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Abstract—Electrocardiograms (ECGs) are essential for
diagnosing cardiac conditions, yet high-fidelity 12-lead
signals pose challenges for storage, transmission, and
real-time processing. Compressed sensing (CS) addresses
these issues by exploiting signal sparsity, but its reliance on
complex reconstruction algorithms limits practical deploy-
ment. Compressed learning (CL) offers a more efficient
alternative by enabling direct feature extraction from com-
pressed measurements. This article proposes an optimized
CL framework for classifying arrhythmia (ARR), congestive
heart failure (CHF), and normal sinus rhythm (NSR) from
compressed ECG signals. We introduce a deterministic
block-sparse binary sensing matrix with diagonal block allo-
cation of ones and zeros elsewhere. This lightweight design
eliminates floating-point multiplications, reduces memory overhead, and ensures uniform computational complexity
across compression ratios. Compared with widely used Gaussian, Bernoulli, and Fourier sensing matrices, the proposed
approach preserves ECG morphology more effectively and is well suited for embedded hardware. A deep learning-based
convolutional neural network (CNN) is developed and benchmarked against conventional machine-learning classifiers,
demonstrating superior classification accuracy across all tested compression ratios achieving up to 96.56% accuracy,
96.5% F1-score, and 97.9% specificity at CR = 0.5, and outperforming Gaussian and Bernoulli matrices. To validate
real-time feasibility, the proposed matrix is implemented on an STM32 NUCLEO-F401RE microcontroller. Hardware
experiments confirm that the framework achieves high accuracy while significantly reducing energy consumption
and computational load requiring only 9 µs per compression operation and consuming 0.641 µJ with constant-time
execution across CRs. Furthermore, the proposed framework is validated on three widely used PhysioNet databases
(MIT-BIH arrhythmia, NSR, and BIDMC congestive heart failure), which together capture diverse patient populations and
varying acquisition devices. This ensures robustness of the method and supporting its applicability in diverse clinical
environments. Extending this framework to wearable ECG systems represents a promising direction for future research.

Index Terms— Compressed learning (CL), compressed measurements, compressed sensing (CS), electrocardiogram
(ECG) classification, machine learning (ML).
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I. INTRODUCTION

ELECTROCARDIOGRAM (ECG) signals are among the
most widely used physiological signals in healthcare,

playing a vital role in assessing heart health and detecting
potential abnormalities. For clinicians and researchers, such
signals offer invaluable insights into cardiac function, making
them crucial tools for diagnosing a range of conditions, from
arrhythmias to heart failure. However, continuous monitoring
of ECG signals poses significant challenges in data storage,
transmission, and processing where efficient real-time analysis
is crucial, especially in resource-limited settings. Tradition-
ally, ECG signals are sampled at high rates, following the
Nyquist–Shannon theorem to capture all necessary details.
While effective, this approach generates large volumes of data
that demand substantial storage and computational resources.
In response to these challenges, researchers have turned
to compressed sensing (CS) as an innovative solution [1].
CS utilizes the inherent sparsity of ECG signals, allowing for
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accurate reconstruction from a compressed measurement [2].
This process significantly reduces data size while preserving
the critical diagnostic information required for clinical assess-
ments. Despite its potential, CS often involves complex and
computationally intensive reconstruction steps, which can be
impractical for real-time applications. This limitation has led
to the development of compressed learning (CL) approach that
bypasses full reconstruction [3], [4]. Instead, CL enables the
direct extraction of features from compressed measurements.
Recent studies [5], [6], [7], [8] have shown that CL can
be highly effective for ECG analysis, demonstrating strong
results in detecting abnormalities such as atrial fibrillation
(AF) using machine learning models trained directly on com-
pressed data. However, despite recent advances in CL, several
challenges remain unresolved, particularly in the design of
structured sparse sensing matrices that achieve high compres-
sion with minimal information loss. One major limitation of
current CL frameworks is their reliance on either random
or learnable sensing matrices, which often suffer from poor
hardware compatibility or increased training complexity [9].
Furthermore, traditional machine-learning models struggle to
extract discriminative features directly from compressed data,
due to their limited capacity for hierarchical representation
learning. To address these limitations, this article introduces
an optimized CL framework that integrates a fixed, struc-
tured, sparse binary block diagonal sensing matrix with a
lightweight CNN. The proposed method enables efficient ECG
signal classification by learning directly from compressed
measurements, eliminating the need for costly reconstruction.
The framework is specifically designed to identify clinically
relevant ARR, CHF, and NSR signals with high accuracy
and low computational overhead. Additionally, the proposed
matrix is implemented and validated on a low-power micro-
controller to demonstrate its feasibility in real-time scenar-
ios. The key contributions of this article are summarized as
follows.

1) We design a structured sparse binary sensing matrix opti-
mized for real-time ECG compression, offering consis-
tent computational efficiency across compression ratios.
The matrix requires no multiplications and maintains
constant-time complexity.

2) We propose a lightweight CNN that learns discriminative
features directly from compressed ECG signals. The
model achieves 96.56% accuracy, 96.5% F1-score, and
97.9% specificity at CR = 0.5.

3) We compare the proposed method against Gaussian,
Bernoulli, and Fourier sensing matrices and multiple
ML classifiers, demonstrating superior performance. The
method improves accuracy by 10%–13% over random
matrices at low CRs.

4) We implement the sensing matrix on an STM32
NUCLEO-F401RE microcontroller. The hardware
achieves 9 µs latency and 0.641 µJ energy consumption,
confirming suitability for wearable devices.

This article is organized as follows. Section II reviews
related work and outlines the motivation for this study.

Section III presents the preliminaries of CL for ECG signals.
Section IV details the proposed methodology. Section V

presents the experimental results and comparisons with
existing methods. Section VI discusses the key findings,
hardware implementation, limitations, and potential directions
for future research. Finally, Section VII concludes this article
and outlines future research directions.

