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Abstract: Continuous cardiac monitoring on wearable and embedded devices demands heartbeat classifiers that are simultaneously
accurate and lightweight. We present WSRNet, a wavelet-scalogram squeeze-and-excitation residual network that classifies single-
lead electrocardiogram (ECG) beats from a two-dimensional time—frequency image. Each beat is transformed by the continuous
wavelet transform, using a Morlet mother wavelet, into a scalogram that makes cardiac morphology and spectral content jointly
explicit; a compact two-dimensional residual convolutional network with squeeze-and-excitation channel attention then performs
the classification. Evaluated under the intra-patient protocol on the MIT-BIH Arrhythmia Database over the four principal AAMI
classes {N, S, V, F}, WSRNet attains 99.13 % overall accuracy and a macro-F1 of 0.932, detecting the rare supraventricular and
fusion classes at F1 scores of 0.926 and 0.829 respectively despite a fifty-to-one class imbalance. An ablation study shows the
model is robust to component choices, every variant exceeds 98 %, and that, in this intra-patient regime, a plain cross-entropy loss
suffices (class re-weighting, essential inter-patient, is here counterproductive) and a size-matched raw-1-D network is competitive,
so the scalogram is an effective though not exclusive route to high accuracy. The model uses only 716 K parameters (about 700
KB after 8-bit quantisation) and classifies a beat in a few milliseconds on a single CPU thread, comfortably within real-time
budgets. It thus occupies the same lightweight regime as recent edge-oriented systems while matching the accuracy of far larger
transformer- and wavelet-based models, making it a practical candidate for on-device arrhythmia screening.

Keywords: electrocardiography, arrhythmia classification, continuous wavelet transform, scalogram, time—frequency analysis,
convolutional neural network, squeeze-and-excitation, MIT-BIH.

1. Introduction

The electrocardiogram (ECQ) is the most widely used non-invasive tool for assessing cardiac rhythm, and the
automatic classification of individual heartbeats underpins both long-term Holter analysis and the emerging generation
of wearable cardiac monitors. Cardiac arrhythmias, irregularities in the timing or morphology of heartbeats, are a
leading contributor to cardiovascular morbidity, and their reliable detection from continuous ECG is of substantial
clinical value [1], [2]. The Association for the Advancement of Medical Instrumentation (AAMI) groups the fine-
grained beat annotations of a recording into five clinically meaningful super-classes, normal (N), supraventricular
ectopic (SVEB, S), ventricular ectopic (VEB, V), fusion (F), and unknown (Q), providing a standard target for
automatic classifiers [3].

A recurring difficulty in beat classification is that discriminative information is distributed across two domains
simultaneously. In the time domain, the width and shape of the QRS complex, the presence or absence of a P wave,
and the position of the beat within the cardiac cycle all carry diagnostic weight; in the frequency domain, ventricular
beats concentrate energy at lower frequencies and over a longer duration than the sharp, high-frequency depolarisation
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of a normal beat. A purely time-domain representation forces a one-dimensional convolutional network to recover this
frequency structure implicitly, while a purely spectral representation discards the temporal localisation that
distinguishes, for example, a premature beat from a normal one. Time—frequency representations resolve this tension
by mapping each beat to a two-dimensional image in which one axis is time and the other is frequency (or, equivalently,
wavelet scale), so that morphology and spectral content are jointly and explicitly available to the classifier [4].

Among time—frequency transforms, the continuous wavelet transform (CWT) is particularly well matched to
the ECG. Unlike the short-time Fourier transform, whose fixed analysis window imposes a single, uniform time—
frequency resolution, the CWT uses a family of scaled wavelets that provide fine temporal resolution at high
frequencies, ideal for localizing the sharp QRS complex, and fine frequency resolution at low frequencies, ideal for
characterizing the broad T wave and ventricular morphology [5]. The magnitude of the CWT, the scalogram, is a
smooth, noise-robust two-dimensional image whose visual structure differs markedly between beat classes.

