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Abstract: To avoid stroke, atrial fibrillation (AF) needs to be detected as early as possible. 

Nevertheless, traditional deep learning systems often are unsuccessful with the domain shift and 

signal degradation inherent in wearable sensor measurements. To achieve the purpose of going 

beyond probabilistic classification, We present a hybrid convolutional neural network–bidirectional 

long ahort-term memory–differentiable support vector machine (CNN–BiLSTM–dSVM) 

framework that integrates automated morphological feature generation with geometric margin 

maximization. The main methodological innovation is the (dSVM) head, which is trained on a 

aquared hinge loss objective, instead of conventional Soft max layers. To isolate structural P-QRS-T 

variations and remove motion artifacts and baseline drift, this architecture uses a CNN backbone. 

These morphological signs are used with knowledge-augmented clinical data to represent long-term 

temporal rhythms and are processed by a Bi LSTM encoder. Unlike present models, our method 

removes overfitting to sensor-induced noise, by imposing structural risk minimization, and creating 

an operative loss-friendly dead zone. Experimental analysis of the proposed system was conducted 

on dual-source ECG datasets.The proposed framework was evaluated using dual-source ECG 

datasets, including the MIT-BIH atrial fibrillation database, the PhysioNet CinC 2017 dataset, and a 

noisy wearable ECG dataset collected from real-world sensing environments. The architecture 

combined CNN-based morphological feature extraction, BiLSTM temporal representation learning, 

and a (dSVM) optimization strategy to improve atrial fibrillation classification robustness under 
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heterogeneous ECG acquisition conditions. Experimental results demonstrated that the proposed 

framework achieved an overall classification accuracy of 99.0%, recall of 98.8%, Macro F1-score of 

98.6%, and AUC of 0.995. Comparative evaluation against mainstream baseline architectures, 

including conventional CNN, LSTM, and Transformer-based models, confirmed superior 

convergence stability, generalization capability, and classification robustness, particularly under 

noisy wearable ECG conditions. (20,000 noisy wearable recordings and 6,000 high-fidelity clinical 

signals).  The datasets were partitioned into training, validation, and testing subsets using a strict 

patient-level splitting protocol to avoid data leakage. This gave system a near-perfect overall 

accuracy of 99.5% and a recall of 1.00. The proposed hybrid model restored this performance in 400 

Hz noiseful mobile signals, but standalone CNNs exhibited constraints in terms of dealing with class 

imbalances (Macro F1: 0.593). The sensor-invariant representation of our Margin-aware inductive 

bias provided better convergence kinetics and structural stability than high-complexity 

1D-transformer and ECG-BERT baselines as found in statistical studies. In this work, we established 

a benchmark of computationally efficient, theoretically-grounded cardiac surveillance in real-world 

mHealth. 

Keywords: atrial fibrillation; joint optimization; BiLSTM-dSV; knowledge-augmented deep 

learning; differentiable SVM; transformer benchmarking; wearable healthcare 
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1. Introduction 

Atrial fibrillation (AF), one of the most common cardiac arrhythmias worldwide, is strongly 

associated with an increased risk of heart failure, ischemic stroke, and cardiovascular death [1].  

Therefore, to improve patient outcomes and reduce long-term clinical effects, early and accurate 

detection of AF is essential. Electrocardiography (ECG) is the gold standard for detecting AF since it 

is non-invasive, affordable, and suitable for continuous monitoring in clinical and ambulatory 

settings [2,3]. Nevertheless, such feature-based methods do not typically represent the intricate 

temporal relationships and nonlinear behavior particularly when applied to short-duration or noisy 

ECG traces, which are typical of wearable and real-world monitoring scenarios [4]. Based on these 

findings, we suggest a hybrid fusion-based ECG classification system that combines manually 

obtained HRV features with deep morphological and temporal features trained using CNN and 

LSTM networks, respectively. The cross-dataset generalization is evaluated externally using the 

MIT-BIH AF database [5] and the database is used to train and validate . Traditional AF detection 

techniques have relied heavily on handcrafted features extracted from ECG data, particularly heart 

rate variability (HRV) and RR-interval-based statistical descriptors [6,7]. When combined with 

these features, traditional machine learning classifiers like support vector machines (SVMs), 

Bayesian models, and decision trees have demonstrated respectable performance [8,9]. In a bid to 

address these constraints, the deep learning (DL) methods are being used more frequently in the 

detection of automatic AF. The local signal structures can be effectively modeled using 

convolutional neural networks (CNNs), which have demonstrated an amazing capability to learn 

discriminative morphological features directly out of ECG waveforms [10,11]. Long-term recurrent 

networks such as as long short-term memory (LSTM) networks have been shown to be successful in 

identifying long-term temporal correlations and rhythmic anomalies in ECG data [12,13]. With these 
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advances, standalone deep learning models can exhibit a lack of generalization and resilience, 

especially in the event of cross-dataset and inter-subject variance [14]. Researchers have observed 

that, due to their ability to work with dynamic and large-scale ECG data, DL-based methods can be 

more effective in comparison with traditional machine learning models [15]. As a result, hybrid 

learning frameworks that combine deep representations with conventional classifiers are becoming 

more and more popular. Specifically, it was suggested that CNN-SVM and LSTM-SVM designs can 

exploit the discriminative margin-classification, as well as automatic feature-learning [16]. The goal 

of these hybrid models is to provide a trade-off between interpretability, durability, and processing 

efficiency. Moreover, fusion-based approaches have become a promising approach to AF detection 

through combining complementary data across a large number of feature domains such as statistical 

HRV descriptors, morphological characteristics, and temporal embeddings [17]. Fusion frameworks 

can improve class separability, resistance to noise, and generalization between datasets in comparison 

to single-model methods by leveraging the benefits of CNN, LSTM, and SVM models [14,17]. Based 

on experimental results, the proposed fusion model works better than single SVM, CNN, and LSTM 

models, which highlights its relevance to wearable ECG sensors and clinical applications that require 

real-time monitoring. Our main goal is to close the methodological gap between contemporary 

structural deep learning and conventional heuristic fusion. To do so, we introduce a novel end-to-end 

joint Margin-aware bidirectional LSTM (BiLSTM)-differentiable SVM (dSVM) framework that 

does not use a single optimization framework but a series of interconnected pipelines. We integrate 

knowledge-augmented deep learning (KADL) by fundamentally operating on sixteen 

domain-specific clinical indicators directly in the latent manifold, thus confining the neural 

representations to cardiac domain priors compared to existing stacking-based ensembles.  Mean-field 

theory in Hopfield neural network for doing 2 satisfiability logic programming suitable for: 

optimization, neural networks, convergence, mathematical modelling [18]. Ybrid intelligent systems 

integrate multiple computational intelligence techniques to improve learning capability, 

optimization, and decision-making. Agent-based modeling combined with fuzzy Hopfield neural 

networks has demonstrated the effectiveness of hybrid intelligent approaches in solving complex 

optimization and logical inference problems [19]. In healthcare prediction, hybrid intelligent 

systems have been shown to achieve better diagnostic accuracy and robustness [20] and inspired the 

usage of deep learning and discriminative classifiers in medical decision support systems.  

Hybridized neural optimization methods have been found to enhance the convergence properties, 

predictive stability, and model generalization in complex nonlinear learning situations [21].  

The main contribution of this work is the integration of BiLSTM feature learning with a 

differentiable SVM optimization framework for robust AF detection. This synergy guarantees strong 

classification in high-noise conditions as the network is compelled to learn geometrically different 

and statistically precise temporal embeddings. The research provides empirical information on the 

best domain generalization and structural reliability of real-time clinical diagnostics by comparing 

this model to a larger sample of 20,000 ECG signals and conducting a comparison with the 

state-of-the-art Transformer-based models (e.g., ECG-BERT).  Unlike previously reported 

CNN-BiLSTM-SVM hybrid architectures, this study emphasizes three complementary innovation 

dimensions. First, the framework introduces an end-to-end jointly optimized margin-aware learning 

strategy in which temporal feature extraction and differentiable SVM-based structural risk 

minimization are optimized simultaneously during training. Second, the proposed architecture 

incorporates knowledge-enhanced latent fusion by integrating clinically meaningful ECG 

descriptors with deep temporal representations to improve interpretability and cross-domain 

robustness. Third, the framework is designed to improve noise robustness under heterogeneous 
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wearable ECG sensing conditions through adaptive fusion and margin-constrained optimization 

mechanisms. These combined characteristics distinguish the proposed framework from conventional 

deep SVM integration approaches and previously reported hybrid ECG classification models [22].  

Despite the substantial progress achieved by deep learning approaches for ECG-based atrial AF 

detection, several important research gaps remain insufficiently addressed. Moreover CNN and 

Transformer-based architectures primarily focus on improving feature extraction accuracy; however, 

many studies lack an end-to-end jointly optimized framework capable of simultaneously modeling 

temporal dependencies, structural risk minimization, and robust decision boundaries under noisy 

wearable sensing environments. Furthermore, conventional deep learning approaches frequently 

neglect the integration of clinically meaningful statistical descriptors and domain-specific ECG 

knowledge, thereby limiting interpretability, robustness, and cross-domain generalization capability 

in heterogeneous real-world monitoring conditions.  Studies have demonstrated that multimodal 

information fusion, knowledge-enhanced learning, and hybrid optimization strategies can 

significantly improve predictive robustness in complex nonlinear time-series applications [23]. 

Advanced fusion-based BiLSTM frameworks and interpretable deep learning architectures have 

shown promising performance in healthcare prediction and signal-processing domains by combining 

data-driven learning with domain-aware feature integration [24,25]. Motivated by these 

developments, we propose a jointly optimized BiLSTM-dSVM framework that integrates temporal 

sequence learning, margin-aware optimization, and knowledge-augmented ECG representations for 

robust AF classification across clinical and wearable ECG datasets. To detect AF with the help of 

ECG signals, we propose a combined fusion-based paradigm. The design blends manually create 

HRV-based statistical descriptors with deep morphological and temporal representations learned by 

CNN and LSTM models, respectively.By combining complimentary data from the statistical, 

morphological, and temporal domains via a fusion mechanism, the proposed method outperforms 

standalone deep learning, single-hybrid models, and conventional machine learning in terms of 

generalization, robustness, and class reparability. External validation on the MIT-BIH AFDB shows 

that the framework is suitable for wearable and real-time ECG monitoring applications. Table 1 

summarizes the existing atrial fibrillation detection approaches. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



19880 

AIMS Mathematics  Volume 11, Issue 7, 19876–19920. 

Table 1. Summary of AF detection approaches in the literature (unified comparison). 

Main 

limitation 
Key strength Dataset Model/Architecture Features/representation Study (Ref.) Category 

Sensitive to 

noise 

Simple & 

interpretable 

Physio 

Net 
SVM RR intervals 

Narayana et 

al. [4,8] 

Traditional 

ML 

Manual 

features 

Low 

complexity 

MIT–BI

H 
Bayesian Statistical ECG 

Marti et al. 

[9] 
 

Poor 

generalizati

on 

Baseline 

performance 

Local 

ECG 
SVM / ANN HRV 

Sieciński et 

al. [10] 
 

High 

complexity 

Automatic 

feature 

learning 

CinC 

2017 
CNN–RNN Morphological 

Limam & 

Precioso 

[11] 

Deep 

learning 

(CNN) 

Limited 

interpretabil

ity 

Strong 

spatial 

modeling 

PhysioN

et 
CNN Raw ECG morphology 

Grabowski 

et al. [12] 
 

Data-hungry 
Long-term 

dependency 

Generic 

signals 
LSTM Temporal sequences 

Sherstinsky 

[13] 

Deep 

learning 

(LSTM) 

Noise 

sensitivity 

Rhythm 

modeling 

ECG 

datasets 
RNN/LSTM ECG temporal patterns 

Satheeswara

n et al. [15] 
 

Single 

feature 

stream 

Better 

separability 

ECG 

datasets 
CNN–SVM CNN features 

Ma et al. 

[18] 

Hybrid 

models 

Limited 

fusion 

Robust 

performance 

ECG/PP

G 
DL + ML Multi-feature 

Aldughayfiq 

et al. [19] 
 

Higher 

complexity 

Improved 

generalizatio

n 

Dynamic 

ECG 
Decision fusion Multi-view ECG 

Ma et al. 

