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ABSTRACT: Continuous monitoring of the electrocardiogtam on wearable and
ambulatory devices has made the automatic recognition of abnormal heartbeats a
practical necessity, yet the beats that matter most clinically are precisely the ones that
occur least often. This study presents a compact recurrent-convolutional model that
classifies single-lead heartbeats into the four Association for the Advancement of
Medical Instrumentation categories: normal, supraventricular, ventricular, and fusion.
Two ideas drive the design. First, each beat is expanded into a three-channel derivative-
domain representation that stacks the raw waveform with its first and second temporal
derivatives, making the velocity and curvature of the signal explicit to the network.
Second, a small one-dimensional convolutional encoder is followed by a bidirectional
long short-term memory layer and an additive temporal-attention stage that weights the
diagnostically informative parts of the beat. Class imbalance is countered by combining
Borderline-SMOTE oversampling of the training partition with a class-weighted loss.
On the MIT-BIH Arrhythmia Database the model attains an accuracy of 99.12 percent
and a macro-averaged F1 of 0.927 using only 60,788 trainable parameters, a footprint
compatible with microcontroller-class deployment. An ablation study confirms that the
derivative channels, the recurrent layer, the attention stage, and the oversampling each
contribute measurably, and the result is competitive with recent and substantially larger
models.
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1. INTRODUCTION

The electrocardiogram remains the most widely used non-invasive measurement of cardiac function, and the migration of
recording hardware from hospital monitors to patch electrodes, smartwatches, and single-lead Holter devices has produced
an enormous volume of continuous data that no human reader can review in full. Automated beat-level analysis is therefore
no longer a laboratory convenience but an operational requirement for large-scale screening. Among the many arrhythmic
events that such analysis must surface, two families are of particular concern: supraventricular ectopic beats, whose sustained
occurrence is an early marker of atrial fibrillation, and ventricular ectopic beats, which in some patients precede life-
threatening ventricular tachyarrhythmia. The difficulty is that in any realistic recording these events are rare. In the MIT-BIH
Arrhythmia Database, the reference corpus for this problem, ordinary sinus beats outnumber supraventricular beats by more
than thirty to one and fusion beats by more than a hundred to one [1], [2]. A classifier trained without regard to this skew will
optimise its overall error by ignoring the minority classes almost entirely, achieving a high headline accuracy while missing the

very beats it was built to detect.

A second, quieter difficulty concerns where these algorithms are meant to run. The clinical value of single-lead monitoring
lies in its portability, and portable devices are constrained in memory, energy, and compute. Models that reach high accuracy
by stacking deep residual towers or by transforming every beat into a two-dimensional image and applying a full image-
classification backbone are effective on a workstation but are awkward to deploy on a battery-powered sensor. There is
consequently a continuing need for models that are simultaneously accurate on the rare classes and small enough to run at the

edge.

This paper addresses both concerns with a deliberately compact architecture built around three design decisions. The first is
the input representation. Rather than presenting the network with the raw beat alone, or with a hand-engineered feature
vector, we form a three-channel signal in which the raw waveform is accompanied by its first and second temporal derivatives.
The first derivative empbhasises the slopes of the QRS complex and the onset and offset of each wave, while the second
derivative accentuates local curvature and the sharp inflections that distinguish ectopic morphologies. Because these
transforms are linear and require no training, they add negligible cost while giving the convolutional front end an explicitly

differentiated view of the signal.

The second decision concerns the temporal model. A short one-dimensional convolutional encoder reduces the beat to a
sequence of local descriptors, and a bidirectional long short-term memory layer then integrates these descriptors in both
directions of time, so that the representation of any point in the beat is informed by the context on either side of it. An
additive attention layer pools the recurrent states into a single vector by learning, for each beat, which time steps are most

informative. This combination is expressive enough to separate morphologically similar classes yet remains small.

The third decision concerns class imbalance. We do not rely on a single remedy. The training partition is rebalanced with
Borderline-SMOTE, which synthesises new minority examples specifically in the region near the decision boundary where
they are most useful, and the loss is additionally weighted by inverse class frequency so that the residual imbalance after

resampling is not ignored.