In this paper we adopt the time—frequency view and pair it with a modern two-dimensional convolutional neural
network (CNN). Each heartbeat is transformed into a Morlet-wavelet scalogram and classified by a compact Wavelet-
Scalogram Residual Network (WSRNet) that combines residual connections with squeeze-and-excitation channel
attention. We evaluate under the intra-patient protocol on the MIT-BIH Arrhythmia Database, the standard setting for
high-accuracy beat-classification studies, and report per-class as well as overall performance.

As shown in Fig. 1, the proposed WSRNet pipeline transforms a preprocessed single-lead ECG beat into a
Morlet continuous wavelet transform (CWT) scalogram, which is processed through squeeze-and-excitation residual
convolutional blocks followed by global average pooling and a fully connected classifier to predict the four AAMI
heartbeat classes (N, S, V, and F).
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Figure 1. WSRNet architecture for time—frequency ECG arrhythmia classification

The contributions of this work are threefold. First, we present a clean, reproducible CWT-scalogram encoding
of single heartbeats and quantify the discriminative structure it exposes. Second, we introduce WSRNet, a parameter-
frugal 2-D residual attention network tailored to the scalogram, and show that it classifies the four principal AAMI
beat classes with over 99 % accuracy. Third, we provide a controlled ablation, over representation, attention,
augmentation, and model capacity, that isolates the contribution of each design choice, and we situate the result against
classical and recent deep-learning baselines.

2. Related Work

Automatic heartbeat classification has evolved from hand-crafted features with shallow classifiers to end-to-
end deep learning. Early systems combined morphological descriptors and RR-interval features with linear
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discriminants or support-vector machines [6], [7], establishing the AAMI evaluation methodology that remains
standard. The deep-learning era began with one-dimensional CNNs operating directly on the raw beat: Kiranyaz et al.
introduced a real-time, patient-specific 1-D CNN that fused feature extraction and classification into a single trainable
body [8], and Acharya ef al. demonstrated a nine-layer CNN classifying all five AAMI categories [9]. Recurrent and
sequence models followed, including sequence-to-sequence architectures [10] and clinical-scale networks that reached
cardiologist-level rhythm detection on large private datasets [11].

A complementary line of work re-represents the ECG before classification. Yildirim proposed a wavelet-
sequence layer feeding a bidirectional LSTM, reporting 99.39 % accuracy and showing that an explicit wavelet
decomposition markedly improves recognition [12]. Two-dimensional encodings have proven especially effective:
continuous-wavelet scalograms combined with 2-D CNNs [13], and Gramian angular field or Markov transition field
images [14], routinely achieve very high intra-patient accuracy because the transform surfaces class-discriminative
structure that a CNN can exploit directly. Transformer and hybrid architectures represent the current frontier: a 2024
multi-branch CNN-Transformer reports ~99 % accuracy [15], and a 2025 progressive-moving-average-transform 2-
D CNN reports 99.09 % [16]. In parallel, efficiency-oriented designs, knowledge distillation [17], residual dilated
transformers [18], and tiny matched-filter CNNs [19], target microcontroller deployment, and a 2025 systematic
review documents that rigorous, standard-adherent evaluation nonetheless remains uneven across the field [20].

Two observations motivate our design. First, explicit time—frequency representations are a well-established
route to high intra-patient accuracy, offering a noise-robust, morphology-plus-spectrum view that compact networks
can exploit, though, as our ablation confirms, well-trained 1-D models remain competitive, so the transform is a
convenient rather than indispensable choice. Second, channel-attention mechanisms such as squeeze-and-excitation
[21] are a natural fit for scalograms, whose channels after the first convolution correspond to distinct time—frequency
motifs. WSRNet combines these ingredients in a deliberately compact network aimed at edge deployment.

3. Materials and Methods

3.1 Dataset and protocol

We use the MIT-BIH Arrhythmia Database [1], comprising 48 half-hour two-lead ambulatory recordings
sampled at 360 Hz. Following the AAMI recommendation [3], the four recordings dominated by paced beats are
excluded and each annotated beat is mapped to one of the five AAMI super-classes. Because the paced records are
removed, the unknown (Q) class becomes degenerate (fewer than twenty beats), so we evaluate the four principal
classes {N, S, V, F}, yielding 100,630 beats (N =90,042; S =2,779; V = 7,007; F = 802).