II. RELATED WORK AND MOTIVATION

A. Background and Related Work
Numerous studies have investigated CS for ECG

applications, aiming to enhance compression and
reconstruction quality. For example, Zhang et al. [10]
introduced the block sparse Bayesian learning (BSBL)
algorithm, utilizing spatial and temporal structures to
compress and reconstruct fetal ECG signals effectively.
Izadi et al. [11] applied the Kronecker technique and
adaptive dictionary learning to improve reconstruction, while
Abhishek et al. [12] developed a biorthogonal wavelet based
on double-sided exponential splines, achieving superior
reconstruction quality. Other notable approaches include
2-D mapping for improved sparsity [13], incorporation of
prior support information [14], and low-rank constraints
that exploit spatial and temporal ECG signal structures [15].
Additionally, Saliga et al. [16] utilized a dynamic ECG model
to reduce noise interference, while Rezaii et al. [17] proposed
a method to optimize sparsity for noise robustness. Despite
the advantages of traditional CS, some limitations persist in
practical applications. For instance, the measurement matrix
often lacks structural information from the original signal,
which can lead to reduced reconstruction quality, particularly
at low sensing rates. Moreover, issues related to matrix storage,
computational demands, and reconstruction speed hinder CS
adoption. These limitations make CS methods impractical for
deployment on power-constrained devices. With advancements
in deep learning, CS has expanded into data-driven methods
that enhance performance by learning signal characteristics
directly from data. Deep neural networks, such as CNNs,
replace traditional measurement matrices with learnable
layers, enabling end-to-end optimization without requiring
signals to be sparse. This adaptability has led to a range of
deep learning-based CS applications [18], [19]. For instance,
Muduli et al. [20] introduced a stacked denoising autoencoder
(SDAE) to compress and reconstruct fetal ECG signals, while
Polania and Plaza [19] employed restricted Boltzmann
machines (RBMs) to capture ECG sparsity patterns, thereby
enhancing accuracy. Mangia et al. [21] proposed a CNN
with short windows to reduce computation complexity.
Other methods include CNN-based CS frameworks for EEG
signals [22], oracle-based decoders [23], and multilayer
perceptron networks trained with stochastic gradient
descent [24]. Compared to traditional CS, deep learning-based
methods exploit inter-data relationships to achieve higher
reconstruction accuracy. Traditional systems require full
reconstruction (or decompression) of the original signal before
diagnosis by humans or machines. However, learnable sensing
matrices and deep decoders often require high memory and
computation, limiting deployment on embedded hardware. The
reconstruction step in CS remains computationally expensive,
often prohibiting its use in real-time scenarios. CL addresses
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this limitation by directly extracting features from compressed
measurements, thus bypassing the reconstruction step and
reducing computational complexity [25], [26]. Moreover,
extracted features can be used for tasks like arrhythmia
detection, heart rate classification, or abnormality detection
without needing the full ECG signals. In this regard, several
studies have contributed to the application of CS and CL for
ECG signal processing. For instance, Da Poian et al. [27]
proposed CS matched filtering (CSMF) for detecting R-peaks
in compressed ECG data, which enables the extraction of
RR intervals without full signal reconstruction. Building on
the concept of CL, Zhang et al. [28] introduced a simple
deterministic measurement matrix (SDMM) and a transposed
projection-CNN (TP-CNN) to enhance AF detection in
wearable devices, achieving high accuracy with reduced
power consumption. Similarly, Siddique et al. [29] explored
the use of low-power approximate adders in digital CS for
Internet of Things (IoT) healthcare systems, illustrating that
critical event detection in biomedical signals can be achieved
with energy efficiency. Yet, majority of CL approaches still
rely on random or semi-structured matrices that may not
consistently preserve ECG morphology, especially at low
compression ratios. Further advancements in compressed
ECG analysis include the use of specific machine-learning
models. Abdelazez et al. [25] employed random forest on
compressed ECG data to detect AF using discrete cosine
transform, statistical methods, and wavelet transforms. This
approach demonstrated reliable AF detection, affirming
the feasibility of machine learning in compressed signal
classification. Additionally, a study by Laudato et al. [30]
introduced a method for heart rate estimation by identifying
R-peaks in a single-lead ECG using a circulant sensing matrix
and random forest classifier, contributing valuable insights
into low-resource, high-efficiency classification methods for
compressed data. Another study by Zhang et al. [31] utilized
a 1-D CNN for feature extraction directly from compressed
ECG signals, further underscoring the potential of deep
learning in the CL domain. However, many of these methods
focus on specific arrhythmias or limited datasets, reducing
their generalizability across broader ECG conditions. Some
studies have explored the potential of structured and learned
matrices to optimize compressed measurements. For example,
the structured Fourier matrix (SFM) has shown promise for
faster acquisition and lower storage requirements compared
to traditional random Gaussian matrices [32]. Meanwhile,
Kumar and Ramachandran [33] reviewed the importance
of choosing the correct measurement matrix, particularly
highlighting the advantages of structured matrices and the
benefits of learned matrices, such as neural network-based
approaches, in providing adaptive and effective compression.
Nonetheless, many structured or learned matrices still rely on
floating-point operations or retraining, which can limit their
suitability for resource-constrained wearable ECG systems.

B. Motivation
The existing literature on CL methods either depend on

unstructured random sensing matrices or trainable deep
encoders. While effective in theory, these approaches suffer

from hardware inefficiency, unpredictable performance,
and increased training complexity. Additionally, traditional
machine-learning classifiers applied to compressed data
often lack the capacity to learn discriminative features,
particularly when signal fidelity is degraded due to aggressive
compression. This research is motivated by the need to bridge
these gaps through a deterministic and hardware-friendly CL
solution. Specifically, we aim to develop a structured sparse
binary sensing matrix that eliminates the reconstruction
step while preserving essential diagnostic features. When
combined with a lightweight CNN classifier, this approach
enables direct, real-time ECG classification from compressed
measurements, achieving a balance between classification
accuracy and energy efficiency.