[17] 

Fusion-base

d 

Noise 

sensitivity & 

domain shift 

High 

robustness & 

generalizatio

n 

CinC 

2017 + 

MIT-BIH 

+ 

Wearable 

ECG 

CNN–BiLSTM–dS

VM 

Morphology + HRV + 

Tempora 

Proposed 

Work 

AF 

Detection 

Transformer-based architectures, namely 1D time-series Transformers and ECG-BERT models, 

have been shown in research to be effective in capturing long-range dependencies for the 

categorization of cardiac arrhythmias. Nevertheless, these models frequently need extensive 

pre-training and significant computational resources, which could make it difficult to implement them 

in real-time, resource-constrained clinical settings. Moreover, the structural inductive bias necessary to 

achieve geometric class separation in noisy ECG signals may be absent from pure attention-based 

methods. In this study,we present a jointly optimized BiLSTM-dSVM framework in response to these 

constraints. This approach is a combination of a structural risk reduction of a differentiable SVM head 
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and the ability of BiLSTMs to model time. Our technique is more computationally efficient and 

diagnostic robust, combining domain-specific clinical characteristics in a Knowledge-Augmented 

manifold, a theoretically-based alternative to Transformer models with high parameter 

counts.Additionally, optimization strategies for hyperparameter tuning and robust deep learning 

generalization have been investigated. Advanced optimization frameworks and adaptive parameter 

search methods have demonstrated improved convergence stability and enhanced classification 

performance in intelligent healthcare and signal-processing applications [26,27]. The BiLSTM model 

was based on the architecture of long short-term memory (LSTM) with forget gate mechanism that could 

effectively learn long-term temporal dependency [28]. Recently, deep learning had been applied to 

several ECG-based atrial fibrillation detection systems and has exhibited a high level of accuracy [29]. 

2. Materials and methods 

Three complementing information streams were integrated into a single, end-to-end framework 

by the suggested design. Time representations were learned with (BiLSTM), morphological motifs 

were learned with deep representation learning, and manually learned statistical features used research 

on heart rate variability (HRV). We adopted the Knowledge-Augmented Latent Fusion strategy in our 

approach, instead of traditional stacking approaches that have late-stage fusion. The method ensured 

that the self-learned representations, which are. by definition, limited by physiological priors, are 

projected into the time space of the BiLSTM by relating domain-specific HRV attributes to the time 

space of the BiLSTM. We used a (dSVM) head in place of conventional Softmax-based 

decision-making to optimize this multi-view representation. The structural risk minimization in this 

decision head was determined by maximizing geometrical distance between cardiac rhythm categories. 

The methodology was robust in terms of generalization and, it took advantage of the temporal 

dynamics, morphological structures, and clinical interpretability by jointly optimizing such a large 

number of learning paradigms into a single optimization loop. Our results indicated that we can 

achieve the same classification performance as high-parameter Transformer-based models without the 

vast computing complexity of these models by simply optimizing the latent interaction between 

multi-view features. This architectural choice provided a computationally inexpensive alternative to 

computationally expensive transformer backbones, fulfilling the immediate need to have clinically 

deployable systems with latency, memory footprint, and training costs being critical factors. Figure 1 

illustrates the important steps in this investigation, where the HRV features that are handcrafted are 

projected into the temporal latent space and concatenated as: 

Xenhanced = [Xariginal‖Xstatistical‖Xsignal]. 

This forms the co-latent space that the dSVM head is optimizing, ensuring the learned 

representation to be structurally constrained with domain knowledge. Figure 1 illustrates the overall 

architecture of the proposed CNN–BiLSTM–dSVM framework. 
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Figure 1. Comprehensive aarchitecture of the proposed joint Margin-aware 

BiLSTM-dSVM framework. 

2.1. ECG data acquisition 

To ensure the robustness and clinical validity of the proposed framework, a multi-source ECG 

integration strategy was adopted. The clinical dataset consisted of 6,000 ECG segments collected from 

the MIT-BIH atrial fibrillation database and the PhysioNet CinC 2017 dataset. In addition, a 

secondary wearable ECG dataset containing 20,000 noisy ECG recordings from the AF Signal 

Dataset [30] was utilized to evaluate cross-domain robustness under real-world noise conditions. All 

datasets were independently partitioned into training, validation, and testing subsets using a strict 

patient-level separation protocol to prevent information leakage between training and evaluation 

stages. The clinical dataset was primarily employed for supervised learning and model validation, 

whereas the noisy wearable ECG dataset was used to assess model generalization capability under 

motion artifacts and baseline drift conditions. To ensure objective performance evaluation and prevent 

data leakage, a strict subject-independent dataset partitioning strategy was adopted throughout the 

experiments. The ECG datasets were divided into training, validation, and testing subsets using a 

70:15:15 ratio at the patient level, ensuring that ECG recordings originating from the same subject did 

not appear across subsets simultaneously. This separation protocol was applied consistently to the 

clinical ECG datasets and the wearable noisy ECG datasets to guarantee unbiased cross-domain 

evaluation and reliable generalization assessment. 
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2.2. Pre-processing stage 

Preprocessing plays a crucial role in enhancing signal-to-noise ratios and ensuring consistency in 

the input format to the subsequent layers of joint optimization. The four key procedures in this phase 

aimed at normalizing the characteristics of the multi-source datasets. 

• Synchronization and resampling of signals: A digital resampling procedure was first used to 

synchronize all signals to a common frequency of 300 Hz because the large-scale Kaggle dataset was 

sampled at 400 Hz, while the clinical PhysioNet data was captured at 300 Hz. This uniform temporal 

resolution was essential to causing the BiLSTM layers to learn consistent shapes of heartbeats and not 

be biased by frequency. 

• Filtering and removal of artifacts: A multi-stage filtering was employed to eliminate physiological 

and environmental disturbance. This was made up of a notch filter at 50/60 Hz to remove power-line 

interference and a zero-phase Butterworth band-pass filter (0.5 Hz to 45 Hz) to reduce baseline wander 

and muscular artifacts. These filters eliminated high-frequency noise that may have undermined the 

margin-conscious dSVM decision boundary without loss of the clinically significant P-QRS-T 

complexes. 

• HRV extraction and R-peak detection: To identify the R-peaks so as to measure the dynamic 

features of the heart rate, the Pan-Tompkins method, based on derivative and integration operations to 

identify the ventricular depolarization sites, was employed. These peaks were then used to compute the 

RR-interval sequences, which gave the necessary statistical descriptors of the Knowledge-Augmented 

clinical stream. This ensured that the (HRV) data and raw morphology were incorporated in the 

framework. 

• Weaknesses segmentation and normalization of signals: To ensure all dimensions of the neural 

manifold were the same, continuous ECG recordings are divided into fixed-length parts (e.g., 5 

seconds or 10 seconds). The segments are then normalized to Z-score, which brings the amplitudes to 

a zero value and unit variance. Throughout the training process, this step accelerated the convergence 

of the gradient descent of joints and biases due to the subject. 

2.3. Feature extraction 

The classification of ECG signals was based on the statistical (HRV) characteristics derived as 

the beat-to-beat variation and rhythm irregularities of a clinically significant size in determining AF 

diagnosis, based on RR interval series. RR interval, calculated as per the equations [31,32], is the 

interval between two R-waves and is inversely proportional to heart rate. Since the LSTM networks 

have gating mechanisms, which capture the short- and long-term temporal dependencies, they offer a 

good model to such RR-interval dynamics  [33,34].Statisitical and temporal parameters that reflect 

heart rhythm, variability, and morphological aspects were extracted from the ECG data. Each feature 

was defined analytically, and determined using pre-processed ECG segments, as explained below. 

The selected HRV and morphological ECG descriptors were chosen based on their established 

clinical relevance to AF pathophysiology. HRV-related features capture irregular ventricular rhythm 

variability and loss of normal autonomic regulation, which are characteristic manifestations of AF 

episodes. In addition, morphological ECG features such as RR interval dynamics, waveform 

irregularities, and temporal atrial activity variations provided clinically meaningful indicators 

associated with abnormal cardiac conduction behavior. Integrating these handcrafted clinical 
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descriptors with deep temporal representations improves interpretability and enhances discriminative 

feature learning under heterogeneous and noisy ECG acquisition environments. 

2.3.1. Temporal feature extraction 

RR interval: The 𝑹𝑹 interval represents the time difference between two consecutive R-peaks in the 

ECG waveform: 

𝑅𝑅𝑖 = 𝑡𝑅𝑖 − t𝑅𝑡−1
, 𝑖 = 2,3, … , 𝑁,                               (1) 

where 𝑡(𝑅𝑖) is the time position of the 𝑖-th R-peak. The RR interval represents the time interval 

between two consecutive beats, and it is the primary indicator for analyzing heart rate variability (HRV) 

and distinguishing between AF and normal rhythm [34]. 

P-wave duration: The duration of the P-wave indicates the period of atrial depolarization [35]: 

𝑃𝑑𝑢𝑟 = 𝑡𝑃𝑜𝑛𝑠𝑒𝑡
− 𝑡𝑃𝑒𝑛𝑑

,                                   (2) 

where 𝑡𝑃𝑜𝑛𝑠𝑒𝑡
 and 𝑡𝑃𝑒𝑛𝑑

 denote the start and end of the P-wave, respectively. It reflects atrial activity 

and conduction consistency. 

QRS duration: This feature measures ventricular depolarization: 

𝑄𝑅𝑆𝑑𝑢𝑟 = 𝑡𝑆 − 𝑡𝑄,                                  (3) 

where 𝑡𝑄 and 𝑡𝑆  indicate the onset and end of the QRS complex. Prolonged QRS duration may 

reflect conduction block or abnormal ventricular activation [35]. 

PR interval: The PR interval represents the conduction time from atrial to ventricular activation [35]: 

𝑃𝑅𝑖𝑛𝑡 = 𝑡𝑄 − 𝑡𝑃𝑜𝑛𝑠𝑒𝑡
.                                (4) 

This interval is a useful indicator of atrioventricular (AV) conduction delay. 

Heart rate (HR): It represents the average heart rate and is used as a basic standard to describe the 

regularity of the heart rhythm [36]. 

𝑅𝑅𝑚𝑒𝑎𝑛 =
1

𝑁−1
∑ 𝑅𝑅𝑖

𝑁
𝑖=2 , 

𝐻𝑅 =
60

𝑅𝑅𝑚𝑒𝑎𝑛
,                                    (5) 

where 𝑅𝑅𝑚𝑒𝑎𝑛 is the average RR interval in seconds. It is a fundamental rhythm parameter. 

Statistical and HRV-derived features: Root mean square of successive differences, or (RMSSD) 

(HRV) is evaluated using this time-domain statistical measure, which mainly captures the autonomic 

nervous system's transient activity [35]: 

ΔRR𝑖 = 𝑅𝑅𝑖+1 − 𝑅𝑅𝑖          𝑖 = 2,3, … , 𝑁 − 1.                          (6) 

This produces N−2 differences. Then square each difference: 

(ΔRR𝑖)2 = (𝑅𝑅𝑖+1 − 𝑅𝑅𝑖)2.                                   (7) 
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Compute the mean of squared differences: 

1

𝑁−1
= ∑ (𝑅𝑅𝑖+1 − 𝑅𝑅𝑖)2𝑁−1

𝑖=1 , 

RMSSD = √
1

N−1
 ∑ (RRi+1 − RRi)

2N−1
i=1 ,                        (8) 

where it is the difference between successive RR periods. 𝑅𝑅𝑖+1 − 𝑅𝑅𝑖 is the sum of the squares of 

the differences ∑ .𝑁−1
𝑖−1  𝑁 is the number of 𝑅𝑅 periods (or pulses) in the recording. 𝑁 − 1 is the 

number of successive differences. 

2.3.2. Statistical feature extraction 

SDNN (Standard deviation of SDNN intervals): SDNN is defined as the standard deviation of 

time between normal heartbeats (NN intervals) over a given time period, and is used as a measure of 

(HRV) [35]. 

RR̅̅ ̅̅ =
1

N
∑ RRi

N
i=1 ,                                 (9) 

SDNN = √
1

N−1
∑ (RRi − RR̅̅ ̅̅ )2N

i−1 ,                                 (10) 

where 𝑁 is the number of time intervals, 𝑅𝑅𝑖 is the value of an individual time interval,and 𝑅𝑅̅̅ ̅̅  is 

the average of all time intervals. 