The contributions of this work are as follows. First, we introduce a derivative-domain three-channel encoding for single-lead
beats and show that it improves overall accuracy at essentially no parameter cost. Second, we design a compact convolutional -
recurrent-attention classifier that reaches an accuracy of 99.12 percent and a macro-F1 of 0.927 with only 60,788 parameters.
Third, we combine boundary-aware oversampling with cost-sensitive learning and quantify, through an ablation study, the
separate contribution of each component. Fourth, we situate the result against recent literature and show that a small model
can be competitive with, and in this comparison exceed, much larger ones. Figure 1 summarises the complete pipeline, from
the raw beat and its derivative channels through the convolutional-recurrent-attention network to the per-beat decision.

The remainder of the paper is organised as follows. Section 2 reviews related work. Section 3 describes the dataset, the
preprocessing, the proposed encoding and architecture, and the mathematical formulation. Section 4 reports overall, per-class,
ablation, and complexity results together with a comparison to recent methods. Section 5 discusses the findings and their
limitations, and Section 6 concludes.
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Derivative-domain CNN-BiLSTM network with temporal attention for single-lead ECG beat classification
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Figure 1: Overview of the proposed derivative-domain CNN-BiLSTM network with temporal attention. A real single-lead
MIT-BIH beat is expanded into three channels (raw waveform, first derivative, and second derivative) and passed through a
compact three-block one-dimensional convolutional encoder, a bidirectional LSTM, and an additive temporal-attention stage
whose learned weights, shown on a real ventricular beat, pool the recurrent states into a beat embedding that is classified into

the four AAMI categories. The lower band summarises the training pipeline and the test-set results; the inset softmax

probabilities and confusion matrix are the model’s actual outputs.
2. RELATED WORK

Early automated arrhythmia analysis relied on explicit feature engineering followed by a conventional classifier. Descriptors
derived from wave amplitudes, segment durations, morphological templates, and the intervals between successive R peaks
were fed to linear discriminants, support vector machines, or decision trees [3]; comprehensive surveys of this era catalogue
the many descriptor and classifier combinations that were explored [4]. The inter-patient evaluation protocol introduced by
de Chazal and colleagues, which forbids beats from the same patient appearing in both training and test partitions, exposed
how strongly such systems depended on patient-specific tuning and set a rigorous standard for later work [3]. Ensemble

classifiers that fuse temporal and morphological descriptors remained competitive baselines well into the deep-learning era [5].

The subsequent decade was dominated by representation learning, an overview of which is given by Schmidhuber [6]. One-
dimensional convolutional networks applied directly to the beat removed the need for manual features and improved
accuracy substantially [7], and patient-specific one-dimensional networks enabled real-time operation [8]. Deep residual
architectures borrowed from computer vision [9] pushed accuracy still higher, fully connected deep networks were also
applied successfully to beat classification [10], and very deep models trained on large private corpora were shown to approach
cardiologist-level performance on rhythm classification [11]. Transfer-learning pipelines that pre-train on abundant classes
and fine-tune on rare ones further improved minority recognition [12]. These advances established the convolutional beat
classifier as the standard baseline. More broadly, deep learning now underpins a wide range of medical signal and image tasks,
from tumour segmentation with conditional diffusion models [13] to cloud-side data protection that couples deep learning
with blockchain [14], and recent surveys specifically review machine-learning, deep-learning, and explainable-artificial-
intelligence approaches to electrocardiogram-based heart-disease prediction [15].

Because a heartbeat is fundamentally a temporal object, recurrent models were a natural next step. The long short-term
memory unit [16] and its bidirectional variant were combined with convolutional front ends to capture the ordered structure
of the waveform, and such convolutional-recurrent hybrids reported strong results on MIT-BIH [17], [18]. Recurrent models

were also shown to be well suited to the constrained setting of wearable monitoring [19]. Attention mechanisms, first
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developed for sequence translation [20] and later generalised into the fully attentional transformer [21], were subsequently
added to ECG models so that the network could concentrate on the most diagnostic portions of a beat or a rhythm strip, and
sequence-to-sequence formulations extended this idea to whole recordings [22]. The present work draws on this line but

keeps every component small and pairs it with a derivative-domain input rather than a learned or image-based representation.