III. PRELIMINARIES

CS also known as compressive sensing or sampling fun-
damentally differs from conventional undersampling. While
undersampling deterministically discards time-domain samples
and may introduce aliasing and irreversible information loss,
CS acquires signals through linear projections that preserve
global signal information under sparsity and incoherence
assumptions. CL further extends the concept of CS by allowing
direct feature extraction from compressed data. Mathemati-
cally, the compressed ECG signal y can be represented as

y = 8x (1)

where x ∈ RN×1 is the original ECG signal, 8 ∈ RM×N (M ≪
N ) is the measurement matrix, and y ∈ RM×1 is the
compressed signal. Traditional CS approaches require the
reconstruction of x from y, which can be computationally
intensive [1]. In contrast, CL methods bypass reconstruction,
directly extracting features from y for classification purposes.
The choice of measurement matrix 8 is crucial in CL, as it
determines the quality of compressed measurements and the
accuracy of feature extraction. In this article, we propose a
sparse binary sensing matrix and compare the performance
with various state-of-the-art sensing matrices at different com-
pression ratios (CRs). The CR quantifies the reduction in data
size achieved during compression. It is defined as

CR =
M
N

(2)

where M is the size of the compressed data and N is the
original data size. In our study, we evaluate a range of
CRs from 0.1 to 0.9 to investigate how varying levels of
compression impact classification accuracy, aiming to strike
a balance between efficient data compression and reliable
classification performance. Once the compressed ECG mea-
surements are obtained, we employ a CNN-based deep learn-
ing model trained directly on the compressed measurements.
Furthermore, Section IV-C provides a detailed description of
the CL process for ECG signal classification, in which feature
extraction is performed directly on the compressed data,
eliminating the need for signal reconstruction. Additionally,
we compare the classification performance of the proposed
approach with state-of-the-art machine learning classifiers.
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IV. METHODS AND MATERIALS

This section outlines the methodology and materials utilized
in this study to develop and evaluate a CL framework for
ECG signal classification. The proposed framework integrates
block sparse binary sensing matrices along with a classification
model. Additionally, we describe the datasets used in the study,
along with the performance evaluation metrics, applied to
assess the effectiveness of model across different settings.

A. Dataset
In this study, we utilize three publicly accessible ECG

datasets from PhysioNet: the BIDMC congestive heart failure,
the MIT-BIH normal sinus rhythm (NSR), and the MIT-BIH
arrhythmia. Each of these databases was originally sampled
at different frequencies, so to maintain consistency across
our classification tasks, we adjust the sampling rates where
necessary. Table I shows a summary of the specifications of
these datasets. What follows provides further details on each
dataset separately.

1) MIT-BIH NSR Database: The MIT-BIH NSR
Database [34] includes 18 long-term ECG recordings
from healthy individuals without significant arrhythmias.
This dataset, sampled natively at 128 Hz, contains recordings
from five men (aged 26–45) and 13 women (aged 20–50).
As indicated in Table I, we allocate 15 records (80%) for
training and three records (20%) for testing. This dataset
provides a baseline for normal cardiac rhythms and enables
the model to distinguish between healthy and pathological
signals.

2) BIDMC Congestive Heart Failure Database: The BIDMC
congestive heart failure (CHF) Database [35] contains
long-term ECG recordings from 15 individuals diagnosed
with severe CHF (NYHA class 3–4), including 11 men
(aged 22–71) and four women (aged 54–63). Each recording
spans approximately 20 h, recorded over two ECG channels
at an original sampling frequency of 250 Hz. For this
study, we downsample these signals to 128 Hz, ensuring
compatibility with the other datasets. As shown in Table I,
12 records (80%) were selected for training, and the remaining
three records (20%) were used for testing.

3) MIT-BIH Arrhythmia Database: The MIT-BIH Arrhythmia
Database [34], [36], a widely used dataset in arrhythmia
research, contains 48 half-hour ECG recordings from 47 indi-
viduals (25 men aged 32–89 years, and 22 women aged 23–89
years), sampled at 360 Hz. This dataset captures a variety
of arrhythmic events, making it invaluable for arrhythmia
detection. To align with the other datasets, we downsample this
database to 128 Hz. Out of 47 records, we use 39 (80%) for
training and nine (20%) for testing, as summarized in Table I.

B. Design of the Sensing Matrix
Design of the sensing matrix 8 is the most important

task in CS/CL. Random sensing matrices (e.g., Gaussian
and Bernoulli) are widely used because they are, with high
probability, incoherent with any sparsifying basis and satisfy
the restricted isometry property (RIP), ensuring accurate
recovery or feature preservation. Although their universality

TABLE I
DATASET TRAINING AND TESTING SET DISTRIBUTION

makes them an attractive choice, random sensing matrices are
hardware-inefficient and computationally demanding [9], [37].
This has motivated researchers to either optimize the sensing
process or design application-specific structured matrices,
which are particularly advantageous in CL, where full signal
reconstruction is not always required. Here, we propose
a structured sparse binary block sensing matrix, as shown
in Algorithm 1 , which features deterministic block-wise
allocations of ones along the diagonal and zeros elsewhere
in the matrix. This innovate approach eliminates the need for
floating-point operations and significantly reducing memory
and processing demands. Fig. 1 illustrates representative sam-
ples of the proposed matrix at CR = 0.4–0.7. As observed, the
matrix structure maintains consistent sparsity while adapting
the block size to the compression level (e.g., block size = 2 for
CR = 0.5, and mixed sizes for CR = 0.6), ensuring uniform
computational complexity across CRs. Although the RIP is
central in CS for ensuring accurate signal reconstruction [2],
it is not a strict requirement in CL since no reconstruction
is performed [6], [38]. Instead, the key requirement is that
the compressed measurements retain class-discriminative
features. The deterministic block allocation in the proposed
matrix lowers inter-column coherence and preserves local
continuity of ECG morphology, thereby enabling stable
feature extraction in the compressed domain. These structural
properties provide a theoretical rationale for the consistent
classification performance observed across compression ratios.