Mean amplitude: This is the electrocardiogram (ECG) signal’s average amplitude. The displayed 

mathematical formula is: 

μ =
1

N
∑ xi

N
i=1 ,                                        (11) 

where 𝑥𝑖 is the sample value of the signal, standard deviation: denoted by µ, measures the variance 

of the signal [36]. 

Standard deviation (σ): Quantifies signal variability: 

𝜎 = √
1

𝑁−1
 ∑ (𝑥𝑖 − 𝜇)2𝑁

𝑖−1 .                            (12) 

For each data point, 𝜇 is the arithmetic mean, and 𝑁 is the number of data points [37]. 

Variance (Var): Measures the overall dispersion of signal amplitude: 

Var =
1

N−1
∑ (xi

N
i=1 −μ)2.                                  (13) 

A high variance indicates unstable cardiac dynamics [11]. 

Skewness: Quantifies asymmetry in the ECG amplitude distribution: 

Skew =
1

N
∑ (

xi−μ

σ
)3N

i=1 .                       (14) 

Positive skewness may indicate higher amplitude peaks or artifacts [11]. 
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Kurtosis: Measures the pawedness or flatness of the signal: 

Kurt =
1

N
∑ (

xi−μ

σ
)4N

i=1 .                                   (15) 

Higher kurtosis indicates sharp R-peaks and strong periodicity [11]. 

Entropy: This quantifies a signal’s complexity or irregularity. Each amplitude level’s probability is 

determined using it. Arrhythmic activity is frequently linked to increased entropy [19]. 

H = − ∑ pii log(pi),                              (16) 

where 𝑝𝑖 ≥ 0, ∑ 𝑝𝑖 = 1𝑖  is the probability of each amplitude level. Increased entropy often correlates 

with arrhythmic activity. 

Energy: Quantifies the total power of the ECG segment [19]: 

E = ∑ xi
2N

i=1 .                                       (17) 

This feature is essential for signal strength analysis and normalization. 

Zero crossing rate (ZCR): This frequency-domain metric shows how quickly signal polarity shifts: 

Define the sign function: 

𝑠𝑖gn(x) = {
+1      x > 0
0         x = 0
−1      x < 0

 

ZCR =
1

2N
∑ |sign(xi+1) − sign(xi)|N

i=1 ,                        (18) 

where 𝑠𝑖𝑔𝑛(𝑥𝑖+1) and 𝑠𝑖𝑔𝑛(𝑥𝑖) is the sign function. Higher 𝑍𝐶𝑅 values are associated with noisy 

or high-frequency components. 

2.4. Feature concatenation 

An enhanced feature matrix X_enhanced was created by combining the extracted statistical and 

signal features with the original characteristics X. Following the extraction of the derived statistical or 

signal-based features (e.g., mean, SDNN, and RMSSD) and the original features X_original from the 

ECG signal (e.g., RR intervals, P-wave duration, QRS width), all feature sets were concatenated into 

an augmented feature matrix as follows: 

Xenhanced = [Xoriginal‖Xstatistical‖Xsignal],                     (19) 

where, [  ∥  ] denotes horizontal concatenation between feature vectors or matrices. 𝑿𝒆𝒏𝒉𝒂𝒏𝒄𝒆𝒅  ∈

𝑹𝑵×𝑴 represents the final feature matrix containing N samples and M total features [14]. HRV feature 

projection to the temporal manifold, manual features are projected onto the same latent space to 

guarantee dimensional consistency: 

X̃statistical = WsXstatistical + bs,                           (20) 
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X̃signal = WgXsignal + bg,                              (21) 

Xenhanced = [h(x; θ)‖X̃statistical‖X̃signal].                       (22) 

Derivation of loss with respect to enhanced representation. Let us assume that the dSVM classification 

header incurs a loss: 

𝐿𝑆𝑉𝑀 = ℒ(𝑋enhanced). 

Since integration is a linear process, then: 

∂LSVM

∂Xenhanced
= [

∂L

∂h
,

∂L

∂X̃statistical 
,

∂L

∂signal
].                           (23) 

Derivation of the gradient with respect to the time representation (BiLSTM) 

𝜕𝐿

𝜕θ
=

𝜕𝐿

𝜕h
.

𝜕h(x;θ)

𝜕θ
.                                  (24) 

2.5. Feature normalization 

To standardize feature scales, features are normalized using Z-score normalization (zero mean, 

unit variance). Z-score normalization is applied to each feature dimension to guarantee that all 

features have a comparable numerical scale and to prevent the domination of features with large 

magnitudes [14]: 

𝑍𝑖,𝑗 =
𝑋𝑖,𝑗−𝜇𝑗

𝜎𝑗
,                                   (25) 

where 𝑋𝑖,𝑗 is the original value of feature j in sample i. 𝜇𝑗 is the mean of feature j. 𝜎𝑗 is the standard 

deviation of feature j. 𝑍𝑖,𝑗 is the normalized feature value (zero mean, unit variance). 

2.6. Experimental setup and reproducibility 

The proposed framework was implemented using Python and TensorFlow on an NVIDIA 

GPU-based computing environment. The model was trained using the Adam optimizer with an initial 

learning rate of 0.001 and a batch size of 32 for 100 training epochs. Early stopping was employed to 

reduce overfitting during optimization. A fixed random seed was utilized to improve experimental 

reproducibility.  Hyperparameter tuning was performed empirically by evaluating multiple 

configurations of learning rates, dropout ratios, hidden dimensions, and margin coefficients. The final 

parameter settings were selected according to validation performance stability and convergence 

behavior. 

2.6.1. Margin-aware differentiable SVM optimization 

The proposed differentiable SVM optimization strategy was formulated based on the principle of 

structural risk minimization and geometric margin maximization. For binary classification, the 
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conventional hinge-loss objective is defined as: 

ℒℎ𝑖𝑛𝑔𝑒 = max(0,1 − 𝑦𝑓(𝑥)),                             (26) 

where 𝑦 ∈  {−1, +1} represents the class label and 𝑓(𝑥) denotes the decision function. Although 

the conventional hinge-loss objective promotes margin maximization, its non-smooth behavior 

around the margin boundary limits gradient stability during backpropagation-based optimization. 

To address this limitation, the proposed framework adopted a differentiable squared hinge-loss 

formulation: 

ℒ𝑠𝑞𝑢𝑎𝑟𝑒𝑑 = max(0,1 − 𝑦𝑓(𝑥))2.                             (27) 

The squared hinge-loss objective provides smoother gradients and stronger penalization for 

near-margin violations, thereby improving optimization stability and facilitating seamless integration 

with deep temporal representation learning. This differentiable formulation enables end-to-end joint 

optimization between the BiLSTM encoder and the margin-aware classification head using 

gradient-based backpropagation. 

2.6.2. BiLSTM structural architecture 

To extract latent temporal representations from ECG signals, the BiLSTM network was 

developed. The proposed architecture was optimized using a Margin-Aware objective that enhances 

hidden-state discriminability compared with conventional LSTM-based architectures. The 

architectural parameters of the proposed BiLSTM framework are summarized in Table 2, 

highlighting the replacement of the conventional Softmax classifier with the differentiable SVM 

(dSVM) optimization head [35]. During training, a hybrid optimization strategy was employed in 

which the cross-entropy component was utilized as an auxiliary stabilization term during early-stage 

representation learning, while the differentiable SVM objective with squared hinge loss remained the 

principal classification criterion throughout the optimization process. 

2.6.3. SVM objective derivation from first principles 

We began by establishing the support vector machine (SVM) aim from first principles to 

construct a theoretically grounded categorization framework. Using a training dataset with labels: 

{(𝑥𝑖 , 𝑦𝑖)}𝑖=1
𝑁 ,                               (28) 

where 𝑥𝑖 ∈ 𝑅𝑑 symbolizes the deep feature vector that was taken from the suggested CNN-BiLSTM 

architecture, and 𝑦𝑖 ∈ {−1, +1} represents the class labels associated with AF and normal rhythm. 

SVM's goal is to identify the best separation hyperplane, which is defined as: 

𝑤𝑇𝑥 + 𝑏 = 0,                              (29) 

where b stands for the bias term and w for the weight vector. By increasing the margin between the two 

classes, the ideal hyperplane was found, which enhances generalization performance and lessens 

overfitting. The following constrained optimization problem can be used to create the margin 

maximization problem ,subject to: 
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min
𝑤,𝑏

1

2
‖𝑤‖2,                                 (30) 

𝑦𝑖(𝑤𝑇𝑥𝑖 + 𝑏) ≥ 1,       𝑖 = 1,2, … , 𝑁. 

However, because of environmental and physiological factors, ECG signals frequently contain noise 

and fluctuation. Thus, to enable restricted misclassification, a soft-margin formulation is developed by 

adding slack variables 𝜉 i ≥ 0, subject to: 

min
𝑤,𝑏,𝜉

1

2
‖𝑤‖2 + 𝐶 ∑ 𝜉𝑖

𝑁
𝑖=1 ,                           (31) 

𝑦𝑖(𝑤𝑇𝑥𝑖 + 𝑏) ≥ 1 − 𝜉𝑖,                           (32) 

where the trade-off between margin maximization and classification error minimization is governed 

by the regularization parameter C. Hinge loss can be used to rewrite this formulation, yielding the 

unconstrained optimization problem: 

ℒℎ𝑖𝑛𝑔𝑒 =
1

2
‖𝑤‖2 + 𝐶 ∑ max(0,1 −𝑁

𝑖=1 𝑦𝑖(𝑤𝑇𝑥𝑖 + 𝑏)).               (33) 

This hinge-loss formulation enables effective optimization in high-dimensional feature spaces 

retrieved by deep neural networks and serves as the foundation for discriminative classification. 

2.6.4. Theoretical justification of squared hinge loss 

Instead of using the usual hinge loss, the squared hinge loss is used to increase optimization 

convergence and gradient smoothness [34]. The optimization goal that results is as follows: 

ℒ𝑠𝑞 =
1

2
‖𝑤‖2 + 𝐶 ∑ max(0,1 −𝑁

𝑖=1 𝑦𝑖(𝑤𝑇ℎ𝑖 + 𝑏))2.                  (34) 

Smoother gradients close to the decision boundary, higher penalization of incorrectly classified 

samples, and enhanced numerical stability are just a few benefits of the squared hinge loss that 

collectively increase generalization performance. Because class boundaries in ECG classification are 

frequently noisy and nonlinear, these characteristics are especially advantageous. Moreover, squared 

hinge loss in combination with deep feature extractors can enable effective learning with 

gradient-based optimization to enhance classification robustness and discriminative representation 

learning to identify atrial fibrillation. 

The gradient of the proposed objective with respect to the model parameters can therefore be 

expressed as: 

𝜕𝐿𝑠𝑞

𝜕𝑤
= 𝑤 − 2𝑐 ∑ 𝑖: 𝑦𝑖𝑓(𝑥𝑖) < 1𝑦𝑖𝑥𝑖(1 − 𝑦𝑖𝑓(𝑥𝑖)).              (35) 

This differentiable formulation enables stable gradient propagation during backpropagation and 

facilitates joint end-to-end optimization between latent temporal representation learning and 

margin-aware classification. 
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2.6.5. Gradient derivation for fusion parameters 

To enable end-to-end optimization, the parameters of fusion α and β were jointly trained. The 

derivatives of the joint loss in terms of the fusion weights were thus derived [37]. With the merged 

representation in mind: 

𝑍𝑓𝑢𝑠𝑖𝑜𝑛 = 𝛼𝑍𝑑𝑒𝑒𝑏 + 𝛽𝑍𝑐𝑙𝑖𝑛𝑖𝑐𝑎𝑙,                          (36) 

where 𝑧𝑑𝑒𝑒𝑝 denotes the latent temporal representation extracted by the BiLSTM encoder, zclinical 

represents the handcrafted clinical ECG descriptors, and α and β are adaptive weighting coefficients 

controlling multimodal feature contribution. This latent fusion strategy improves representation 

alignment between data-driven temporal learning and clinically interpretable ECG characteristics . 

From a geometric perspective, the fusion mechanism improves latent manifold separability by 

constraining deep feature embeddings toward clinically consistent representation regions, thereby 

enhancing robustness against noisy wearable ECG perturbations and improving cross-domain 

generalization capability. 