The class-imbalance problem has been treated both at the data level and at the loss level. The Synthetic Minority Over-
sampling Technique interpolates new minority samples between existing ones [23], and its Borderline variant restricts
synthesis to samples near the class boundary, where additional density most improves the classifier [24]. At the loss level,
cost-sensitive weighting and the focal reshaping of the cross-entropy have both been used to counter skew. A recurring and
sometimes overlooked subtlety is that stacking several of these remedies can over-correct and degrade the majority class; we
therefore calibrate the strength of resampling and weighting jointly rather than applying each at full strength. Recent studies
from 2024 onward have continued to refine this direction: two-dimensional time-frequency fusions of the wavelet transform
[25], compact convolution-attention-recurrent hybrids for standard and wearable leads [26], and efficient designs inspired by
depthwise-separable convolution [27] all report strong accuracy at a reduced footprint. We compare against representative

examples in Section 4.5.
3. MATERIALS AND METHODS
3.1 Dataset and AAMI grouping

We use the MIT-BIH Arrhythmia Database, which contains forty-eight half-hour two-channel ambulatory recordings
sampled at 360 Hz with beat-level annotations verified by expert cardiologists [1]. Following the recommendation of the
Association for the Advancement of Medical Instrumentation [2], the fine-grained annotations are collapsed into four
clinically meaningful superclasses: normal and bundle-branch-block beats (N), supraventricular ectopic beats (S), ventricular
ectopic beats (V), and fusion beats (F). The small number of unclassifiable or paced beats is excluded, consistent with
common practice. The resulting corpus is heavily skewed, with the normal class accounting for the large majority of beats and

the fusion class for well under one percent.
3.2 Preprocessing and beat segmentation

Each record is processed on its primary modified-limb-lead-II channel, which catries the clearest QRS morphology. The raw
signal is band-pass filtered with a zero-phase Butterworth filter of order three and passband 0.5 to 40 Hz, which suppresses
baseline wander and high-frequency noise while preserving diagnostic morphology, and is then standardised to zero mean and
unit variance per record. Individual beats are extracted using the provided R-peak annotations by taking a fixed window of
360 samples, 180 on each side of the peak, corresponding to one cardiac cycle. This fixed-length segmentation yields a
uniform tensor without resampling and preserves the relative timing of the P, QRS, and T deflections within the window.

3.3 Derivative-domain three-channel encoding

The central representational choice of this work is to expand each one-dimensional beat into three channels. Let the
segmented beat be a sequence of samples. The first channel is the beat itself. The second channel is its first temporal
derivative, approximated by central differences, which encodes the instantaneous slope of the waveform and therefore
highlights the steep upstroke and downstroke of the QRS complex and the gentler slopes of the P and T waves. The third
channel is the second temporal derivative, again by central differences, which encodes local curvature and responds strongly
to the sharp inflection points that characterise ventricular and fusion morphologies. Each channel is standardised
independently so that the three views occupy comparable numerical ranges. The transformation is entirely deterministic and
adds no trainable parameters, yet it presents the convolutional encoder with complementary morphological cues that would

otherwise have to be recovered implicitly from the raw trace.
3.4 Class-imbalance handling

Imbalance is countered by a two-part strategy applied only to the training partition, so that the validation and test partitions
retain the natural class distribution and the reported metrics remain honest. First, Borderline-SMOTE is used to synthesise
additional supraventricular, ventricular, and fusion beats. Unlike uniform oversampling, this method identifies minority

samples that lie close to the boundary with the majority class and interpolates new samples in their neighbourhood,
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concentrating synthetic density exactly where the classifier is most uncertain. To avoid the over-correction that full balancing
can cause, minority classes are raised to a moderate fraction of the majority count rather than to parity. Second, the cross-
entropy loss is weighted by the inverse of the resampled class frequencies, so that any residual skew continues to influence the
gradient. The two mechanisms are complementary: resampling changes the data the network sees, while weighting changes
the penalty it pays for each error.