C. End-to-End Framework Overview
The complete CL-based ECG classification pipeline is

shown in Fig 2. It consists of three main stages: 1) data
acquisition, preprocessing, and segmentation; 2) compression
via the proposed sensing matrix; and 3) classification using a
custom-designed CNN.

1) Data Acquisition and Segmentation: ECG recordings
from three clinical conditions, that is, ARR, CHF, and NSR,
are extracted from benchmark PhysioNet datasets (Table I).
Each signal is resampled to 128 Hz, denoised, normalized, and
then segmented into uniform lengths. For this study, various
uniform segment sizes (128, 256, 512, 1024, and 2048 sam-
ples) were tested, with the segment size of 128 yielding
the best performance in terms of classification accuracy and
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Algorithm 1 Generation of Binary Block Sensing Matrix
Require: Signal dimension N , Number of compressed mea-

surements M
Ensure: Binary Sensing Matrix 8 ∈ {0, 1}M×N

1: Initialize an empty sensing matrix: 8← 0M×N
2: Compute base block size: b← ⌊N/M⌋
3: Compute remaining columns: r ← N − (b × M)

4: Initialize starting column index: cstart ← 1
5: for i = 1 to M do ▷ Iterate over rows to construct the

matrix
6: if r > 0 then
7: Assign block size: bi ← b + 1 ▷ Distribute extra

columns
8: Update remaining columns: r ← r − 1
9: else

10: Assign block size: bi ← b
11: end if
12: Compute column end index: cend ← min(cstart+ bi −

1, N )

13: Assign ones in the sensing matrix: 8(i, cstart :

cend)← 1
14: Update column start index: cstart ← cend + 1
15: end for
16: return 8

Fig. 1. Proposed sensing matrix sample at CR = 0.4, 0.5, 0.6, and 0.7.

computational efficiency. Through this empirical evaluation,
a segment length of 128 samples was selected for optimal
performance.

2) Compression Stage: Each segment is independently
compressed using the proposed 8M×N matrix. Due to its
binary and structured layout, the compression operation
involves only addition and indexing operations and ideal for
hardware-efficient implementation on embedded IoT devices.

TABLE II
PROPOSED CNN ARCHITECTURE AT CR = 0.5

3) CNN-Based Classification Model: The compressed vector
y is directly fed into a 1-D CNN designed to learn features
in the compressed domain. The model consists of stacked
Conv1D layers with batch normalization and max pooling,
followed by fully connected layers for final classification
into ARR, CHF, or NSR. This architecture is lightweight yet
capable of extracting rich hierarchical features directly from
compressed inputs. Table II outlines the model architecture
used at CR = 0.5. The CNN was trained using categori-
cal cross-entropy as the loss function and optimized with
the Adam optimizer (learning rate = 0.0005). Training was
performed for up to 100 epochs with a batch size of 256,
applying early stopping with a patience of 15 epochs to
prevent overfitting and restore the best model weights. The
architecture included dropout layers (rate = 0.4) after each
fully connected layer, along with L2 weight regularization to
enhance generalization. The performance was evaluated using
fivefold classwise stratified cross-validation.

D. Benchmark Comparisons
To validate the generalization and robustness of the pro-

posed CL framework, we conducted extensive comparisons
using both alternative sensing matrices and a broad set of
traditional machine learning classifiers. First, we evaluated
three widely used sensing matrices random Gaussian matrix
(RGM), random Bernoulli matrix (RBM), and SFM and com-
pared their performance with the proposed block-sparse binary
matrix across all compression ratios. The results show that the
proposed matrix consistently achieves superior classification
accuracy, specificity, and F1-score. Second, we benchmarked
the proposed CNN against a comprehensive suite of classical
and ensemble learning methods, each trained on the same
original and compressed ECG measurements.

E. Performance Evaluation Metrics
We employ a range of performance metrics to provide a

view of the proposed sensing matrix and model performance.
Including accuracy, precision, recall, specificity, F1-score, and
computational efficiency. Each metric provides unique insights
into different aspects

Accuracy =
TP+ TN

TP+ TN+ FP+ FN
. (3)
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Fig. 2. Proposed CL pipeline with sparse sensing matrix and CNN classifier.

Accuracy is the proportion of correctly classified samples out
of the total samples. Accuracy gives us an overall measure of
how well the model performs across all classes

Precision =
TP

TP+ FP
. (4)

Precision or positive predictive value, represents the proportion
of true-positive predictions out of all positive predictions. High
precision indicates that the model is reliable in its positive
classifications, reducing false positives

Recall =
TP

TP+ FN
. (5)

Recall, also known as sensitivity, measures the model’s ability
to identify all true instances of a particular class. High recall
minimizes false negatives, which is specifically important in
medical applications where missed detections can have serious
implications

Specificity =
TN

TN+ FP
. (6)

Specificity, or true-negative rate, quantifies the model’s ability
to correctly identify negative cases. It is crucial in contexts
where false positives can lead to unnecessary follow-up actions
or treatments, thus providing a complementary perspective to
recall

F1− Score = 2×
Precision× Recall
Precision+ Recall

. (7)

F1-Score is the harmonic mean of precision and recall, pro-
viding a balanced metric that accounts for both false positives
and false negatives. It is especially valuable when dealing with
imbalanced datasets, as it gives a single metric reflecting both
the model’s precision and recall. In the above equations, TP is
true positives, TN is true negatives, FP is false positives, and
FN is false negatives, representing the classification outcomes.

