 bits for
magnitude and 1 bit for sign). For each residual frame, the maximum absolute amplitude is determined as
emax = Max ;<;<y | €; . This value is subsequently represented on a logarithmic scale as g,,,4x = 108 2 (emax)s
where g,.4, IS Used to select the corresponding scaling range. Depending on the value of g,,,, the first two
bits of each frame are used to indicate the scaling range as follows: [00] if g.x >-6, [01] if =8 < gpmax < —6,
[10] if =10 < Gpmax < —8, and [11] if g,nax < —10. Each range corresponds to a specific scale factor that
restores the residuals to a normalized range of approximately 1-16 after scaling. The scale factors are defined
as: [00] maps to x28, [01] to x2°, [10] to x2'?, and [11] to x2%4. After scaling, one is subtracted from each
magnitude, and the result is rounded to fit within the [0, 15] range. Finally, each scaled value is converted to a
4-bit binary format that includes the sign, ensuring compact and accurate representation of the residual signal.
This logz-based quantization method efficiently compresses the LPC residual while maintaining high
reconstruction accuracy. The system employs LSFs instead of raw LPC coefficients due to their improved
robustness against quantization errors. Thresholded and scaled residuals are encoded using the described 4-bit
scheme, achieving efficient data representation without sacrificing perceptual or diagnostic fidelity. Table 1
summarizes the scaling logic, range classifications, and output mapping.

Table 1. Residual signal scale codes, log: ranges, and output mapping for 4-bit quantization
Scale code  Range before adjustment (Linear)  Range before adjustment (Log,)  Scale number  Range after adjustment

Rare 00 —27° >-6 - -
00 276 — 278 [-06, -08] 26 1-16
01 278 2710 [-08, -10] 28 1-16
10 2710 _ p-12 [-10, -12] 210 1-16
11 2712 _ p-14 [-12, -14] 212 1-16
Rare 0—271 <-14 - -

2.8. Energy encoding and adaptive thresholding
This quantization approach preserves the spectral accuracy required for reliable ECG reconstruction.
The signal is processed in short frames, with ten LPC coefficients and a sparse residual signal computed for
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each. To reduce the bit rate, residual samples with the highest amplitudes are selectively retained, typically
preserving 90% of the residual energy. The adaptive threshold is computed based on the signal’s dynamic range:

Threshold = o X max (|e[n]]) (12)

where « is a scalar between 0 and 1 that controls the sparsity level. Larger values of a result in higher
compression by retaining fewer residual samples, although this may reduce reconstruction quality. In addition
to the 41 bits used for encoding LSP coefficients, five extra bits are allocated to represent the original frame’s
energy. This value is later used to rescale the reconstructed signal. The adaptive thresholding method is
particularly effective in multi-pulse LPC frameworks, where minimizing the number of non-zero residuals is
key to achieving high compression efficiency.

3. RESULTS AND DISCUSSION

The ECG signals were segmented into frames at a sampling rate of 1000 Hz. The original ECG data
was collected from the databases in [29]-[32]. Two reconstruction approaches were evaluated: one using the
full (exact) residual signal, and the other using a sparsified residual obtained by applying a threshold of
0=0.005. This value was selected as a moderate trade-off based on preliminary experimentation and its
effectiveness in retaining key ECG features while significantly reducing data size. The entire system was
implemented in MATLAB.

For each ECG frame, linear prediction analysis was performed to determine the associated LPC
coefficient vector and prediction residual waveform. The resulting residual data were subsequently represented
either without modification or in a sparse form by suppressing samples whose magnitudes fell below the
specified threshold. The compressed data was organized into fixed-size packets for low-bitrate transmission.
At the decoder, LPC coefficients and residuals were used to reconstruct waveforms that preserved clinically
significant ECG features. Conventional ECG compression methods reported in previous studies can achieve
substantial reductions in signal size; nevertheless, their resulting compressed representations commonly require
data rates in the range of approximately 2-8 kbps, which can still be significant for continuous real-time
telemetry over bandwidth-constrained communication channels. As an example, ECG telemedicine
implementations designed for mobile and wireless environments have demonstrated compressed transmission
rates of nearly 8 kbps, as reported in [37]. Similarly, standard ECG compression frameworks that rely on delta
coding combined with entropy coding or transform coding often operate at several kbps under real-time
constraints [38]. In comparison, the proposed compression and coding scheme reduces the required
transmission rate to below one kbps for continuous ECG monitoring. This substantial reduction improves
communication efficiency and makes the approach particularly appropriate for wearable healthcare devices
and loT-enabled medical systems. The CR is defined as (13) [36]:

CR = Roriginal (13)

Rcompressed

where Rgigina denotes the data rate of the uncompressed ECG signal and Rcompressed represents the

corresponding rate after compression and coding. A larger value of CR signifies greater data-size reduction,
thereby lowering the requirements for both data storage and wireless transmission. To quantify reconstruction
accuracy, the signal's global SNR is computed as (14):

T
SNRgiobar = 10l0g0 () (14)

eTe+e

The residual reconstruction error vector is e = x — X, where x and X are the input and recovered signal vectors,
respectively, and ¢ is a small constant. For frame-based evaluation, the average frame-wise SNR is computed
by calculating the SNR for each frame and then averaging over all M frames [36]:

Il x; 115
SNR; = 101 —_—
i 0810 <” e, ”%_'_ B

1
SNRayvg = - XiZ1 SNR; (15)

In this formulation, x; is the clean signal vector, X; is the reconstructed signal vector, and e; = x; — X, is the
residual error or noise vector for frame i. The notation || x; I3 and || e; lI% represents the energy of the clean

signal and the error signal, respectively, such that || a ll,= /X.; | a[i]|?, while ¢ is a strictly positive threshold
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parameter introduced to prevent numerical singularities. Finally, SNR; gives the local signal-to-noise ratio for
frame i, M is the total frame count, and SNR,,, is the overall mean SNR in decibels across the full set of frames.