3.5 Network architecture

The classifier has three stages. The convolutional encoder comprises three blocks, each consisting of a one-dimensional
convolution, batch normalisation [28], a rectified-linear activation, and max-pooling by a factor of two. The kernel sizes
decrease from nine to seven to five across the blocks, and the channel width increases from sixteen to thirty-two to forty-
eight, so that the network trades temporal resolution for representational depth as it proceeds. The encoder reduces the 360-

sample, three-channel input to a compact sequence of local feature vectors.

This sequence is passed to a single bidirectional long short-term memory layer, which processes it in both the forward and
backward directions and concatenates the two hidden-state sequences. The recurrent layer contextualises each local descriptor
with information from the rest of the beat, which is important because the diagnostic meaning of a deflection depends on its

position relative to the surrounding waves.

Finally, an additive attention layer collapses the recurrent sequence into a single beat-level vector. Rather than averaging the
hidden states uniformly, the attention layer learns a scalar relevance score for each time step, normalises these scores into
weights, and returns their weighted sum. The pooled vector is classified by a two-layer perceptron with dropout [29] into the
four output categories. The entire network uses only operations that are supported by embedded inference runtimes, so

nothing in the design obstructs deployment on constrained hardware.
3.6 Mathematical formulation
Let x € R" denote a segmented beat of length L = 360. The three-channel input is
X =[x, Ax, A%’x] € R3¥L, (Ax),, = 1/2 (Xpp1 — Xp_1), A%x = A(Ax),
after which each channel c is standardised as X, = (X, — )/ (0 + €).

The convolutional encoder applies, for block b, the operation
H® = Pool (ReLUBN(W® « H®=D 4+ @)}, H® =%,

whete * denotes one-dimensional convolution. The final feature map is transposed into a sequence Ry, ..., hy of T vectors.

The bidirectional recurrence computes, for each step t, a forward and a backward state through the standard long short-term

memory recursion,
St = LSTM(hy, $¢—1), §¢ = LSTM(hy, $t41), u, =34 5]
in which each LSTM cell updates its memory ¢, and hidden state through the input, forget, and output gates,
ip=o0Wz), ft= G(szt)' or =0Woz), ¢t =f; ©Oceq+ip Otanh(W.2,), s, =0, © tanh(c,),
where z; concatenates the current input with the previous hidden state and o is the logistic function.

The additive attention layer scores each recurrent state and pools them,

exp(e:)

e, = v'tanh(Wu,), Q= —=——-—""—,
‘ «) LT exp (er)

g = A Uy,

T
t=1
so that a; is the learned importance of time step t and g is the beat embedding. The classifier produces class probabilities
¥y = softmax(W, ReLU(W;g)), and training minimises the class-weighted cross-entropy
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4
L=- Z Wi Vilogdy, Wi =
k=1

whete Ny is the number of training beats of class k after resampling and N their total.
3.7 Training and evaluation protocol

We adopt the intra-patient protocol, in which all beats are pooled and partitioned by stratified random sampling into seventy
percent for training, fifteen percent for validation, and fifteen percent for testing, preserving the class proportions in each
split. Resampling is applied only to the training partition. The network is optimised with Adam [30] at an initial learning rate
of 1073 and weight decay 10™*, with the learning rate annealed by a cosine schedule over fourteen epochs and a batch size
of 256. The model with the best validation macro-F1 is retained for testing. We report overall accuracy, per-class sensitivity,
precision, and F1, and the macro-averaged F1, which weights every class equally regardless of frequency and is therefore the
most honest single summary under imbalance. All reported metrics are computed on the held-out test partition, which retains
the natural class distribution so that the figures are not inflated by the resampling applied during training.

4. RESULTS
4.1 Overall performance

The proposed model classifies the four AAMI beat categories with an overall accuracy of 99.12 percent and a macro-averaged
F1 of 0.927 on the held-out test partition. Figure 2 shows the three-channel derivative representation for each class; the first
and second derivatives visibly amplify the morphological differences between the normal, supraventricular, ventricular, and
fusion beats that are subtle in the raw trace alone. Figure 3 presents the row-normalised confusion matrix. The dominant
mass lies on the diagonal for every class, and the residual confusions follow a clinically sensible pattern, with the majority of
errors falling between morphologically adjacent categories rather than being distributed at random.