V. RESULTS

To evaluate the performance of the proposed CL frame-
work, we systematically analyzed ECG classification across
compression ratios ranging from 0.1 to 0.9. At each CR, the
original ECG signals were compressed using the proposed

sparse binary sensing matrix and subsequently classified using
the proposed CNN model. The classification performance was
assessed using fivefold cross-validation, with the results sum-
marized in Table III and visualized in Fig. 3. As evident from
the results, classification performance improves progressively
with increasing CR up to 0.5. Specifically, accuracy increases
from 90.12% at CR = 0.1 to 96.56% at CR = 0.5, accom-
panied by a similar rise in F1-score, precision, and recall.
This performance gain is attributed to the increasing number
of compressed measurements and improved preservation of
signal information. Notably, at CR = 0.5, the sensing matrix
exhibits a perfectly structured block diagonal pattern with
a uniform block size of 2, which ensures optimal coverage
and minimal overlap between sensing elements. This structure
appears to be particularly conducive to both signal preservation
and learning efficiency in the CNN model. Interestingly,
a minor dip in performance is observed at CR = 0.6 (accuracy
= 96.14%), despite an increase in the number of compressed
measurements. This anomaly can be attributed to the structural
change in the sensing matrix at CR = 0.6, where the block
configuration deviates from a uniform design. As shown in
Fig. 1, the block size alternates between 2 and 1 to complete
the diagonal coverage, introducing irregularity in measurement
uniformity and potentially affecting signal representation qual-
ity. Nevertheless, performance recovers and stabilizes beyond
CR = 0.7, culminating in the highest recorded accuracy of
96.73% at CR = 0.9. Among all metrics, specificity demon-
strates a uniquely consistent upward trend across compression
levels from 93.80% at CR = 0.1 to 97.90% at CR = 0.5 and
97.99% at CR = 0.9. This improvement reflects the increasing
capacity of the model to correctly identify true-negative cases
(i.e., healthy or nonevent signals), which is particularly critical
in clinical applications where minimizing false positives is
essential to avoid unnecessary interventions or alarms. Addi-
tionally, the standard deviation values across all metrics show
a decreasing trend with higher CRs, highlighting enhanced
model stability and reduced variance in predictions. For exam-
ple, the standard deviation of accuracy drops significantly from
4.94 (×10−3) at CR = 0.2 to just 1.83 (×10−3) at CR = 0.9.
Similar reductions are observed in F1-score, precision, recall,
and specificity. This behavior further supports the robustness
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TABLE III
AVERAGE ECG CLASSIFICATION PERFORMANCE AT DIFFERENT

COMPRESSION RATIOS USING FIVEFOLD CROSS-VALIDATION

Fig. 3. Trends of accuracy, F1-score, precision, recall, and specificity
across compression ratios.

of the proposed approach under more densely measured and
structurally consistent compression. Both structural analysis of
the sensing matrices and statistical evaluation of classification
outcomes shows the effectiveness of the proposed framework.

A. Performance Comparison With Different Sensing
Matrices

To verify the effectiveness of the proposed sensing matrix,
we compare its performance against three commonly adopted
sensing strategies: RGM, RBM, and SFM, across a range of
compression ratios from 0.1 to 0.9. The evaluation considers
three key metrics: accuracy, F1 score, and specificity. The
results are tabulated in Table IV. Statistical significance
was also assessed using paired bootstrap resampling across
folds, with superscripts in Table IV indicating differences
relative to the proposed method that are significant at the
1% level. From the comparison, it clearly shows that the
proposed method consistently outperforms all baseline sensing
matrices across all compression ratios. For instance, at a low
compression ratio of 0.1, the proposed approach achieves an
accuracy of 90.12%, whereas RGM, RBM, and SFM yield
77.19%, 77.40%, and 68.864%, respectively. This margin of
improvement (over 13% than RGM and RBM) highlights
the superior signal retention properties of the proposed
sensing matrix even under CR = 0.1. As the compression
ratio increases, the performance of the baseline methods also
improves gradually, but they still lag significantly behind the

proposed method. At CR = 0.5, the proposed matrix yields
an accuracy of 96.56%, compared to 85.75% (RGM), 85.89%
(RBM), and 88.23% (SFM). The gap persists across all higher
CRs, with the proposed method maintaining accuracy levels
above 96%. The superiority of the proposed approach is not
only evident in accuracy but also in F1-score and specificity.
High F1-scores of proposed method (e.g., 96.726% at CR =
0.9) indicate balanced sensitivity and precision, confirming
the model reliability in both detecting and correctly
classifying abnormal heartbeats. Moreover, specificity
values remain consistently high, reaching 97.994% at
CR = 0.9 outperforming the best baseline (SFM at 94.186%)
by a significant margin. Since the proposed binary block
sampling matrix does not heavily randomize the data samples,
the key features of the ECG signals are well preserved after
compression. As a result, significantly higher classification
accuracy is achieved. This highlights a key advantage of the
proposed framework: it prioritizes feature encoding alongside
compression, rather than focusing on signal reconstruction.

B. Performance Comparison With State-of-the-Art ML
Classifiers

To provide a comprehensive evaluation of the proposed CL
framework, we benchmarked its performance against a wide
range of classical and ensemble machine-learning classifiers.
All models were evaluated using fivefold cross-validation
on the original ECG segments (128 samples) as well as
on the compressed measurements produced by four different
sensing matrices: the RGM, RBM, SFM, and the proposed
block-diagonal sparse binary sensing matrix. For each matrix,
ECG signals were compressed at three representative com-
pression ratios, CR = 0.1, 0.5, and 0.9, enabling a balanced
assessment across low, medium, and high compression lev-
els. Importantly, the same compressed measurements were
used for all classifiers without any additional preprocessing
or reconstruction, ensuring fair comparisons across methods
and compression conditions. Table V presents the fivefold
cross-validation accuracy results, while Table VI lists the
hyperparameters of the baseline models. These results show
clear differences in how various classifiers respond to different
sensing matrices. For uncompressed ECG signals and those
compressed using random matrices (RGM and RBM), the
fine KNN and weighted KNN models deliver the highest
accuracy. These random matrices tend to preserve pairwise
distances between samples, thereby maintaining the local
neighborhood structure that KNN classifiers rely on. However,
these matrices also incur higher memory usage and com-
putational overhead, making them less suitable for real-time
or resource-constrained embedded applications. Consequently,
the primary aim of this research is to develop a lightweight
sensing matrix tailored for real-time deployment. When the
ECG signals were compressed using structured matrices (SFM
or the proposed block-sparse binary matrix), the performance
characteristics changed significantly. Classical models such
as discriminant analysis, decision trees, SVM variants, and
neural networks are less accurate as compression increases,
reflecting their limited ability to extract discriminative features
from structured compressed domains. In contrast, the proposed
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TABLE IV
CLASSIFICATION PERFORMANCE OF DIFFERENT SENSING MATRICES ACROSS VARIOUS COMPRESSION RATIOS USING FIVEFOLD