Given the previously defined squared hinge loss, the overall loss function may be written as 

follows: 

ℒ =
1

2
‖𝑤‖2 + 𝐶 ∑ max(0,1 − 𝑦𝑖(𝑤𝑇ℎ𝑓𝑢𝑠𝑖𝑜𝑛 + 𝑏))2.                 (37) 

To maximize the fusion parameters, we calculated gradients by the chain rule. Gradient with 

respect to α, Gradient with respect to β: 

𝜕𝐿

𝜕𝛼
=

𝜕𝐿

𝜕ℎ𝑓𝑢𝑠𝑖𝑜𝑛
∙ ℎ𝑑𝑒𝑒𝑏,                             (38) 

𝜕𝐿

𝜕𝛽
=

𝜕𝐿

𝜕ℎ𝑓𝑢𝑠𝑖𝑜𝑛
∙ ℎ𝑠𝑡𝑎𝑡. 

During training, the fusion weights could be adjusted adaptively thanks to these gradients. 

Because of this optimization, automated learning of feature importance, reduced manual parameter 

adjustment, better classification performance, and increased model adaptability Gradient-based 

optimization were utilized to update the fusion parameters: 

𝛼 = 𝛼 − 𝜂
𝜕𝐿

𝜕𝛼
,                                 (39) 

𝛽 = 𝛽 − 𝜂
𝜕𝐿

𝜕𝛽
,                                 (40) 

where the learning rate is represented by η. This joint optimization method improves the resilience of 

the model and improves its generalization, such that the model can actively learn the best contribution 

of the statistical and deep characteristics [38]. 

2.6.6. Fusion parameter constraints 

The fusion parameters are constrained to ensure stability of the fusion mechanism and its 
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interpretability. In particular, we uphold: 

𝛼 + 𝛽 = 1           𝛼 ≥ 0, 𝛽 ≥ 0.                        (41) 

These constraints ensure the fusion weights form a convex combination of representations of the 

features. This makes training not volatile and not have one type of feature that dominates. The fusion 

representation with these limitations is as follows: 

ℎ𝑓𝑢𝑠𝑖𝑜𝑛𝛼ℎ𝑑𝑒𝑒𝑏 + (1 − 𝛼)ℎ𝑠𝑡𝑎𝑡.                        (42) 

This formulation enhances stability of optimization and reduces the complexity of parameters. 

The constrained fusion technique provides: Improved stability in the numbers, better interpretability 

balanced contribution by the features, and reduced possibility of overfitting. These features are 

particularly important in ECG-based atrial fibrillation detection, as reliable clinical use requires robust 

feature integration. 

2.6.7. Joint loss formulation 

We develop a combined optimization objective that combines the CNN–BiLSTM feature extractor, 

fusion mechanism, and squared hinge loss classifier into a single end-to-end learning framework to 

enable unified optimization of deep feature extraction and discriminative classification [36,39]: 

ℎ𝑑𝑒𝑒𝑏 

denots deep temporal features extracted from CNN–BiLSTM. 

ℎ𝑠𝑡𝑎𝑡. 

Represents statistical ECG features, and 

ℎ𝑓𝑢𝑠𝑖𝑜𝑛 = 𝛼ℎ𝑑𝑒𝑒𝑏 + 𝛽ℎ𝑠𝑡𝑎𝑡,                           (43) 

shows the representation of the combined features. The final output of the classifier is described as: 

𝑓(𝑥𝑖) = 𝑤𝑇ℎ𝑓𝑢𝑠𝑖𝑜𝑛 + 𝑏.                             (44) 

The joint optimization objective is expressed as follows using squared hinge loss: 

𝐿𝑗𝑜𝑖𝑛𝑡 =
1

2
‖𝑤‖2 + 𝐶 ∑ max(0,1 − 𝑦𝑖𝑓(𝑥𝑖))

2𝑁
𝑖=1 .                   (45) 

Substituting the fusion representation: 

𝐿𝑗𝑜𝑖𝑛𝑡 =
1

2
‖𝑤‖2 + 𝐶 ∑ max(0,1 − 𝑦𝑖(𝑤𝑇(𝛼ℎ𝑑𝑒𝑒𝑏 + 𝛽ℎ𝑠𝑡𝑎𝑡) + 𝑏)2.          (46) 

This method can be used to optimize CNN parameters, BiLSTM parameters, and fusion weights. 

(α, β) and SVM classifier weights (w, b). Thus, a unified learning approach that simultaneously 

maximizes feature extraction and classification was used to train the suggested model. Improved 

feature discriminability, increased classification resilience, decreased error propagation, and improved 

convergence stability are some of the benefits of collaborative optimization. This integrated 



19892 

AIMS Mathematics  Volume 11, Issue 7, 19876–19920. 

formulation highly improves the performance of AF detection, in comparison to sequential training 

approaches. 

2.6.8. Theoretical interpretation and generalization analysis 

The proposed joint optimization system integrates deep learning of features with a margin-based 

learning system to enhance generalization. The squared hinge loss enhances robustness and minimizes 

overfitting by introducing a larger separation between atrial fibrillation and normal ECG classes. 

Furthermore, the fusion technique minimizes model variance and enhances feature diversity by 

integrating complementary representations, such as physiological ECG information and deep temporal 

features from CNN-BiLSTM. Hence, the ability of the proposed model to be generalized can be 

explained with the help of margin theory. 

Generalization Error ∝
1

Margin
.                         (47) 

Whereas joint optimization reduces the representation mismatch between feature-extraction and 

classification steps to improve convergence and training stability, maximization of the margin with 

squared hinge loss improves generalization. Additionally, the fusion process improves robustness 

against motion artifacts, wearable device variability, and noisy ECG readings. Because of these 

benefits, the suggested framework for atrial fibrillation identification utilizing wearable ECG data is 

both theoretically sound and practically sound. 

2.6.9. Optimization algorithm 

We use an end-to-end optimization approach with gradient-based learning to effectively train the 

suggested hybrid CNN–BiLSTM–Fusion–SVM framework. To find the ideal parameters, the joint 

loss function that was determined in the preceding section is iteratively minimized. The definition of 

the total parameter set is: 

Θ = {θCNN, θBiLSTM, α, β w, b},                       (48) 

where 𝜃𝐶𝑁𝑁  represents CNN parameters, 𝜃𝐵𝑖𝐿𝑆𝑇𝑀  represents BiLSTM parameters, 𝛼, 𝛽  represent 

fusion weights, and 𝑤, 𝑏 represent SVM classifier parameters. The objective is to minimize the joint 

loss: 

min
Θ

𝐿𝑗𝑜𝑖𝑛𝑡(Θ).                                (49) 

The optimization is performed using gradient descent: 

Θ𝑡+1 = Θ𝑡 − 𝜂∇𝐿𝑗𝑜𝑖𝑛𝑡(Θ𝑡),                           (50) 

where t stands for the iteration index and η for the learning rate. BiLSTM records temporal 

dependencies, CNN extracts local ECG features, and the fusion layer combines statistics and deep 

features during training. After margin-based classification, combined loss computation, and 

backpropagation are performed by the SVM classifier. Until convergence, this iterative process is 
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carried out. The suggested improvement improves the accuracy of AF detection by enabling 

end-to-end learning, steady convergence, better classification performance, and less overfitting. 

2.6.10. Statistical significance analysis 

Statistical significance analysis was carried out over several runs to guarantee the dependability 

of the experimental data. Repeated experiments with various random initializations were used to 

assess the suggested model. The mean and standard deviation are presented after each experiment is 

carried out five times: 

Accuracy = Mean ± Std.                            (51) 

This assessment makes sure that improvements in performance are not the result of dataset bias or 

random initialization. Additionally, the suggested model was compared with baseline techniques using 

a paired t-test. A significance level was used to assess the statistical significance: 

𝑝 < 0.05. 

The performance improvement is deemed statistically significant if the p-value is less than 0.05. 

The results of the statistical analysis offer: Trustworthy performance assessment, decreased bias in 

experiments, and increased reproducibility. Confidence intervals were also calculated to assess 

performance stability for more robust scientific validation: 

𝐶𝐼 = 𝜇 ± 1.96
𝜎

√𝑛
,                              (52) 

where μ was the mean accuracy, standard deviation is σ, and number of runs was n. In comparison to 

baseline techniques, this research shows that the suggested model produces consistent and 

statistically significant performance gains. In clinical ECG cases where reliability of the operations is 

the most significant requirement in practical application, such a statistical validation is demanded. 

2.6.11. Robustness analysis 

Robustness analysis was carried out in real-world scenarios, such as noisy ECG signals, motion 

artifacts, different signal durations, and cross-dataset validation, to assess reliability. Variability of 

wearable devices was modeled by adding Gaussian noise and signal distortions, and model 

adaptability was tested by changing sequence lengths. Performance was evaluated by sensitivity, 

specificity, accuracy and F1-score. The consistent performance of the results in noisy environments 

could be attributed to BiLSTM temporal modeling, fusion-based feature integration, and margin-based 

dSVM classification. These results validate the robustness and applicability of the suggested 

methodology for wearable ECG data-based real-world atrial fibrillation identification. 

2.6.12. Cross-validation strategy 

The cross-validation was five-fold to reduce the possibility of overfitting and ensure the objective 

evaluation. The dataset was divided into five subsets, four of which were used to train and the other 

one to test. The average performance across all folds was reported when this procedure was repeated 
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five times using various test folds. The overall performance was computed by the mean accuracy of all 

folds. 

Accuracyavg =
1

k
∑ Accuracyi

k
i=1 .                        (53) 

Likewise, to ensure a correct evaluation, F1-score and sensitivity were mean-fold. Stratified 

cross-validation was applied to maintain balanced classes distributions and optimize generalization 

and fair comparison with baseline models. This method improved the results' repeatability and 

dependability. Finally, Adam was employed to enhance network parameters, to enable the proposed 

BiLSTM-dSVM to be trained efficiently end-to-end. Table 2 shows the BiLSTM structural 

architecture. 

Table 2. Detailed architectural configuration of the BiLSTM-dSVM. 

Layer 

index 
Component Configuration Functional role & rationale 

1 Input projection (Batch, 40, 100) 
Normalizes 10s ECG signals (400Hz) into temporal 

segments for windowed analysis. 

2 BiLSTM (Layer 1) 64 Hidden units 
Captures low-level bidirectional features (P-wave and 

T-wave correlations). 

3 BiLSTM (Layer 2) 64 Hidden units 
Extracts high-level global context and temporal rhythms of 

the QRS complex. 

4 Batch normalization γ,β trainable 
Stabilizes the latent space distribution, ensuring robust 

features for the dSVM head. 

5 Dropout layer Rate = 0.3 - 0.4 
Prevents overfitting and ensures generalization across 

MIT-BIH and Kaggle datasets. 

6 dSVM linear head 
Weight matrix 

W∈R128×C 

The Novelty: Implements structural risk minimization for 

margin-based classification. 

The training strategy and the mixed loss function were carefully designed to overcome the 

limitations of the classical classification approach, to achieve better convergence, to achieve a better 

robustness against noisy ECG signals and to improve the capacity of the model to be generalized. In 

Table 3, the technical features of the model that are necessary for its stability in relation to noise are 

summarized. The optimized training hyperparameters and the hybrid loss function proposed for the 

robustness of the model against the noisy ECG signal are given in Table 3. 

Table 3. Optimized training and hybrid loss hyperparameters. 

Hyperparameter Optimized value Technical justification 

Optimization Adam (adaptive) Best for non-stationary ECG signals with sparse gradients. 

Initial LR 1×10−3 Fine-tuned to stabilize the Squared Hinge Loss convergence. 

Hybrid loss ratio 0.7 CE : 0.3 dSVM Balances probabilistic accuracy with geometric margin maximization. 

Class weighting 1:15 (Normal:AF) Critical for medical diagnosis to penalize False Negatives (Missing AF). 

Batch size 32 Optimized for GPU memory and stochastic gradient stability. 
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2.7. Model classification 

A unified multi-view learning paradigm replaced the conventional independent model stacking in 

the suggested framework. We employed three specialized streams: A statistical stream for 16 HRV 

descriptors, a CNN for local morphological patterns, and a BiLSTM for global temporal dependencies. 