We adopt the intra-patient protocol, the standard setting for high-accuracy beat-classification studies [9], [13],
[16]: all beats are pooled and partitioned by a class-stratified random split into 70 % training, 10 % validation, and 20
% test. This measures a model’s ability to recognise beat types it has seen morphological examples of, and it is the
protocol under which the high accuracies reported in the literature are obtained.

3.2 Beat segmentation and preprocessing

Each record’s primary lead (modified limb lead II where available) is band-pass filtered with a third-order zero-
phase Butterworth filter (0.5-40 Hz) to remove baseline wander and high-frequency noise, and standardised to zero
mean and unit variance. Around every R-peak annotation a fixed window of 360 samples (one second, centred on the
R-peak) is extracted as the single beat , with .

3.3 Continuous wavelet transform and scalogram

The core of the representation is the continuous wavelet transform. Given a mother wavelet ¥, the CWT of
a beat x at scale a > 0 and translation b is the inner product of x with a scaled, shifted copy of y:

t—>b

Wi(a,b) = % | Zx Oy ()t

where ¥* is the complex conjugate and the factor a=/2

Morlet wavelet,

preserves energy across scales. We use the complex

Y(t) = - 1/4 g iwot e—tz/z,
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a Gaussian-modulated complex exponential whose central frequency w, trades time against frequency
localisation; it is the standard choice for ECG because its smooth, symmetric envelope matches the quasi-oscillatory
morphology of cardiac waves [5], [13]. The scale a is inversely related to frequency, f = f./(a At), with f, the
wavelet centre frequency and At the sampling period, so small scales capture the high-frequency QRS and large scales
the low-frequency P and T waves.

The scalogram is the squared-magnitude (here, magnitude) of the CWT, an image of time—frequency energy
density:

Sx(a,b) = |W(a,b)|.

In practice the beat is resampled to L = 128 points and the CWT is evaluated on a discrete bank of K = 32
scales a € {1, ...,32}, producing a K X L = 32 X 128 scalogram. Each scalogram is standardised to zero mean and
unit variance,

S—Us

S= ,
os +€

so that inter-beat amplitude differences do not dominate, and stored as the network input X € R1*32x128

Figure 2 shows the mean scalogram of each class and Figure 3 the beat-to-scalogram mapping; the four classes occupy
visibly distinct regions of the time—frequency plane, which is precisely the property a 2-D CNN exploits.

Mean Morlet-CWT scalograms by AAMI class (time-frequency energy)
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Figure 2. Mean Morlet-CWT scalograms per AAMI class. Ventricular (V) beats spread energy across scales
and time; normal (N) beats concentrate a sharp high-frequency ridge; supraventricular (S) and fusion (F) beats show
intermediate, distinctive patterns.
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Figure 3. From the 1-D beat (top) to its 2-D Morlet scalogram (bottom) for one beat of each class. The
transform makes morphology and spectral content jointly explicit to the classifier.

3.4 WSRNet architecture

The classifier is a compact two-dimensional residual CNN [22] with squeeze-and-excitation attention. A
convolutional stem maps the single-channel scalogram to C, feature maps, followed by three residual stages of
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increasing width (Cy, C,, C3) = (32,64,128) (scaled by a width multiplier), each halving the spatial resolution. A
residual stage computes

h = ReLU(SE(F (x)) + P(x)),

where F is two 3 X 3 convolutions each followed by batch normalisation [23] and ReLU, P is a1l X 1
projection matching channel counts, and SE is the squeeze-and-excitation operator [21]. Given a feature tensor u €

RE*HXW QE first squeezes each channel to a scalar by global average pooling, z, = ﬁ Yhw Uenw» then excites via a
two-layer gate and rescales:

s = a(W, ReLU(W, 2)), G, = S; U,

with o the logistic sigmoid; this lets the network amplify the time—frequency channels most informative for
the current beat. After the final stage, global average pooling produces a C3-dimensional embedding that a two-layer
classifier head with dropout [24] maps to the four class logits €. Class posteriors follow from the softmax,

efe

B Zc’ el

Dc

3.5 Training

The network is trained by minimising the class-weighted cross-entropy

B
1
L= _Ez wy, logp; y,, we X (z NC'/Nc)l/ZJ
i=1 c’

where N, is the number of training beats of class ¢ and the square-root inverse-frequency weights w,
(normalised to average one) counter the fifty-to-one imbalance without over-emphasising the rarest class.
Optimisation uses Adam [25] (learning rate 10~3, weight decay 10~%) with cosine-annealed learning rate over up to
40 epochs and early stopping on a balanced validation score (the mean of accuracy and macro-F1). To improve
invariance we apply on-the-fly SpecAugment-style regularisation [26]: additive Gaussian noise and random masking
of a contiguous band of time columns and of wavelet scales, which prevents the network from over-relying on any
single time—frequency location.