CROSS-VALIDATION. REPORTED VALUES ARE THE AVERAGES ACROSS FOLDS. SUPERSCRIPTS (***) DENOTES STATISTICALLY

SIGNIFICANT DIFFERENCES COMPARED TO THE PROPOSED METHOD AT THE 99% CONFIDENCE LEVEL, BASED

ON PAIRED BOOTSTRAP RESAMPLING ACROSS FOLDS

CNN demonstrates strong and consistent performance when
trained directly on compressed measurements. For example,
the proposed sensing matrix with CNN achieves accuracies of
90.12% at CR = 0.1, 96.56% at CR = 0.5, and 96.72% at
CR = 0.9, outperforming all classical and ensemble learning
models under the same conditions.

C. Comparison With State-of-the-Art Studies
To comprehensively validate the effectiveness of our pro-

posed method, we compare it against a wide range of state-
of-the-art methods reported in the literature. The comparative
analysis considers multiple aspects, including the use and
type of CS, reconstruction strategy, classifier architecture,
compression ratio, and key evaluation metrics such as accu-
racy, specificity, and F1-score. The results are summarized
in Table VII. Among the compared studies, several do not
implement CS (e.g., [39], [40], and [41]), instead relying on
traditional transforms such as discrete cosine transform (DCT),
continuous wavelet transform (CWT), or segment-level classi-
fication using raw ECG data. While these methods report high
accuracy (up to 98.7% in [40]), their lack of data compression
restricts their applicability in real-time or resource-constrained
environments such as wearable devices or edge computing sys-
tems. Other studies that incorporate CS use a variety of sensing
matrices. For instance, [42] employs deep CS, which although
effective, introduces higher computational complexity due to
the learnable matrix requiring gradient updates during train-
ing. Similarly, [43] uses a learnable sensing matrix within
CSML-Net, achieving accuracies up to 98.13% but at the cost
of architectural complexity and hardware implementation chal-
lenges. The study in [44] uses an optimized Walsh–Hadamard
matrix and explores multiple combinations of raw, com-
pressed, and reconstructed ECG signals with CNNs. Their
best reported accuracy (95.0%) using raw ECG is slightly
lower than ours, despite more complex processing and the use
of SPGL1 for reconstruction. Notably, signal reconstruction
used in many of these studies adds latency and computational
overhead, making them less suitable for real-time systems.
Several works, including [31] and [45], employ random or

semi-structured sensing matrices such as RGM, random sparse
matrix, or sparse binary matrix (SBM). These unstructured or
weakly structured matrices lack the deterministic measurement
allocation present in our proposed binary block sparse matrix,
resulting in either reduced accuracy (e.g., 94.46% in [31]) or
inconsistency across CRs. Our method utilizes a deterministic
sparse binary block diagonal sensing matrix, which offers
a favorable tradeoff between complexity and performance.
It avoids the need for reconstruction and achieves strong
classification results directly from compressed measurements,
reducing processing latency and computational cost. At com-
pression ratios of 0.5, 0.6, and 0.7, our framework achieves
accuracies of 96.56%, 96.14%, and 96.42%, respectively, plac-
ing it among the top performers in the reconstruction free field.
Additionally, specificity values of up to 97.9% and F1-scores
exceeding 96% demonstrate the model’s excellent reliability
and robustness, especially in minimizing false positives a
critical consideration in clinical ECG analysis. Compared to
works such as [42] and [43], our approach reduces training
overhead by employing a fixed structured sensing matrix while
maintaining competitive or superior accuracy. When compared
to reconstruction-based studies like [46] or [47], our method
circumvents the computational expense of inverse recovery
algorithms (e.g., GPSR and BSBL), thereby enhancing scala-
bility and deployment feasibility in edge computing scenarios.
Therefore, our proposed framework demonstrates that the inte-
gration of a fixed, structured sparse binary sensing matrix with
a dedicated CNN classifier enables highly accurate ECG clas-
sification without reconstruction. It combines the interpretabil-
ity and hardware-efficiency of deterministic sensing with the
learning capacity of deep models making it a highly suitable
solution for real-time, low-power cardiac monitoring systems.

VI. DISCUSSION

The findings of this study stress the effectiveness of the
proposed CL framework, which used structured sparse binary
sensing matrix in conjunction with a deep CNN classifier for
efficient ECG classification. Across a broad range of compres-
sion ratios (CR = 0.1–0.9), the proposed system consistently
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TABLE V
FIVEFOLD CROSS VALIDATION ACCURACY (%) FOR ORIGINAL SIGNAL AND COMPRESSED (CR = 0.1, 0.5, 0.9) ECG CLASSIFICATION

TABLE VI
SUMMARY OF BASELINE MODELS AND KEY HYPERPARAMETERS/SETTINGS
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TABLE VII
COMPARISON WITH STATE-OF-THE-ART STUDIES

achieved high classification performance. Notably, an optimal
tradeoff between accuracy and compression was observed at
CR = 0.5, where the model achieved an accuracy of 96.56%,
a specificity of 97.9%, and an F1-score of 96.5%. These
metrics indicate a well-balanced classifier, capable of both
high sensitivity and precision. Even at higher compression
levels (CR = 0.1), the performance remained robust, with an
accuracy of 90.116% and specificity of 93.90%.