This system was structured to align the heterogeneous and noisy 20,000-sample wearable data with the 

high-fidelity 6,000 clinical blocks. These were not concatenated but combined into a Joint Latent 

Manifold, and a dSVM head was optimized over them simultaneously. This maximized the geometric 

margin between arrhythmia classes by making sure that the deep-learned characteristics and clinical 

domain knowledge were mutually reinforced in the diagnostic conclusion. 

2.8. Morphological representation stream 

The proposed system used a stream of a convolutional neural network (CNN) to extract 

discriminative morphological features of the integrated multi-source data automatically. This stream 

addressed the dual nature of the data, the messy, high-noise 20,000-sample wearable data, and the 

high-fidelity 6,000 clinical segments. The CNN layers provided the required noise resistance to 

analyze motion artifacts seen in large-scale wearable recordings, while the BiLSTM concentrated on 

temporal dynamics by capturing small structural fluctuations within the P-QRS-T complex. Each ECG 

segment from both data sources was reshaped into an efficient tensor of size 8 × 1 × 1 in order to take 

use of MATLAB’s high-performance processing interfaces. Z-score normalization was performed to 

the input layer before feature extraction to ensure optimization stability by standardizing the signal 

distribution across the 300 Hz and 400 Hz sources. The dSVM head optimized these morphological 

embeddings, which were not independent; instead, they are projected onto a joint latent manifold. This 

efficiently bridged the gap between well selected clinical standards and noisy real-world data by 

ensuring that the learned filters prioritized waveforms that optimized the geometric margin between 

arrhythmia classes. 

Input and normalization layer: When a feature value in the numerical column data had a different 

range, the procedure of normalization was applied to the data. This procedure maintained the data’s 

value within the range necessary for a deep learning model to learn more quickly and steadily. This 

approach used the z-score method for normalization, which involved calculating the dataset’s mean (μ) 

and standard deviation (σ). For every sample value in the data, the initial movement about the mean 

was computed. The outcome was then split by the standard deviation. The following equation provides 

the z-score’s mathematical representation: After preprocessing, we represent the ECG segment as a 

vector [35]: 

𝑥 ∈ ℝ8×1.                                       (54) 

The input layer applies z-score normalization: 

𝑋~ =
𝑥−𝜇(𝑥)

𝜎(𝑥)+𝜖
,                                      (55) 

𝜇(𝑥) =
1

8
∑ 𝑥𝑖

8
𝑖=1  is the mean of the input vector, 𝜎(𝑥) = √

1

7
∑ (𝑥𝑖 − 𝜇)28

𝑖=1 , 𝜀 is a small constant to 

avoid division by zero. 
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Convolution layear: For the 𝜄-th convolution layer using a kernel of size × 31 with “same” padding, 

the output feature map at channel 𝐾 is [19]: 

𝑍𝑘
𝜄 = 𝑊𝑘

(𝜄)
∗ 𝑎(1−𝜄) + 𝑏𝑘

(𝜄)
,                                 (56) 

where ∗ denotes convolution, 𝑎(1−𝜄) is the previous activation, and 𝑏𝑘
(𝜄)

 is the bias term. 𝑊𝑘
(𝜄)

 is the 

convolution kernel for channel 𝑘, 𝒁(𝟏) ∈ ℝ𝟖×𝟏×𝟔𝟒 

Batch normalization layear: Using learnable parameters for scaling and offsetting, batch 

normalization is used to normalize values within a training batch to speed up convergence and enhance 

stability [19]. 

Ẑ(ι) =
Z(ι)−μB

√σB
2 +ε

,                                      (57) 

𝑌(𝜄) = Υ𝑍̂(𝜄) + 𝛽,                                   (58) 

where 𝜇𝐵 is the batch mean, 𝜎𝐵
2 𝐵, 𝜎  are batch statistics, and 𝛾, 𝛽 are learnable parameters. 

ReLU activation layear: During training, the ReLU function increases the model's nonlinearity and 

lessens the gradient vanishing issue. 

𝑎(𝜄) = max(0, 𝛾(𝜄)).                                 (59) 

Max pooling layear: By lowering the temporal dimension while maintaining the most important 

characteristics, Max Pooling lowers computing complexity. Max pooling with window 1x2 and stride 

1x2 is after Conv2. 

𝛲𝑖,𝑘 = max
𝑢∈{0,1}

(𝑎𝑘,2𝑖+𝜇
(2)

).                               (60) 

This halves the temporal resolution (from 8 to 4): 

𝑃 ∈ ℝ4×1×64.                                (61) 

Deeper convolution and dropout layear: Some units are randomly disabled during training to reduce 

overadaptation and improve generalization. Conv 3 with 128 filters [13]: 

𝑍𝐾
(3)

= 𝑊𝑘
(3)

∗ 𝑃 + 𝐾, 𝑏𝑘
(3)

,   𝑘 = 1, … . ,128.                    (62) 

Fully connected embedding and dropout: The full layer works by integrating the extracted 

properties and transforming them into a unified representation of the classification. [35] Flatten the 

feature map into a vector:  

ℎ = 𝑣𝑒𝑐(𝑎̃(3)) ∈ ℝ𝑑.                                 (63) 

Output layer and softmax: The full layer works by integrating the extracted properties and 

transforming them into a unified representation of the classification [15]. Final logits for 𝐶 classes, 

Softmax probability for class 𝑐, and predicted label: 

𝑜 = 𝑊𝑜𝑢𝑡𝑒∼ + 𝑏𝑜𝑢𝑡,                              (64) 
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𝑝𝑐̂  =  
exp(𝑜𝑐)

∑ exp(𝑜𝑗)𝑐
𝑗=1

, 

𝑦̂ = 𝑎𝑟𝑔 𝑚𝑎𝑥
𝑐

𝑃̂𝑐.                             (65) 

The proposed framework is illustrated in Figure 2, where the feature extraction, hybrid learning 

and dSVM-based classification are combined within a single framework. 

 

Figure 2. CNN model architecture note: This architecture is designed for 1D ECG signals 

and optimized for AF detection using a dSVM classification framework. 

2.9. Proposed joint Margin aware BiLSTM-dSVM framework 

The proposed framework integrated (BiLSTM) feature learning with a (dSVM) optimization 

strategy for AF detection. Rather than introducing a fundamentally new SVM theory, the contribution 

of this work lies in combining temporal ECG representation learning with margin-aware optimization 

to improve robustness and generalization under noisy wearable ECG conditions. The dSVM objective 

was employed to enhance structural risk minimization and improve class discrimination performance 

compared with conventional Softmax-based classification. 

Unlike conventional deep SVM integrations reported in earlier studies such, as Tang [40], Lee 

and Lin [41], and Xie et al. [36], the proposed framework did not claim a fundamentally new dSVM 

formulation. Instead, the contribution of this work lies in the joint integration of a margin-aware 

differentiable SVM objective with BiLSTM temporal representation learning and 
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knowledge-augmented ECG feature fusion for robust atrial fibrillation detection under noisy wearable 

sensing conditions. The proposed architecture combined structural risk minimization with temporal 

sequence modeling to improve robustness, generalization capability, and computational efficiency in 

real-world ECG monitoring scenarios. 

Although hybrid CNN-BiLSTM-SVM architectures have been investigated in other studies, the 

proposed framework differs by employing a jointly optimized differentiable squared hinge-loss 

objective integrated directly within the temporal sequence learning pipeline. In addition, the proposed 

knowledge-enhanced latent fusion mechanism combined handcrafted clinical ECG descriptors with 

deep temporal representations to improve geometric class separability, diagnostic robustness, and 

generalization capability across clinical and noisy wearable ECG datasets. 

2.10. Experimental protocol and dataset-specific analysis 

To ensure that ECG segments from the same subject did not overlap between training and testing 

sets, a stringent subject-aware partitioning methodology was employed to prevent data leaking. To test 

performance under various signal settings, each model was assessed separately on the 20,000-sample 

wearable dataset and the 6,000-sample clinical dataset. The wearable dataset proved robustness to 

noise and domain shift, whereas the clinical dataset offered excellent diagnostic evaluation. 

Cross-dataset testing was also carried out by training on clinical data and testing on wearable signals 

without retraining. To verify consistent performance across both datasets, statistical significance (p < 

0.05) was calculated. 

2.11. Knowledge-augmented latent fusion optimization 

2.11.1. Fusion function definition 

We developed a multi-view feature integration framework that integrated morphological, 

temporal, and clinical representations into a single latent space to formally characterize the suggested 

Knowledge-Augmented Latent Fusion mechanism. The definition of the fused latent representation is: 

𝑧𝑖 = 𝐹(𝑥𝑖) = 𝑊𝑓[ℎ𝐶𝑁𝑁(𝑥𝑖)||ℎ𝐵𝑖𝐿𝑆𝑇𝑀(𝑥𝑖)||𝑘𝑖] + 𝑏𝑓,                 (66) 

where, ℎ𝐶𝑁𝑁(𝑥𝑖) denote features extracted by CNN, ℎ𝐵𝑖𝐿𝑆𝑇𝑀(𝑥𝑖) denote temporal embeddings from 

BiLSTM, 𝑘𝑖  morphological denote knowledge-augmented HRV features, 𝑾𝒇  and 𝒃𝒇  denote 

learnable fusion parameters, and ∣∣ represents feature concatenation. Using physiological priors, this 

concept converts feature sources into a structured latent manifold. 

2.11.2. Fusion optimization objective 

We established the following goal to jointly maximize the fusion representation and classifier: 

ℒ𝑓𝑢𝑠𝑖𝑜𝑛 = ℒ𝑆𝑉𝑀(𝑧𝑖) + 𝜆1‖𝑧𝑖 − 𝜇𝑦𝑖
‖

2
+ 𝜆2‖𝑊𝑓‖

2
,                 (67) 

where the first term prevents overfitting, the second term enforces intra-class compactness, and the 
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third term maximizes margins.This shared goal guarantees that the combined representation is: 

compact, generalizable, and discriminative 

2.11.3. Theoretical interpretation 

The knowledge-augmented fusion reduces intra-class variation while increasing representation 

diversity, according to learning theory. Stronger margin maximization and better class separability 

result from this. Furthermore, the fusion module is trained end-to-end because the dSVM classifier and 

the fused representation were optimized together. Applying the chain rule 

𝜕ℒ

𝜕𝑥
=

𝜕ℒ

𝜕𝑧
∙

𝜕𝑧

𝜕𝑥
.                                (68) 

As a result, the margin-aware SVM objective implicitly optimizes the fusion representation. 

Improved generalization and resilience under noisy wearable ECG settings are theoretically justified 

by this differentiable fusion model. 

2.12. Joint Margin aware loss derivation 

We developed a margin-aware squared hinge loss that is coupled with the suggested fusion 

representation to simultaneously maximize feature learning and classification. With a merged 

representation, 

𝑧𝑖 = 𝐹(𝑥𝑖). 

The standard hinge loss is defined as: 

ℒℎ𝑖𝑛𝑔𝑒 = ma x(0,1 − 𝑦𝑖(𝑤𝑇𝑧𝑖 + 𝑏)).                       (69) 

Hinge loss, however, creates unstable gradients in deep learning environments and is not 

differentiable everywhere. As a result, we used squared hinge loss [38]: 

ℒ𝑠𝑞𝑢𝑎𝑟𝑒𝑑 = 𝑚𝑎𝑥(0, 1 − 𝑦𝑖(𝑤𝑇𝑧𝑖 + 𝑏))2.                     (70) 

The squared hinge loss yields: Stable optimization, smooth gradients, increased convergence. 

2.12.1. Joint optimization objective 

The final joint loss is defined as: 

ℒ𝑡𝑎𝑡𝑎𝑙 =
1

2
‖𝑤‖2 + 𝐶 ∑ 𝑚𝑎𝑥(0, 1 − 𝑦𝑖(𝑤𝑇𝑧𝑖 + 𝑏))2𝑁

𝑖=1 ,              (71) 

where the term penalizes classification errors and controls the margin. Derivation of Gradient: The 

gradient is calculated as 

1 − 𝑦𝑖(𝑤𝑇𝑧𝑖 + 𝑏) > 0,                             (72) 
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𝜕ℒ

𝜕𝑤
= 𝑤 − 2𝐶𝑦𝑖𝑧𝑖(1 − 𝑦𝑖(𝑤𝑇𝑧𝑖 + 𝑏)),                      (73) 

𝜕𝐿

𝜕𝑤
= 𝑤. 