3.6 Evaluation metrics

Let TP, FP,, FN., TN, denote the per-class confusion counts. We report overall accuracy and, for each class,
sensitivity (recall), positive predictivity (precision), and their harmonic mean:

TP, TP, _ 2Se PPV,

Se,=——CS—, PPV,=— ", Fl =—>C° _C
® = TP, + FN, ¢~ TP, + FP, ¢~ Se, + PPV,

together with the macro-average F1acr0 = izc F 1., which, unlike accuracy, weights the rare and common

classes equally and is therefore the more demanding summary on this imbalanced benchmark.
4. Results

4.1 Overall classification performance

Table 1 reports the intra-patient performance of WSRNet on the held-out test set. The model classifies the four
AAMI beat classes with an overall accuracy of 99.13 % and a macro-F1 of 0.932, using only 716,678 trainable
parameters. Performance on the two common classes is near-ceiling, the normal class reaches an F1 of 99.6 and the
ventricular class 97.8, while the two rare classes, which together account for under 4 % of beats, are also recovered
well (supraventricular F1 92.6, fusion F1 82.9). The row-normalised confusion matrix (Figure 4) shows that the
residual errors are dominated by occasional confusions between the morphologically adjacent classes rather than gross
misclassification, and Figure 5 confirms stable convergence with no over-fitting.
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Table 1. Intra-patient test performance of WSRNet on the four AAMI classes (%)

Class Support Sensitivity Positive predictivity Fl-score
N (normal) 18,009 99.5 99.7 99.6

S (supraventricular) 556 92.6 92.6 92.6
V (ventricular) 1,402 98.2 97.3 97.8

F (fusion) 161 85.7 80.2 82.9
Overall accuracy — 99.13 — —
Macro-average — — — 0.932

Confusion matrix — WSRNet (intra-patient)
accuracy 99.13%
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Figure 4. Row-normalised confusion matrix on the intra-patient test set. Diagonal dominance across all four
classes reflects the discriminability of the time—frequency representation.

WSRNet training dynamics (intra-patient)

0.6 r1.o
0.5 1
ro.e
o
0.4 4 s
" 7}
8 —8— train loss F0.8 E
= 0.3 —#— val accuracy g
© —#— val macro-F1 =
+— o
r0.7 E
0.2
0.1 ro.e

0 5 10 15 20 25 30 35 40
epoch

Figure 5. Training dynamics: the training loss decreases smoothly while validation accuracy and macro-F1
rise and plateau, with early stopping selecting the balanced optimum.

4.2 Ablation study

Table 2 examines how each design choice affects performance, at a reference width (the 86 K-parameter variant,
Section 4.3) to keep the many runs tractable. The picture is one of robustness rather than fragility: every configuration
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exceeds 98 % accuracy, so the high intra-patient performance does not hinge on any single component. Two findings
are worth stating plainly, including where they run against our initial expectations. First, the class-balanced loss is
unnecessary, indeed mildly counterproductive, in this setting: replacing it with plain cross-entropy improves both
accuracy (98.15 — 98.96 %) and macro-F1 (0.878 — 0.922). This is the mirror image of the inter-patient regime,
where class re-weighting is essential because the rare classes are under-represented relative to unseen test patients;
under the intra-patient protocol the rare-class morphology is already present in training, so aggressive re-weighting
only destabilises the compact model. Second, a size-matched raw-1-D CNN is competitive with the scalogram (98.66
% vs 98.15 % here), confirming that the two-dimensional time—frequency encoding is an effective but not exclusive
route to high intra-patient accuracy, consistent with the strong results reported for both 1-D and 2-D approaches in the
literature [8], [9], [13]. Squeeze-and-excitation attention and augmentation have small effects at this scale. We
therefore present the compact scalogram model as an accurate, robust, and architecturally simple option; the deployed
model (Table 1) uses the full configuration, but the ablation shows that simpler variants perform comparably, which
is itself a desirable property for reproducible edge deployment.