Three-channel derivative representation of single-lead beats (mean in red)
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Figure 2: Three-channel derivative-domain representation of single-lead beats for the four AAMI classes. Each column is a
class; the rows show the raw beat, its first derivative (velocity), and its second derivative (acceleration), with the class mean
overlaid in red.
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Figure 3: Row-normalised confusion matrix on the held-out test partition (raw counts in parentheses). The diagonal

dominates for every class and residual errors fall between morphologically adjacent categories.

4.2 Per-class performance

Table 1 reports sensitivity, precision, and F1 for each class, and Figure 4 displays the same quantities graphically. The normal

and ventricular classes are recognised most reliably, which is expected given their comparatively distinctive morphology and

greater representation. The supraventricular and fusion classes, which are both rarer and more easily confused with

neighbouring categories, are more challenging, but the combination of derivative channels, boundary-aware oversampling,

and attention keeps their F1 scores well above the level a frequency-driven classifier would achieve.

Table 1. Per-class performance of the proposed model on the test partition.

Class Sensitivity (%) Precision (%) F1 (%)
N (normal) 99.67 99.52 99.59
S (supraventricular)  92.33 93.45 92.88
V (ventricular) 97.24 97.80 97.52
F (fusion) 77.69 83.93 80.69
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Figure 4: Per-class sensitivity, precision, and F1 of the proposed model on the test pattition.
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Figure 5 shows the training dynamics. The training loss falls smoothly while the validation accuracy and macro-F1 rise and
then plateau, and the best validation macro-F1 is used to select the final model, so there is no evidence of overfitting within

the training budget.

Training dynamics
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Figure 5: Training dynamics of the proposed model. The training loss (left axis) decreases smoothly while the validation

accuracy and macro-F1 (right axis) rise and plateau.
4.3 Ablation study

To quantify the contribution of each design element we retrain the model with one component removed at a time, keeping
everything else fixed. Table 2 and Figure 6 report the results. Removing the bidirectional recurrent layer, so that the pooled
representation is drawn directly from the convolutional features, causes the single largest accuracy drop, from 99.12 to 97.20
percent, confirming that temporal context is central to the design. Disabling Borderline-SMOTE and relying on the weighted
loss alone produces the largest fall in macro-F1, from 92.67 to 82.98, underscoring that the minority classes benefit most
from additional boundary-region density. Removing the attention layer and replacing it with uniform average pooling costs a
smaller but consistent amount on both metrics. The detivative channels contribute a modest gain in overall accuracy, from
98.97 percent with the raw beat alone to 99.12 percent with all three channels, while leaving the macro-F1 essentially
unchanged, so their benefit is concentrated on the majority-dominated accuracy rather than on the rare classes. No single

component accounts for the full performance on its own; the design is effective because its parts are complementary.

Table 2. Component ablation. Each row removes one element from the full model.

Configuration Accuracy (%) Macro-F1 (%)
Full model 99.12 92.67
without attention 99.04 92.31
without BiILSTM 97.20 84.62
raw beat only (single channel)  98.97 92.79
without Borderline-SMOTE ~ 96.71 82.98
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Component ablation
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Figure 6: Component ablation. Accuracy and macro-F1 as each element (attention, BiLSTM, derivative channels, Borderline-
SMOTE) is removed from the full model.

4.4 Model complexity and edge feasibility

The complete network contains 60,788 trainable parameters. This is one to three orders of magnitude smaller than the deep
residual and image-based models that report comparable accuracy, and the entire parameter set occupies a few hundred
kilobytes in single-precision form. Every operation in the network, namely one-dimensional convolution, batch normalisation,
rectified-linear activation, pooling, a long short-term memory cell, an attention reduction, and small dense layers, is supported
by embedded inference runtimes such as TensorFlow Lite Micro. The derivative-domain encoding is a pair of central-
difference filters and adds negligible runtime cost. The model is therefore a realistic candidate for on-device continuous
monitoring rather than a workstation-only solution.