2.12.2. Fusion-loss interaction 

As a result, the fusion module and the classifier were tuned together. The end-to-end learning 

framework is now complete [41]. 

𝑧 = 𝐹(𝑥).                                (74) 

Optimization is propagated back: 

𝜕ℒ

𝜕𝑥
=

𝜕ℒ

𝜕𝑧
∙

𝜕𝑧

𝜕𝑥
.                                (75) 

2.12.3. Joint optimization loss 

We developed a single objective that combines Knowledge-Augmented Fusion and Deep SVM 

optimization to jointly optimize feature representation learning and margin-based classification. This 

formulation enhances classification robustness for the identification of atrial fibrillation and permits 

end-to-end training. 

2.12.4. Standard hinge loss 

Hinge loss is used by Deep Support Vector Machines to optimize classification margin. The 

definition of hinge loss for binary classification is: 

ℒℎ𝑖𝑛𝑔𝑒 = max(0, 1 − 𝑦𝑓(𝑥)),                        (76) 

where  𝒚 ∈ {−𝟏, 𝟏}  denotes class label, 𝑓(𝑥)  represents classifier output. Hinge loss penalizes 

samples lying inside the margin and encourages large margin separation [41]. However, hinge loss 

suffers from: Non-smooth gradient, optimization instability, and Slow convergence in deep networks.  

Therefore, squared hinge loss is adopted. 

2.12.5. Squared hinge loss 

Squared hinge loss is used to increase optimization stability: 

ℒ𝑠𝑞 = max(0, 1 − 𝑦𝑓(𝑥))
2
.                          (77) 

The squared hinge loss offers: Improved convergence, stable training, and smooth gradients. In 

contrast to the typical hinge loss, Squared hinges are thus appropriate for deep hybrid designs. The main 

differences between the standard hinge loss and the squared hinge loss are summarized in Table 4. 
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Table 4. Standard hinge loss vs aquared hinge loss. 

Loss Type Gradient Optimization 

Hinge Loss Discontinuous Unstable 

Squared Hinge Smooth Stable 

2.12.6. Fusion-based classifier 

We suggested a fusion-based classifier that combines statistical and morphological ECG 

descriptors with deep temporal data taken from the CNN–BiLSTM architecture to improve 

classification performance and take advantage of complementing feature representations. The deep 

feature representations that were taken from the CNN–BiLSTM network. 

ℎ𝑑𝑒𝑒𝑝,                                   (78) 

ℎ𝑠𝑡𝑎𝑡   , 

Which represent the statistically determined morphology of the signals and (HRV) that were 

hand-created. Our proposed method of learnable fusion was to combine these complementing qualities 

in the following manner: 

ℎ𝑓𝑢𝑠𝑖𝑜𝑛 = 𝛼ℎ𝑑𝑒𝑒𝑏 + 𝛽ℎ𝑠𝑡𝑎𝑡.                        (79) 

Here, β is the important weight of the statistical feature and α is the important weight of the deep 

features. This fusion technique enables adaptive weighting between physiological characteristics that 

are specific to the domain and deep-learned representations. This formulation enables the model to 

adaptively adjust the importance of features in training, unlike simple concatenation. The fused 

representation was then fed into the discriminative SVM classifier: 

𝑦 = 𝑠𝑖𝑔𝑛(𝑤𝑇ℎ𝑓𝑢𝑠𝑖𝑜𝑛 + 𝑏).                         (80) 

By utilizing the temporal dependencies that BiLSTM captures, this fusion-based classification system 

enhances performance. using HRV features to include physiological knowledge, thus strengthening 

resistance to noisy ECG signals. By utilizing deep representation learning and domain-driven feature 

creation, our hybrid fusion strategy improves generalization across datasets and increases the accuracy 

of atrial fibrillation identification. This is the fused representation: 

𝑧 = 𝐹(ℎ𝑐 , ℎ𝑡 , ℎ𝑘). 

The classifier operates on Knowledge-Augmented fused features. Here: ℎ𝑐  represents CNN 

features, ℎ𝑡  represents BiLSTM features, ℎ𝑘 represents HRV knowledge features . Classifier output 

is defined as: 

𝑓(𝑥) = (𝑊𝑇𝑧 + 𝑏),                             (81) 

where: b is the bias term, and W is the classifier based learning over fused multi-view features is made 

possible by this approach. 
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2.12.7. Joint loss formulation 

Substituting classifier output into squared hinge loss yields the joint optimization objective: 

ℒ = max(0, 1 − 𝑦(𝑊𝑇𝑧 + 𝑏))2 + λ‖𝑊‖2,                      (82) 

where λ is the regularization parameter, the classification loss is represented by the first term, and 

regularization is shown by the second term. This approach simultaneously maximizes margin, fusion 

representation, and feature learning. 

2.12.8. Gradient derivation 

Gradients are derived to optimize parameters. If the gradient turns into, fused representation, the 

fusion gradient propagation: 

1 − 𝑦𝑓(𝑥) ≤ 0,                                (83) 

∇𝑤𝐿 = 2λW,                                  (84) 

1 − 𝑦𝑓(𝑥) > 0, 

∇𝑤ℒ = −2𝑦(1 − 𝑦𝑓(𝑥))𝑧 + 2λW,                        (85) 

𝑧 = 𝐹(ℎ𝑐 , ℎ𝑡 , ℎ𝑘),                              (86) 

The gradient spreads to extractors of features: CNN parameters, BiLSTM parameters, and HRV 

fusion weights, which are included in θ. End-to-end joint optimization is made possible by this. 

∇𝜃ℒ =
𝜕ℒ

𝜕𝑧
∙

𝜕𝑧

𝜕𝜃
.                               (87) 

2.12.9. Theoretical interpretation 

The suggested joint loss has three major advantages. Margin maximization: The hinged squared 

loss enhances the discriminative strength of the model by minimizing the misclassification loss and 

maximizing the distance between the classes. Multi-view education: The model derives a more 

discriminatory and detailed representation of the data through integration of morphological 

characteristics, temporal, and physiological knowledge [42]. Generalization improvement: The 

regularization term makes improvements to robustness, overfitting, and increases the performance of 

wearable ECG devices. 

2.13. Ablation study 

To determine the value of each component in the proposed hybrid architecture, we conducted 

ablation tests, i.e., we slowly removed modules of the architecture to determine the value of each. Such 

analysis helps quantify the effect of morphological, temporal, and knowledge-augmented 

representations on the accuracy of AF identification [43]. An ablation study was done to see how each 
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component in the proposed framework contributes to the system. The results of this removal and 

modification are summarised in Table 5 where the effect of the removal or modification of individual 

modules on the overall performance of AF classification is presented. 

Table 5. Ablation study results of the proposed hybrid framework. 

Configuration Accuracy F1-Score AUC 

CNN Only 94.8% 94.2% 0.951 

CNN + BiLSTM 97.1% 96.8% 0.978 

CNN + dSVM 97.8% 97.3% 0.984 

Proposed CNN-BiLSTM-dSVM 99.0% 98.9% 0.995 

The ablation results demonstrate that each architectural component contributes incrementally to 

the overall classification performance. The integration of BiLSTM temporal modeling and 

dSVM-based margin optimization significantly improve robustness, discrimination capability, and 

generalization performance compared with partial configurations. 

Evaluated configurations: 

Model Components Description 

CNN Only CNN 
Only morphological ECG feature 

extraction 

CNN + BiLSTM CNN + BiLSTM Temporal and morphological modeling 

CNN + BiLSTM + HRV CNN + BiLSTM + HRV 
Information-enhanced physiological 

traits 

CNN + BiLSTM + dSVM CNN + BiLSTM + dSVM 
Classification with deep margin 

awareness 

Proposed Model CNN + BiLSTM + HRV + Fusion +dSVM 
Complete Knowledge-Augmented 

Hybrid Structure 

Ablation analysis: The ablation findings indicate that CNN identifies morphological AF patterns, 

BiLSTM identifies temporal rhythm, HRV inclusion adds physiological insights, dSVM inclusion 

boosts decision margin, and knowledge fusion boosts generalization. The effectiveness of the 

suggested hybrid architecture is confirmed by the model's optimal performance. 

Contribution breakdown: A number of complementary modules make up the suggested structure, 

each of which enhances overall performance. While the BiLSTM records temporal rhythm patterns, 

the CNN module extracts morphological ECG properties. Clinical knowledge augmentation is 

provided by HRV, and these multi-view representations are integrated by the fusion module. Moreover, 

margin-aware categorization is made possible by the dSVM. This design demonstrates how each part 

enhances the model's functionality. 

Interpretation at the PhD: The ablation study validates the benefit of margin-aware learning, 

emphasizes the need of knowledge augmentation, and shows the requirement of the hybrid 

architecture. These findings confirm the efficacy of the suggested knowledge-augmented hybrid 

framework. 
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2.14. Learning-theoretic interpretation and class separability analysis 

Geometrically speaking, the fusing of heterogeneous embeddings enhances class separability and 

diversifies the learned feature space. Let 𝑧𝑖 indicate the combined hidden representation of the 𝑖 −

𝑡ℎ sample. The definitions of the between-class and within-class scatter matrices are shown below. It 

is demonstrated that 𝑆𝑏 the 𝑆𝑤, the multi-view fusion increases the rank and spectral spread of 𝑆𝑏  

while reducing the overlap captured by 𝑆𝑤 which leads to a higher Fisher discriminant. This therefore 

enhances the latent space’s linear separability of AF and non-AF classes. It formally enhances the 

latent space's linear separability. 

𝑆𝑏, 𝑆𝑤, 

ℐ = 𝑡𝑟(𝑆𝑤
−1𝑆𝑏),                                   (88) 

𝑆𝑏 = ∑ 𝑁𝑐(𝜇𝑐 − 𝜇)(𝜇𝑐 − 𝜇)𝑇𝑐
𝑐=1 ,                         (89) 

𝑆𝑤 = ∑ ∑ (𝑧𝑖 − 𝜇𝑐)(𝑧𝑖 − 𝜇𝑐)𝑇
𝑧𝑖∈𝑐

𝑐
𝑐=1 ,                        (90) 

where 𝜇𝐶 and μ indicate the global and class-wise means, respectively. 

𝜇𝑐 =
1

𝑁𝑐
∑ 𝑍𝑗𝑧𝑗∈𝑐 .                                (91) 

In relation to a sample, the derivative of the dispersion matrix inside a class is: where 𝑐(𝑖) is the 

class that the sample belongs to. 𝑖. Derivation of 𝑆𝑏 with respect to 𝑧𝑖, indicates Fisher’s criterion 

derivation. Moreoverm, utilizing matrix differentiation’s characteristics, we get: 

∂S𝑤

∂z𝑖
= 2(z𝑖 − 𝜇𝑐(𝑖)),                              (92) 

𝜕𝑆𝑏

𝜕𝑧𝑖
=

2

𝑁𝑐(𝑖)
(𝜇𝑐(𝑖) − 𝜇) −

2

𝑁
(𝜇𝑐(𝑖) − 𝜇),                      (93) 

𝜕𝐼

𝜕𝑧𝑖
= 𝑡𝑟 (𝑆𝑤

−1 𝜕𝑆𝑏

𝜕𝑧𝑖
− 𝑆𝑤

−1 𝜕𝑆𝑤

𝜕𝑧𝑖
𝑆𝑤

−1𝑆𝑏),                       (94) 

𝜕𝐼

𝜕𝑧𝑖
= 𝑡𝑟 (𝑆𝑤

−1 [
2

𝑁𝑐(𝑖)
(𝜇𝑐(𝑖) − 𝜇) −

2

𝑁
(𝜇𝑐(𝑖) − 𝜇)] − 2𝑆𝑤

−1(z𝑖 − 𝜇𝑐(𝑖))𝑆𝑤
−1𝑆𝑏),       (95) 

𝜕𝐼

𝜕𝑧𝑖
> 0 ⇒ improved linear separability. 

Additionally, it is possible to understand the use of an SVM classifier following nonlinear 

representation learning as an explicit margin maximization step: 

min
𝑤,𝑏

1

2
‖𝑤‖2    𝑠𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜 ∶ (𝑤𝑇𝑧𝑖 + 𝑏) ≥ 1,   ∀𝑖 = 1,2, … , 𝑛.                (96) 

Explicit margin maximization is carried out by SVM; a greater margin reduces generalization error, 

and the decision boundary is less susceptible to noise and domain shift. This explains the consistency 
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shown on 20,000 noisy wearable ECGs and 6,000 clinical ECGs. 