Table 2. Component analysis of WSRNet (intra-patient test, 86 K-parameter reference model). Each row
changes one component of the full configuration

Configuration Accuracy (%) Macro-F1
Full WSRNet (reference) 98.15 0.878
— squeeze-and-excitation attention 98.43 0.901
— SpecAugment regularisation 98.47 0.889
— class-balanced loss (plain CE) 98.96 0.922
raw 1-D beat instead of scalogram 98.66 0.910

4.3 Edge-deployment cost

Because the target is on-device inference, Table 3 reports the model’s deployment footprint. WSRNet has
716,678 parameters, occupying 2799 KB in 32-bit floating point and 700 KB after 8-bit quantisation, small enough
for the flash of a mid-range microcontroller and negligible on a wearable system-on-chip. A single beat requires 1192
MFLOPs; unoptimised PyTorch inference on one desktop CPU thread takes 112 ms per beat, far below the ~800 ms
cardiac cycle, so the classifier keeps pace with acquisition in real time with two orders of magnitude of headroom.
The complete pipeline, band-pass filter, CWT scalogram, and network, uses only standard signal-processing and
convolutional primitives available in embedded inference runtimes, so nothing obstructs deployment on the
Raspberry-Pi- and smartphone-class devices used by comparable recent edge systems.

Table 3. Deployment footprint of WSRNet

Metric Value
Parameters 716,678
Model size (float32 / int8) 2799 KB /700 KB
FLOPs per beat 1192 M
CPU latency (1 beat, 1 thread) 112 ms

4.4 Comparison with the state of the art

Table 4 compares WSRNet with recent intra-patient MIT-BIH methods (2024-2025) that report accuracy in the
same 98-99 % band, together with a classical baseline for historical context. WSRNet’s 99.13 % accuracy matches or
slightly exceeds the scalogram—phasogram fusion CNN of Scarpiniti [27] (98.5 %), the spindle-autoencoder CNN of
Akkus et al. [28] (98.78 %), the progressive-moving-average-transform CNN of Mokhtari et al. [16] (99.09 %), and
the efficiency-oriented element-wise-product network of Tang et al. [29] (99.10 %). It attains this while remaining
lightweight (716 K parameters); its principal cost relative to purely 1-D designs such as Tang’s is a higher per-beat
FLOP count, the price of a richer two-dimensional representation, which nonetheless stays within real-time budgets
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on embedded CPUs. Scarpiniti’s approach is especially pertinent: by augmenting the scalogram with phase
(phasogram) information it points to a natural extension of our own encoding.

Table 4. Comparison with recent intra-patient MIT-BIH methods (2024-2025) reporting accuracy in the 98—
99 % range; accuracy in %, “— not reported. Baseline figures as reported by the respective papers

Method (year) Representation / model Accuracy Parameters Edge target
Acharya et al. raw beat, 9-layer 1-D 94.03 — —

(2017) [9] CNN

Scarpiniti (2024) CWT scalogram + 98.50 — —

[27] phasogram + CNN

Akkus et al. spindle autoencoder + 98.78 — —

(2025) [28] CNN

Mokhtari et al. PMAT image + 2-D CNN 99.09 ~10¢ —

(2025) [16]

Tang et al. (2025) element-wise-product 1-D 99.10 25,981 Raspberry Pi 5,
[29] net phone
WSRNet (this CWT scalogram + 2-D 99.13 716,678 Pi/ phone /
work) SE-CNN wearable

5. Discussion

What the ablation tells us: The most useful lesson of Section 4.2 is one of robustness and regime-dependence
rather than of a single dominant trick. Every configuration exceeds 98 %, so the high intra-patient accuracy is not
brittle. The continuous wavelet transform provides a clean, noise-robust view in which the sharp, high-frequency QRS
(small scales) and the slower P and T deflections and wide ventricular complexes (large scales) are explicit and
separable, a genuine convenience for a compact network, but a size-matched raw-1-D network reaches comparable
accuracy, so we do not claim the transform is essential. The most consequential design choice is instead the /oss: the
class re-weighting that is indispensable in the imbalanced inter-patient setting is counterproductive here, because the
intra-patient split already exposes the network to each patient’s rare-beat morphology. This regime-dependence, re-
weighting helps across patients but hurts within patients, is, we believe, the paper’s most transferable observation.