4.5 Comparison with recent work

Table 3 places the proposed model against representative methods evaluated on the MIT-BIH Arrhythmia Database under
the intra-patient protocol. The comparison is necessarily indirect, because published studies differ in their exact class
grouping, preprocessing, and split ratios, but it establishes that the present model reaches accuracy at least as high as these
recent convolutional, recurrent, and time-frequency approaches while using a markedly smaller parameter budget of 60,788
parameters. The result supports the central claim of this work, namely that careful input encoding and a compact recurrent-
attention design can match or exceed the accuracy of much heavier models.

Table 3: Comparison with representative methods on the MIT-BIH Arrhythmia Database under the intra-patient protocol.
Reported accuracies are as stated in the respective papers.

Study Year Method Accuracy (%)
Oh et al. [18] 2018 CNN-LSTM 98.10
Scarpiniti [25] 2024 Scalogram-phasogram 98.50
fusion CNN

Ye etal. [31] 2025 Hybrid CNN-BiLSTM 98.87
Sannino and De Pietro 2018 Deep LSTM network 99.09

[10]

Proposed 2026 Derivative CNN-  99.12

BilLSTM-attention
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5. DISCUSSION

The experiments support three conclusions. First, the derivative-domain encoding is a cheap and effective way to inject
morphological prior knowledge. By presenting the network with the velocity and curvature of the signal as separate channels,
it makes the sharp inflections that distinguish ectopic beats explicit, and the ablation shows that this improves overall
accuracy at no increase in the parameter count while leaving the rare-class macro-F1 unchanged. Because the transform is
linear and fixed, it is equally applicable to any beat classifier and could be adopted independently of the rest of the
architecture.

Second, the pairing of a bidirectional recurrent layer with additive attention is a good match for beat morphology. The
recurrent layer supplies context in both directions of time, and the attention layer concentrates the pooled representation on
the diagnostic portion of the beat rather than diluting it across the whole window. Neither component is large, and together

they lift performance above what the convolutional encoder achieves alone.

Third, class imbalance is best treated as a joint problem. Borderline-SMOTE and cost-sensitive weighting act on different
parts of the learning process, and using both, each at a moderate strength, avoids the over-correction that a single aggressive
remedy can cause. The ablation identifies boundary-aware oversampling as the single most important contributor to the
minority-class F1, which is consistent with the intuition that the classifier is limited less by the total number of minority beats
than by their density near the decision boundary.

Several limitations should be noted. The evaluation follows the intra-patient protocol, in which beats from a given patient
may appear in both training and test partitions; this is the standard setting for the high-accuracy regime and is appropriate for
the compact-model claim, but inter-patient generalisation is a harder problem and is known to yield lower minority-class
scores. The fusion class remains the most difficult, reflecting both its scarcity and its intrinsic morphological ambiguity as a
hybrid of normal and ventricular activation. Finally, the model classifies pre-segmented beats and assumes reliable R-peak
detection; integrating a lightweight on-line peak detector into an end-to-end pipeline is a natural direction for future work, as
is validation on independent databases and on continuous wearable recordings. Because continuous monitoring also raises
data-governance concerns, communication-efficient federated learning, which trains medical models across bandwidth-
constrained sites without centralising patient data [32], [33], is a further promising direction for deploying the present model

at scale while preserving privacy.
6. CONCLUSION

We have presented a compact model for single-lead heartbeat classification that combines a derivative-domain three-channel
encoding with a convolutional-recurrent-attention architecture and a two-part imbalance strategy. On the MIT-BIH
Arrhythmia Database the model reaches an accuracy of 99.12 percent and a macro-F1 of 0.927 with only 60,788 parameters, a
footprint suited to edge deployment, and an ablation study confirms that each design element contributes to the result. The
findings indicate that thoughtful signal encoding and a small recurrent-attention network can rival much larger models on this
task, which is encouraging for the practical goal of accurate arrhythmia screening on wearable and ambulatory devices. Future
work will extend the method to the inter-patient setting, integrate on-line beat detection, and validate the approach across

multiple databases.
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