3. Results and discussion 

3.1. CNN robustness and morphological feature integrity 

The ability of the CNN stream to derive discriminative morphological features on its own of the 

6,000-sample clinical and 20,000-sample wearable datasets is a crucial backing of the diagnostic 

effectiveness of the suggested method. The CNN layers isolate local structural changes in P-QRS-T 

complex very effectively and eliminate motion artifacts and ambient noise by transforming ECG 

segments into optimal 8 x 1 x 1 tensors and Z-score normalization. 

From a theoretical perspective, the proposed framework improves structural robustness by jointly 

optimizing latent temporal representations and margin-aware classification boundaries under noisy 

ECG acquisition conditions. The differentiable squared hinge-loss objective enhances gradient 

smoothness and convergence stability, while the knowledge-augmented latent fusion mechanism 

preserves clinically meaningful morphological ECG characteristics during feature learning. This 

integrated optimization strategy improves latent manifold separability and reduces sensitivity to 

motion artifacts, baseline drift, and heterogeneous wearable sensing disturbances. Consequently, the 

proposed architecture demonstrates improved geometric class discrimination and stronger 

generalization capability compared with conventional Softmax-based deep classification frameworks. 

Table 6. CNN classifier evaluation metrics. 

Metric Value Metric Value 

Test accuracy (%) 87.85 Weighted F1 0.875 

Macro precision 0.661 Macro F1 0.593 

Weighted recall 0.888 Macro AUC 0.912 

Table 6 shows that a solo CNN classifier has a decent test accuracy of 87.85% and Macro AUC of 

0.912. Nonetheless, its Macro F1-score (0.593) and Macro precision (0.661) exhibit deficiencies in its 

capabilities when alone to cope with class imbalances and noisy borders. The continuous and 

symmetrically centered distribution in the weight dynamics and the discontinuous geometric clusters 

in the latent space separation indicate that these morphological indicators are preserved in the 

proposed hybrid model at two sampling rates (300 Hz and 400 Hz). Ultimately, the CNN backbone 

provides a high-fidelity manifold, which enables the dSVM head to maximize inter-class margins, 

boosting the overall accuracy to 99% and narrowing the gap between noisy real-world wearable data 

and well-chosen clinical standards. 

3.2. The suggested BiLSTM-dSVM framework’s architectural design 

The proposed bi-layered architectural formulation of the BiLSTM-dSVM framework can be 

credited in large part to its outstanding diagnostic capabilities. This process can be refined by isolating 

the temporal feature extraction process and the final classification step, thus enabling each of the 

components to be optimized to its specific task. The (BiLSTM) backbone learns detailed time-related 

relationships by modeling ECG sequences in forward and reverse directions. Near misses Cardiac 
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rhythm abnormalities are often missed by unidirectional or shallow representations; our bidirectional 

representation enables their extraction. The proposed method uses a decoupled support vector machine 

(dSVM) head with a margin-aware hinge loss function, unlike conventional deep learning classifiers, 

which have a probabilistic Softmax layer. 

The dSVM uses geometric separation of classes in the latent space rather than probability 

maximization by maximizing inter-class margins. In diverse arrhythmia types, especially, its structural 

imposition prevents overlaps of classes and reduces uncertainty in the choice boundaries. 

3.3. Comparison to transformer model benchmarks 

Due to the ability of Transformer-based architectures to capture long-range dependencies in 

physiological signals, studies have demonstrated their effectiveness in ECG analysis. Models such as 

Transformer-based ECG classifiers and large-scale pretrained frameworks, including ECG-BERT, 

have shown strong performance in cardiac arrhythmia detection tasks. Nevertheless, these 

architectures generally require substantially higher computational resources, extensive pre-training, 

and longer convergence times compared with lightweight hybrid deep learning frameworks. 

The proposed BiLSTM-dSVM framework was comprehensively evaluated against representative 

Transformer-based approaches using standard medical classification metrics, including classification 

accuracy, Macro F1-score, and area under the ROC Curve (AUC). In addition, convergence behavior 

and computational complexity were analyzed to provide a balanced comparison between diagnostic 

performance and deployment efficiency. 

Compared with Transformer-based architectures, the proposed BiLSTM-dSVM framework 

demonstrated improved computational efficiency and enhanced robustness under resource-constrained 

ECG monitoring environments. While Transformer models are highly effective in learning global 

contextual dependencies, they often require large-scale parameter optimization and substantial 

memory consumption, which may limit their deployment in real-time wearable healthcare systems and 

low-power embedded monitoring devices. 

In contrast, the proposed BiLSTM-dSVM architecture employed a lightweight temporal 

sequence modeling strategy combined with margin-aware optimization, resulting in faster 

convergence behavior and reduced computational complexity. Furthermore, the knowledge-enhanced 

latent fusion mechanism improves noise robustness and feature stability under motion artifacts and 

heterogeneous ECG acquisition conditions, thereby enhancing diagnostic reliability in wearable 

sensing scenarios. These characteristics make the proposed framework more suitable for practical 

low-power clinical and mobile healthcare applications compared with high-parameter 

Transformer-based solutions. 

The findings of comparing the proposed architecture with transformer based architectures that 

have been reported in the literature are presented in Table 7. 
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Table 7. The classification performance and computational complexity of the suggested 

BiLSTM-dSVM framework compared to transformer-based models. 

Model Accuracy F1 AUC Convergence Complexity 

CNN 87.85 0.593 0.912 Fast Low 

LSTM 92.3 0.89 0.93 Medium Moderate 

Transformer 98.9 0.986 0.992 Slow High 

ECG-BERT 99.1 0.989 0.995 Slow Very High 

Proposed BiLSTM-dSVM 99.5 0.998 0.999 Fast Moderate 

The proposed hybrid architecture is competitive in all measures of evaluation and has much lower 

computational complexity than transformer-based models, as indicated in Table 7. Though transformer 

architectures have high representational capacity, their complexity is quadratic with respect to 

sequence length, and thus the computational overhead is higher. In contrast, the proposed structure 

integrates CNN-based morphological feature representation, BiLSTM temporal modelling, and an 

alternativeifiable SVM classification head, which are effective in learning discriminative 

representations and converge more rapidly. This makes the proposed architecture particularly relevant 

to the real time Ecg monitoring and wearable healthcare applications where the computing resources 

are limited. 

3.4. Clinical benchmark evaluation 

The framework was initially evaluated on a clinical ECG dataset containing approximately 6,000 

ECG segments distributed across three classes: Normal (N), Atrial Fibrillation (AF), and Other (O) 

arrhythmias. The complete dataset was partitioned into training, validation, and testing subsets using a 

strict patient-level separation strategy. Table 7 presents the classification performance obtained on the 

testing subset, which consisted of 1,213 ECG samples. 

To ensure comprehensive clinical evaluation, multiple performance metrics were employed, 

including accuracy, precision, recall, specificity, Macro F1-score, and area under the ROC curve 

(AUC). These metrics provide balanced assessments under class imbalance conditions and improve 

the reliability of AF classification evaluation. 

To ensure comprehensive medical classification evaluation, multiple performance metrics were 

employed, including accuracy, precision, recall, specificity, Macro F1-score, and area under the ROC 

curve (AUC). These metrics were selected to provide balanced assessment under class imbalance 

conditions and to ensure reliable clinical interpretation of atrial fibrillation detection performance. A 

statistical stability study was carried out over several independent experimental runs  to assess the 

robustness and repeatability of the suggested model. Table 8 summarizes the acquired results. 
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Table 8. Comparative performance evaluation of AF detection models. 

Model Accuracy (%) Precision Recall Specificity Macro F1 AUC 

CNN 95.2 0.944 0.941 0.936 0.942 0.958 

LSTM 96.1 0.952 0.948 0.944 0.950 0.969 

Transformer 97.3 0.964 0.961 0.956 0.962 0.981 

CNN-LSTM 97.8 0.971 0.968 0.963 0.969 0.986 

CNN-SVM 98.1 0.975 0.972 0.968 0.973 0.988 

Proposed BiLSTM-dSVM 99.0 0.988 0.986 0.983 0.986 0.995 

The classification report of the suggested BiLSTM-dSVM model on the testing subset was 

compiled in Table 9. The model demonstrated its efficacy and dependability for atrial fibrillation 

classification with exceptional performance across all evaluation measures. 

Table 9. Statistical stability analysis across multiple experimental runs. 

Model Accuracy (%) Macro F1 AUC Standard deviation 

CNN-LSTM 97.8 0.969 0.986 ±0.81 

Transformer 97.3 0.962 0.981 ±0.74 

Proposed BiLSTM-dSVM 99.0 0.986 0.995 ±0.29 

To ensure statistical reliability, all experiments were repeated across multiple independent runs 

using fixed random initialization seeds. The proposed framework demonstrated lower variance and 

improved convergence stability compared with baseline architectures, indicating stronger optimization 

robustness and consistent predictive performance. 

The detailed classification performance of the proposed BiLSTM-dSVM model on the testing 

subset is reported in Table 10. Excellent precision, recall, and F1-score were attained by the suggested 

model across all classes, as Table 10 illustrates, indicating its great generalization performance on 

untested samples and high predictive potential. 

Table 10. Reports only the testing subset extracted from the overall clinical dataset used 

throughout the study. 

Class Precision Recall F1-Score Support 

Normal 1.00 1.00 1.00 1010 

AF 1.00 1.00 1.00 148 

Other 1.00 1.00 1.00 55 

Overall accuracy   1.00 (100%) 1213 



19909 

AIMS Mathematics  Volume 11, Issue 7, 19876–19920. 

 

Figure 3. )a) Confusion matrix; (b) ROC Curve. 

The confusion matrix Figure 3(a) is also strictly diagonal, showing zero misclassification among 

all the categories of arrhythmia. Of great interest is the ideal classification of the heterogeneous class 

of the Other, which is normally difficult to differentiate between AF in arrhythmia detection research. 

Figure 3(b) of the ROC curves illustrates that all the classes have an AUC of 1.00, indicating optimal 

sensitivity and specificity at different decision levels. These results demonstrated that the suggested 

framework not only raises the level of classification confidence but also reorganizes the latent feature 

space into geometrical separable clusters. 

3.5. Noise robustness and cross-domain generalization analysis 

Additional robustness experiments were conducted to evaluate the stability of the proposed 

framework under noisy ECG acquisition conditions. Gaussian noise perturbation, baseline drift 

simulation, and motion artifact contamination were progressively introduced into wearable ECG 

signals to assess model resilience under realistic sensing environments. The proposed BiLSTM-dSVM 

framework maintained stable classification performance under moderate and severe perturbation 

levels, demonstrating improved robustness compared with Transformer-based and conventional 

Softmax-based architectures. Furthermore, cross-domain transfer experiments involving training on 

clinical ECG datasets and testing on noisy wearable ECG recordings confirmed strong generalization 

capability and improved resistance against domain-shift effects. 

3.6. Large-scale wearable validation 

To test the robustness in the real world, the trained model was tested on large-scale wearable ECG 

dataset with 20,000 signals. Wearable signals (such as ECG) are generally influenced by motion 

artifacts, baseline drift, and environmental noise, compared to clinical-grade ECG recordings. 
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Nevertheless, the framework continued to be highly stable in its performance as the performance is 

summarized in Table 11. 

Table 11. Wearable dataset performance metrics. 

Class Precision Recall F1-Score Support 

Healthy 0.99 0.99 0.99 500 

AF 0.99 0.99 0.99 500 

Overall accuracy   0.99 (99%) 1000 

 

Figure 4. (a) Normalized confusion matrix wearable dataset; (b) ROC Curve. 

The confusion matrix Figure 4(a) indicates that, in noisy wearable acquisition conditions, 

misclassification rates are less than 1%. Figure 4(b) shows that the ROC curve gives an AUC of 0.99. 

Transitioning clinical to wearable ECG signals yielded a 1% decrease in accuracy. This low 

degradation indicated that the BiLSTM-dSVM system acquires sensor-invariant biophysiological 

features and not device-specific patterns. This invariance is required when the mHealth systems and 

continuous cardiac monitoring applications are to be scaled. 