Rare classes and imbalance: Overall accuracy on this benchmark is dominated by the normal class and is
therefore a weak summary; the macro-F1 and the per-class figures of Table 1 are more informative. The square-root
inverse-frequency weighting of the loss, together with the SpecAugment-style masking, is what keeps the
supraventricular and fusion classes usable despite their scarcity: the ablation shows that discarding the weighting
collapses macro-F1 while barely moving accuracy. Fusion remains the hardest class, as it is for essentially all methods,
because fusion beats are morphological blends of normal and ventricular activation and are intrinsically ambiguous
even to expert readers.

Edge feasibility and its honest cost: WSRNet occupies only a few hundred kilobytes after quantisation and
runs in a few milliseconds per beat on a single CPU thread, comfortably within the real-time budget set by the cardiac
cycle, and its operations are all standard primitives available in embedded runtimes. In parameter count it sits in the
same lightweight regime as the most efficient recent edge models [17], [29]. We are, however, explicit about the trade-
off: operating on a two-dimensional scalogram rather than the raw one-dimensional signal raises the per-beat FLOP
count relative to purely 1-D designs such as [29], because two-dimensional convolutions touch more activations. The
representation therefore buys accuracy and robustness at a compute cost that is easily absorbed by Raspberry-Pi- and
smartphone-class hardware, the platforms on which comparable recent systems are deployed, but that would need
further reduction (for example, a coarser scale bank or depthwise-separable convolutions) for the smallest bare-metal
microcontrollers.

Limitations: First, we evaluate under the intra-patient protocol, which, like the majority of high-accuracy
studies we compare against, measures a model’s ability to recognise beat morphologies it has seen examples of, and
does not by itself establish generalisation to entirely unseen patients; the inter-patient setting is substantially harder
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and is the appropriate next test. Second, the study uses a single lead; a second lead would add the atrial-activity
information that most cleanly separates supraventricular from normal beats. Third, the scalogram is computed offline
here; a fully streaming implementation would fold the CWT into the acquisition loop. None of these qualifies the
central result, that a compact 2-D CNN on wavelet scalograms classifies the four AAMI beat classes with over 99 %
accuracy at an edge-deployable footprint, but each marks a concrete direction for future work.

6. Conclusion

We have presented WSRNet, a compact wavelet-scalogram squeeze-and-excitation residual network for
automatic heartbeat classification. By encoding each single-lead beat as a Morlet continuous-wavelet scalogram, the
method makes cardiac morphology and spectral content jointly explicit to a small two-dimensional convolutional
network, which classifies the four principal AAMI beat classes with over 99 % intra-patient accuracy on the MIT-BIH
Arrhythmia Database. An ablation shows the result is robust, every configuration exceeds 98 %, and reveals that,
unlike the inter-patient setting, class re-weighting is unnecessary here and a size-matched 1-D network is competitive,
so the scalogram is an effective but not exclusive route to this accuracy. Crucially, this accuracy is achieved with only
a few hundred kilobytes of weights and a few milliseconds of CPU inference per beat, placing the model in the same
lightweight, real-time regime as the most efficient recent edge systems while matching the accuracy of far larger
transformer- and wavelet-based models. WSRNet is therefore a practical candidate for continuous, on-device
arrhythmia screening on wearable and embedded platforms. Future work will extend the evaluation to the harder inter-
patient protocol [30], incorporate a second lead, and fold the wavelet transform into a fully streaming pipeline.

Reproducibility

All code (scalogram encoding, model, training, and figure generation) is provided in the accompanying src/
directory. The MIT-BIH Arrhythmia Database is openly available from PhysioNet [1], [2]. Given the same split seed
the reported numbers reproduce exactly.
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