A key design advantage is the deterministic block diagonal
structure of the proposed sensing matrix, which preserves
locality and reduces signal distortion during compression.
The strong performance at CR = 0.5 can be attributed to
the uniform block allocation, which reduces inter-column
correlation and preserves signal morphology. Although RIP
conditions are not strictly necessary for compressed-domain
inference, the structured sparsity of the proposed matrix
supports stable embeddings of ECG features, ensuring
that essential discriminative information is preserved for
classification. This structure facilitates more effective feature
extraction than unstructured alternatives such as random
Gaussian or Bernoulli matrices. This synergy is reflected
in the comparative results: the proposed sensing matrix
outperforms random Gaussian, random Bernoulli, and
structured Fourier matrices by margins up to 13% in accuracy
at low CRs and maintains a 7%–10% advantage at higher CRs.
From a classifier perspective, the proposed CNN demonstrated
superior validation accuracy compared to state-of-the-art ML
classifiers. The CNN outperformed the next-best performing
model, the subspace KNN ensemble, by approximately 3%
across most CRs. For example, at CR = 0.5, our CNN
achieved 96.56% accuracy versus 93.57% for the subspace
KNN ensemble. Classical ML models underperformed in part
due to their reliance on handcrafted or shallow features, which
are insufficient to capture the morphological complexity of
compressed ECG signals. During training, the CNN effectively

explores the compressed feature space by learning invariant
morphological patterns preserved by the deterministic
block-sparse sensing matrix. Because the matrix maintains
local temporal structure across all CRs, the training data
exhibit stable feature distributions that facilitate robust feature
learning. During testing, the model exploits these learned
representations by utilizing the consistent compressed-domain
patterns to generalize across unseen ECG segments,
arrhythmia types, and compression ratios. This explains
the model’s high generalization performance and its stable
accuracy at moderate-to-high CRs. Evaluation using confusion
matrices further validates the discriminative power of the
proposed framework. As shown in Fig. 4, at CR = 0.5 the
true-positive classification rates for ARR, CHF, and NSR were
96.7%, 95.9%, and 97.2%, respectively. Misclassifications
were minimal and uniformly distributed across classes,
indicating the model generalization across diverse cardiac
conditions. Moreover, ROC curve analysis (Fig. 5) shows
that the area under the curve (AUC) for all three classes
ARR, CHF, and NSR was 0.99 at both CR = 0.5 and CR =
0.6. This confirms near perfect separability of the model and
validates the robustness of its predictions even under increased
compression. Such high AUC values imply that the classifier
maintains high sensitivity without sacrificing specificity. While
replacing CS with a conventional undersampling scheme
would require retraining a separate model and would not
constitute a methodologically equivalent comparison. Since
the proposed framework is explicitly designed to operate on
information-preserving CS measurements, direct substitution
with undersampling falls outside the intended scope and
design assumptions of the model. Comparative analysis with
state-of-the-art studies revealed that while some approaches
achieve marginally higher accuracy (e.g., 98.16% in [42]),
they either require full signal reconstruction, learnable sensing
matrices, or involve deep encoder–decoder architectures with
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higher inference cost. For instance, GPSR-based frameworks
such as in [46] achieve 98.4% accuracy but depend on expen-
sive iterative reconstruction. In contrast, our method avoids
reconstruction entirely and still reaches 96.56%–96.73%
accuracy with 97.8%–97.9% specificity and over 96%
F1-score, all while preserving computational simplicity
and hardware-friendliness. From a clinical perspective, this
framework offers a pathway toward practical wearable cardiac
monitoring systems that balance diagnostic accuracy with
the computational and energy constraints of ambulatory
devices. Future clinical validation studies will be essential
to demonstrate real-world efficacy and integration into
existing care pathways. In summary, the proposed framework
effectively balances classification accuracy, computational
efficiency, and implementation simplicity. The combination
of a deterministic, low-complexity sensing matrix, and a
lightweight, high-performing CNN enables real-time ECG
analysis from compressed measurements.

A. Implementation on Embedded System
We implemented only the ECG compression or CS

encoder stage, based on the proposed sensing matrix on
the STM32 NUCLEO-F401RE microcontroller operating at a
clock frequency of 84 MHz. While the subsequent machine
learning-based classification is performed off-device. This
embedded implementation therefore focuses on validating the
feasibility, efficiency, and real-time performance of the com-
pression stage, which constitutes the most computationally
constrained component in wearable ECG systems. The aim
was to evaluate whether the proposed sensing matrix could
meet the timing, memory, power, and energy constraints
imposed by edge devices and wearable health monitors. For
this validation, prerecorded ECG segments obtained from
public PhysioNet datasets were used and streamed to the
microcontroller to emulate real-time signal acquisition. No live
patient data acquisition was performed in this study. The
structured design of the sensing matrix offers several advan-
tages for embedded implementation. Its binary and sparse
nature eliminates the need for multiplication or floating-point
operations, relying solely on simple additions and memory
indexing. This architectural simplicity translates directly to
reduced computational complexity and consistent execution
time, irrespective of the compression ratio. In our setup,
ECG signals were sampled at 128 Hz, which provides a
7.8125 ms interval between samples. This defines the upper
bound for processing time available to the microcontroller for
each compression task. Fig. 6(a) illustrates the system block
diagram of the microcontroller implementation and Fig. 6(b)
shows the CS encoder execution timing diagram.

We programmed the microcontroller using the Keil Studio
Cloud platform and evaluated energy consumption using
STM32CubeMX’s power estimation tools. Execution time was
measured using the on-chip data watchpoint and trace (DWT)
cycle counter and Mbed timer, while runtime statistics were
transmitted to a host PC through UART and monitored using a
serial terminal as shown in Fig. 6(a). During the compression
operation, the execution time was consistently measured
at 9 µs across all compression ratios, corresponding to

Fig. 4. Confusion matrix at CR = 0.4–0.7.