The percent root-mean-square difference (PRD) is a standard benchmark for evaluating the fidelity of
reconstructed biomedical signals, such as ECG, following lossy compression. To account for temporal
variations in cardiac morphology, PRD is computed on a frame-by-frame basis. The PRD for frame i is
formulated using the Euclidean norm as (16) [36]:

PRD; (%) = %2 « 100) (16)

Nl 1%

Here, the squared norm ratio directly compares the energy of the residual error to the energy of the
uncompressed signal block. Once each frame’s PRD is obtained independently, the global reconstruction
fidelity is assessed via the mean frame PRD [36]:

XL, PRD; (17)

PRD,, = -
where M denotes the total number of frames. This averaging smooth out transient noise or isolated segment
variations, delivering a reliable, robust index for benchmarking compression algorithms. The performance of
LPC-based ECG compression using sparse residual representation was evaluated on a short frame under two
conditions: one using the full residual and the other applying thresholding with 0=0.005. As shown in
Figure 4, both reconstructions closely match the original waveform. The thresholded residual preserved key
morphological features while significantly reducing data size, demonstrating the method’s ability to maintain
ECG waveform fidelity. No inter-observer variability was assessed in this preliminary evaluation. This
indicates that the method provides an effective trade-off between compression efficiency and signal fidelity,
making it suitable for low-bitrate applications such as wearable monitors and remote diagnostics. To assess its
scalability, the analysis was extended to the 200-second ECG signal as illustrated in Figure 5.
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whad T
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Time (s)

Figure 4. Reconstruction of a 3-second ECG segment using exact and sparsified residual signals, showing
that the sparsified approach reduces data size without significant loss of morphology

Most of the residual energy is concentrated in a few dominant pulses, as shown in Figure 6. Despite
the reduction in non-zero values, the thresholded residual maintains essential temporal and amplitude
characteristics, resulting in a compact representation with minimal impact on reconstruction quality. These
results demonstrate that the proposed compression framework preserves diagnostic ECG morphology across
both short and long recordings, while offering a substantial reduction in data size through sparse residual
representation.

Table 2 summarizes the quantitative performance of the proposed method across various threshold
values, illustrating the trade-off between signal fidelity and compression efficiency. Using the exact residual
(a=0) results in near-lossless reconstruction with PRD=0% but yields only modest compression. As the
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threshold increases, the CR improves, reaching a maximum of 38:1, although this comes at the expense of
signal quality. A threshold of a=0.005 offers a practical balance, achieving a 20:1 CR while preserving key
diagnostic features, with a PRD of 5%. These results underscore the method’s adaptability for scalable ECG
data reduction, particularly in wearable healthcare and remote cardiac monitoring, where both efficiency and

fidelity are critical.
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Figure 5. Comparison of a 200-second ECG signal with its reconstructions using exact and thresholded
residuals, illustrating overall signal fidelity and compression effects
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Figure 6. Exact residual versus sparsely thresholded residual (0=0.005), illustrating the preservation of

dominant residual components after thresholding
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Table 2. Comparison of exact and sparse residuals for LPC-based ECG reconstruction under different (o)

values
Scheme o PRD SNRgiopar (0B)  SNRg4y, (dB)  CR
Original residual 0 Close to zero 44.2 195.82 4:1
Sparsified residual  0.002 1.08% 38.53 60.22 6.4:1
Sparsified residual  0.005 5.03% 13.33 15.19 20.07:1
Sparsified residual  0.007 8% 6.2 7.99 38:1

4. CONCLUSION

This study presented an efficient ECG compression method that integrates LPC with adaptive residual
thresholding and LSF-based parameter quantization. The system was evaluated on real ECG data and
demonstrated strong performance across multiple compression levels. Using exact residuals enabled near-
lossless reconstruction, while applying a threshold of a=0.005 achieved a practical balance between data
reduction and signal fidelity, resulting in a CR of 20.07:1. The use of LSFs and selective residual quantization
further contributed to filter stability and diagnostic accuracy. These findings demonstrate the method’s
effectiveness for both real-time and long-term ECG monitoring in bandwidth- and storage-limited settings,
including wearable technologies and telemedicine systems. The current evaluation was conducted on a limited
dataset and primarily on ECG signals with small white Gaussian noise. Future work will therefore focus on
validation using larger and more diverse datasets, including arrhythmic ECG signals, evaluation under various
noise conditions such as motion artifacts and baseline wander, and real-time implementation on embedded
hardware platforms.
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