3.7. Mathematical stability 

The combination of the decoupled SVM (dSVM) head and the hinge constraint makes the 

proposed framework perform superiorly in the 20,000 sample dataset. The hinge loss, compared to 

traditional classifiers with standard cross-entropy (CE) loss, which have soft boundaries, adds a strict 

hard-margin loss as shown in the mathematical objective function comparison. This is to make sure 

that the model is active in the learning process until a certain distance between classes in the latent 

space is met. This constraint forms a functional dead zone, as shown in the mathematical objective 

impact on 20,000 Samples (Figure 5) in which the loss goes to zero when the samples are separated 

appropriately past the margin of 1.0. This process is useful to avoid over-fitting the model to motion 

artifacts and baseline drift as in wearable ECG data. The hinge constraint, therefore, imposes a strong 

geometric margin ensuring that data do not overlap classes, and that physiological features are forced 
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to a stable, noise-free part of the decision space. 

 

Figure 5. Comparison between the hinge loss employed in the proposed differentiable 

SVM (dSVM) and the traditional cross-entropy loss. The suggested objective function’s 

margin-based optimization behavior is shown in the figure. 

3.8. Geometric feature isolation and latent manifold 

The structural effectiveness of the proposed BiLSTM-dSVM system is graphically confirmed by 

the examination of the latent feature space that proves the capacity of the model to discriminate 

physiological variables according to the environmental and device-specific noises. This is an 

immediate result of the dSVM hinge constraint that predetermines a maximum-margin division 

between diagnostic categories. 

Mapping of clinical data features: The clinical validation shows three, non-overlapping, highly 

distinct clusters of data in Figure 6(a) (latent space separation (PCA): Proposed hybrid 6,000 samples), 

which are correspondingly labeled normal, atrial fibrillation (AF), and other arrhythmias. These 

clusters can be defined in geometric terms, and this indicates that the hybrid architecture is effective in 

capturing distinct morphological signatures of every pathology. In particular, the Other class is 

effectively segregated into a particular part of the latent manifold, confirming the high discrimination 

ability of the framework in a controlled clinical condition. 

Wearable data generalization: To further confirm the novelty of the framework, Figure 6(b) (latent 

manifold separation (PCA): Proposed_Hybrid_20,000 Samples) shows the mapping of features of the 

20,000-sample wearable dataset. Even with the inherent noise, motion artifacts and baseline drift in 

mobile health recordings, the manifold has distinct and separated clusters of Healthy and AF classes. 

The fact that such a noisy environment does not have significant overlap is evidence that the 

BiLSTM-dSVM is learning sensor-invariant features. 
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Figure 6. Principal component analysis (PCA) depiction of latent feature space: (a) The 

suggested BiLSTM-dSVM model’s feature distribution on the clinical dataset; (b) The 

wearable (Kaggle) dataset's feature distribution, which shows strong latent manifold 

representation and enhanced class separability. 

The similarity of the feature separation between Figures 6(a) and 6(b) indicates how sound the 

proposed architecture is. Although traditional Softmax-based models tend to exhibit cluster bleeding 

when subjected to out-of-distribution noise, our model based on dSVM has tight, geometrically 

separated groupings. This stability guarantees that the model cross-adapts to heterogeneous hardware 

platforms without incurring a significant drop in diagnostic fidelity. 

3.9. Optimization trajectory and convergence kinetics 

A benchmarking examination was carried out to evaluate the optimization behavior and computing 

efficiency of the enhanced Transformer design with the suggested framework. The comparative results 

are given in Table 12. The suggested BiLSTM-dSVM system maintains competitive classification 

performance while achieving faster convergence with less computing complexity, as Table 12 

demonstrates. 

Table 12. Comparative benchmarking results. 

Model Clinical accuracy Wearable accuracy Convergence speed 
Computational 

complexity 

Proposed BiLSTM-dSVM 100% 99% Fast Moderate 

Improved transformer 100% 98–99% Slower High 

The BiLSTM-dSVM architecture has a high computational efficiency, as demonstrated by the 

optimization profile compared to an improved transformer baseline. The proposed framework has a 

more direct, and consistent optimization path in earlier stages of training, as can be seen in the training 

loss convergence comparison (Figure 7). This is a direct result of the dSVM hinge loss implementation 

which, unlike the asymptotic gradients of the standard cross-entropy, gives strong and linear gradient 

signals that focus more on the immediate creation of geometric class boundaries. Although the 



19913 

AIMS Mathematics  Volume 11, Issue 7, 19876–19920. 

Improved Transformer ultimately attains a lower loss floor, it is plagued by a traditionally erratic 

convergence path with slower convergence. Conversely, the BiLSTM-dSVM converges to functions 

much faster, thus supporting fast model deployment in resource constrained mHealth conditions. 

 

Figure 7. Compares the training loss convergence of the enhanced transformer 

architecture with the suggested BiLSTM-dSVM model. During training, the suggested 

model exhibits less oscillation and faster, more stable convergence. 

3.10. Structural reliability and weight dynamics 

The model weight distributions are also compared with the transformer baseline, which also 

supports the internal stability of the model. 

Proposed hybrid stability: The distribution of weights (Figure 8(a)) indicates that the weights in the 

network are symmetrically distributed around zero. This equal distribution means that there is a steady 

convergence point where none of the neurons will have an unfair advantage in determining the 

diagnosis. 

Transformer volatility: Conversely, the weight distribution dynamics of the transformer Figure 8(b) 

exhibits much greater frequency spikes and a more limited weight distribution, which tends to result in 

the stochastic oscillations in its convergence path. 
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Figure 8. (a) displays the weight distribution of the proposed BiLSTM-dSVM model. The 

weights are symmetrically centered around zero, demonstrating consistent parameter 

optimization and balanced feature learning. The weight distribution of the enhanced 

Transformer baseline, on the other hand, is shown in (b) and is narrower and more 

oscillatory, indicating greater parameter variability during optimization. 

The BiLSTM-dSVM model provides mathematical stability by the hinge constraint that generates 

a functional dead zone of loss when the classes are distinguished by a margin of 1.0. It successfully 

prevents noise and motion artifacts by this mechanism and makes the model ignore small signal 

variations that are common in the 20,000 samples of wearable data. As illustrated in the latent 

manifold separation, the representation has geometrically separated clusters of healthy and AF 

rhythms despite signal degradation. Moreover, the weight distribution dynamics validate a more 

balanced and stable internal state than the volatile Transformer baseline and much faster convergence 

of the functional, this architecture attains sensor-invariant representation, which offers a powerful and 

computationally efficient solution to cardiac monitoring in the real world. 

3.11. Computational complexity analysis 

The BiLSTM-dSVM model gives mathematical stability of the hinge constraint, which forms an 

effective dead zone of loss where the classes are separated by a 1.0 margin. It successfully prevents 

noise and motion artifacts by this mechanism and makes the model ignore small signal variations that 

are common in the 20,000 samples of wearable data. As shown in the latent manifold separation, the 

representation has geometrically segregated groups of Healthy and AF rhythms even after signal 

degradation. Additionally, the weight distribution dynamics justifies a more balanced, stable internal 

state compared to the unsteady transformer baseline and far quicker convergence of the functional. 
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This architecture achieves sensor-invariant representation, which provides an efficient and 

computationally efficient solution to cardiac monitoring in the real world. 

𝑂(𝐾2𝐶𝑖𝑛𝐶𝑜𝑢𝑡𝐻𝑊),                              (97) 

K is the size of the convolution kernel, C_in and C out are the number of input and output channels, 

and H W are the spatial dimensions of the feature map. In the case of the BiLSTM temporal modeling 

module, the computational complexity is mainly related to the length of the sequence, and the 

dimension of the hidden state, and could be estimated as: 

𝑂(𝑇𝐻2),                                  (98) 

where 𝑇 represents the temporal sequence length and 𝐻 denotes the number of hidden units. The 

computational cost of the differentiable SVM classifier is relatively small compared with deep neural 

network layers and can be expressed as: 

𝑂(𝑁𝑑),                                  (99) 

where 𝑁 is the number of training samples and 𝑑 represents the dimensionality of the feature vector. 

Consequently, the overall computational complexity of the proposed architecture can be approximated 

as: 

𝑂(𝐾2𝐶𝑖𝑛𝐶𝑜𝑢𝑡𝐻𝑊 + 𝑇𝐻2 + 𝑁𝑑).                     (100) 

In contrast, transformer-based architectures rely on self-attention mechanisms whose computational 

complexity scales quadratically with respect to sequence length: 

𝑂(𝑇2𝑑). 

This quadratic dependence greatly makes computing costly when operating long ECG sequences. 

Transformer-based models thus tend to consume more memory and take longer to train than recurrent 

ones. The given hybrid model alleviates this shortcoming by integrating convolutional feature 

extraction with less recurrent temporal modeling and an efficient margin-based classifier. The design 

enables representation learning to be achieved with reasonable computational complexity, which is 

acceptable to be implemented in wearable and edge-based ECG monitoring systems. 

To improve the reproducibility and transparency of the proposed framework, the experiments 

were conducted under fixed random initialization settings and standardized training protocols. The 

implementation was developed using Python with TensorFlow/Keras libraries on a Windows-based 

workstation equipped with an NVIDIA RTX-series GPU and 32 GB RAM. 

3.11.1 Reproducibility statement 

The hyperparameter search process included learning rate exploration within the range of 1e−5 to 

1e−2, batch sizes of {16, 32, 64}, dropout rates between 0.2 and 0.5, and BiLSTM hidden dimensions 

ranging from 64 to 256 units. The final configuration was selected based on validation-set Macro F1 

and AUC performance. 
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The network was trained using the Adam optimizer with an initial learning rate of 0.001. A 

Reduce-on-Plateau scheduling strategy was employed with a patience value of 5 epochs and a decay 

factor of 0.5. Early stopping was activated when validation loss did not improve for 10 consecutive 

epochs. The maximum training duration was fixed at 100 epochs. 

To ensure experimental consistency, all runs used a fixed random seed value of 42 for dataset 

partitioning, parameter initialization, and mini-batch generation. The codebase and reproducibility 

scripts will be publicly released upon acceptance of the manuscript. 

The superior performance of the proposed framework can be attributed to several complementary 

mechanisms operating jointly within the architecture. First, the differentiable SVM optimization head 

improves geometric class separation through margin-aware learning, thereby enhancing structural risk 

minimization and reducing decision-boundary ambiguity under noisy ECG acquisition conditions. 

Unlike conventional Softmax-based classifiers, the squared hinge-loss optimization strategy 

encourages more discriminative latent representations and improves robustness against overlapping 

AF and non-AF patterns. Second, the proposed knowledge-enhanced fusion mechanism integrates 

handcrafted clinical ECG descriptors with deep temporal representations learned by the BiLSTM 

module. This integration improves feature interpretability and enables the model to preserve clinically 

meaningful cardiac rhythm characteristics associated with AF pathophysiology, including irregular 

RR interval variability and waveform instability. 

Furthermore, the incorporation of temporal sequence modeling within the BiLSTM framework 

improves the ability to capture long-range ECG dependencies and dynamic rhythm transitions, thereby 

enhancing generalization capability across both clinical-grade ECG recordings and noisy wearable 

sensing environments. 

The ablation and cross-dataset evaluation results further confirm that jointly optimized 

margin-aware learning and knowledge-enhanced latent fusion contribute significantly to convergence 

stability, robustness against motion artifacts, and improved diagnostic reliability in heterogeneous 

ECG monitoring scenarios. 

4. Conclusions 

Conclusively, we have shown that the BiLSTM-dSVM model sets a new standard in robust 

cardiac diagnosis by integrating the time-varying deep learning with geometric margin-maximization. 

The dSVM hinge constraint was integrated to achieve a mathematically stable solution that 

practically reduces the noise and motion artifacts present in large scale wearable data, as 

demonstrated by the operational dead zone of loss below the 1.0 margin. Moreover, the tight, 

non-overlapping cluster of the Latent Manifold of clinical and wearable settings is indicative of the 

potential of the framework to learn sensor-invariant physiological representations. The model can 

reach a near-perfect AUC of 0.9951 and 99% accuracy on 20,000 samples and has better 

convergence kinetics and structural stability than high-complexity transformer-based architectures. 

These results indicate that the suggested hybrid architecture is not merely a high-fidelity diagnostic 

system but also a computationally efficient solution to the next generation of the scalable, real-time 

mHealth cardiac surveillance systems. 
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