Fig. 5. ROC curves of CNN classifier at CR = 0.5 and CR = 0.6,
showing classwise AUC values.

approximately 700 clock cycles. This represents only 0.115%
of the available sampling interval, leaving over 99.8% of
the cycle idle. Additionally, each compression consumed
approximately 0.641 µJ of energy, with an average current
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Fig. 6. (a) Hardware implementation block diagram. (b) Timing diagram
for real-time CS encoder execution on microcontroller.

draw of 21.6 mA and a power consumption of 71.29 mW.
The compression operation required 35 KB of flash memory
(out of 512 KB) and 10 KB of RAM (out of 96 KB),
making it highly suitable for deployment on lightweight,
resource-constrained embedded platforms. The processing
time and energy usage remained constant across all tested
compression ratios. This is a direct consequence of the matrix
fixed sparsity: each matrix regardless of CR contains exactly
128 nonzero elements. As a result, the computational load is
invariant, allowing predictable and optimized scheduling in
real-time systems. The microcontroller-based implementation
demonstrates that the proposed sensing matrix not only
offers theoretical compression advantages but also translates
effectively into practical, real-world embedded applications.
In examining the computational complexity of the CS
encoder, each element of a random sensing matrix is stored
using a fixed-point or floating-point representation requiring
b bits per element (e.g., b = 32 or 64 bits). Accordingly,
the total memory required to store a dense sensing matrix
scales as M × N × b bits, where M and N denote the
matrix dimensions. The Gaussian matrix presents the highest
computational complexity, as the corresponding CS encoder
must execute both M × N multiplication and M × (N − 1)

addition operations. The Bernoulli matrix simplifies
implementation by eliminating multiplication operations,
while still requiring storage of M × N binary-valued elements
and the same number of addition operations. In contrast, the
proposed deterministic sparse binary sensing matrix does not
require explicit storage of matrix coefficients, as its structure
is implicitly defined. As a result, it significantly reduces
memory requirements and requires only N − M addition
operations during the CS compression stage, making it highly
suitable for resource-constrained embedded platforms.

B. Limitations and Future Work
Despite the strong performance and practical advantages of

the proposed CL framework, few limitations warrant further
investigation. First, although the sparse binary sensing matrix
greatly simplifies hardware implementation and preserves
high classification accuracy, its deterministic nature limits
adaptability to varying ECG signal dynamics, patient-specific
variability, and inter-device differences. Future work could
explore the integration of adaptive or semi-learnable structured
sensing matrices to address this limitation. Second, this study
was conducted using three benchmark PhysioNet datasets

(ARR, CHF, and NSR) that were recorded under controlled
clinical conditions and contain relatively clean ECG signals.
In contrast, wearable and ambulatory ECG systems are often
subject to substantial motion artifacts, electrode impedance
variability, baseline drift, and environmental noise. While
the block-sparse deterministic design of our sensing matrix
may inherently improve robustness by preserving local ECG
morphology, explicit evaluation on noisy wearable datasets
remains an essential step. Future work will investigate
noise-aware data augmentation, adaptive filtering, and robust
training strategies to enhance generalization to real-world
settings. Future work will also include validation on additional
external ECG datasets with different annotation schemes,
such as publicly available Mendeley repositories [48],
to further assess cross-dataset generalization. Third, the
proposed classification framework operates under a closed-set
assumption and is trained to distinguish only three ECG
classes (ARR, CHF, and NSR). Consequently, ECG signals
corresponding to unseen cardiac conditions or out-of-
distribution patterns are forced into one of the predefined
classes. The current study does not incorporate an explicit out-
of-distribution detection or rejection mechanism; addressing
this limitation using open-set classification, confidence-based
abstention, or anomaly detection techniques will be explored in
future work. Fourth, although the current model is lightweight
and optimized for embedded platforms, quantization-
aware training and low-power hardware acceleration (e.g.,
FPGA or RISC-V-based deployment) have not yet been
explored. These directions can significantly improve energy
efficiency, enabling continuous cardiac monitoring on
ultralow-power devices. Finally, while this work focused on
three-class classification, many ECG applications require
beat classification across multiple arrhythmic subtypes.
Future work could extend this architecture to multilabel
or hierarchical classification problems and validate on
broader patient populations across demographics. In addition,
scalability to longer ECG recordings and higher sampling rates
should be evaluated, since these may impose higher memory
and throughput demands. Furthermore, the framework will be
explored on resource-constrained hardware platforms beyond
microcontrollers, such as field programmable gate arrays
(FPGAs) and reduced instruction set computer (RISC)-based
system on chips (SoCs), to ensure generalization across
diverse deployment scenarios.

VII. CONCLUSION

In this work, we proposed a CL framework for real-time
ECG classification, combining a structured sparse binary sens-
ing matrix with a lightweight CNN classifier. This architecture
enables direct classification from compressed measurements,
eliminating the need for computationally expensive recon-
struction and achieving a balance between accuracy and effi-
ciency. Extensive experiments demonstrated that the proposed
method achieves robust classification performance across a
wide range of compression ratios, with 96.56% accuracy,
97.9% specificity, and 96.5% F1-score at CR = 0.5. The
confusion matrix analysis confirmed consistent classification
across all classes (ARR, CHF, and NSR), while ROC curves
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at CR = 0.5 and CR = 0.6 achieved near-perfect AUCs of
0.99 for each class highlighting the model reliability and diag-
nostic utility. Compared to conventional ML models and state-
of-the-art studies, our method demonstrated superior accuracy
without the need for signal reconstruction or complex learn-
able sensing matrices. The fixed binary sensing matrix offers
significant hardware advantages, positioning the framework as
a viable solution for low-power wearable ECG monitoring
systems.
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