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ABSTRACT 

Premature Ventricular Contractions (PVCs) are early heartbeats that originate in the ventricles, briefly disrupting the 

heart’s natural rhythm. While often benign and linked to stress, caffeine, or fatigue, frequent PVCs may signal underly-

ing cardiac concerns and should be evaluated. ECGs are typically used for their detection and monitoring based on fre-

quency and symptom presentation. This study explores a hybrid CNN-LSTM model for automated PVC detection using 

benchmark ECG databases—MIT-BIH and INCART. The model demonstrated high classification performance, 

achieving testing accuracies of 99.37% on MIT-BIH and 98.30% on INCART. Evaluation metrics showed strong sensi-

tivity (95.20% and 87.48%), specificity (99.69% and 99.30%), and area under the curve (AUC) values (0.9988 and 

0.9952). High F1 scores (0.955 and 0.8974) and negative predictive values (99.64% and 98.84%) support its reliability 

in identifying PVCs while effectively excluding normal beats. The CNN-LSTM architecture leverages both spatial and 
temporal features, improving arrhythmia detection accuracy. Performance across varied signal morphologies and sam-

pling conditions confirms generalizability, minimizing over fitting and enhancing real-world applicability. With its high 

precision and low false-positive rates, this model is suitable for continuous cardiac monitoring. As wearable ECG de-

vices and remote health monitoring tools become more prevalent, this architecture presents a promising foundation for 

personalized, real-time arrhythmia detection. Future enhancements could include attention mechanisms, transformer 

architectures, transfer learning, and real-time edge deployment. 

 
Keywords: Arrhythmia detection, Premature Ventricular Contractions, ECG Classification, Deep Learning,  

 CNN-LSTM hybrid Model, MIT-BIH database, INCART database  
 

1. INTRODUCTION 

Cardiovascular diseases (CVDs) remain the leading 

cause of mortality worldwide, with arrhythmi-

as—particularly premature ventricular contractions 

(PVCs)—representing a critical subset due to their po-

tential to escalate into life-threatening events such as 

ventricular fibrillation or sudden cardiac death [13, 18]. 

Early detection and accurate classification of arrhythmic 

events using electrocardiogram (ECG) signals are essen-

tial for timely intervention and effective treatment [19]. 

Recent advancements in deep learning have revolution-

ized automated ECG interpretation, outperforming tradi-

tional machine learning techniques in both accuracy and 

generalizability [11, 20]. Convolutional neural networks 

(CNNs) and recurrent neural networks (RNNs), includ-

ing Long Short-Term Memory (LSTM) and Gated Re-

current Unit (GRU) models, are particularly effective in 

modeling the spatial and temporal features inherent in 

ECG signals [14, 21]. Hybrid models combining CNNs 

with LSTM or GRU units have shown considerable 

promise in detecting complex arrhythmias such as PVCs 

[4, 8]. 

Lightweight architectures like the CNN–LSTM model by 

Alamatsaz et al. [1] and the SEVGGNet–LSTM model 

by He et al. [2] have achieved real-time performance 

while maintaining high classification accuracy. Similar-

ly, Shah et al. [4] and Mousavi et al. [27] demonstrated 

the efficacy of residual CNNs and sequence-to-sequence 

models on the MIT-BIH dataset for PVC detection. At-

tention mechanisms, as employed by Zhang et al. [10] 

and Gao et al. [16], have further enhanced model inter-

pretability and clinical transparency. 

Other approaches, including transfer learning and 2D 

spectrogram-based CNN models, have improved the ro-

bustness of ECG feature extraction [30]. The integration 

of squeeze-and-excitation networks and explainable AI 
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has further strengthened model generalization and trust-

worthiness [29, 28]. Large-scale studies using bench-

mark datasets such as MIT-BIH and INCART validate 

these approaches across diverse patient profiles and ar-

rhythmia types [12, 5]. 

Given the clinical importance and increasing availability 

of annotated ECG datasets, this study proposes a hybrid 

CNN–LSTM framework for accurate detection of PVC 

and related arrhythmias. Building on the strengths of 

prior architectures while addressing their limitations, the 

proposed model incorporates time–frequency domain 

features and attention-enhanced recurrent layers to en-

sure robust classification across multiple arrhythmia 

types. 

2. Related Work 

Alamatsaz et al. [1] proposed a lightweight CNN-LSTM 

architecture optimized for real-time arrhythmia classifi-

cation with minimal computational load. The model ef-

fectively captured both spatial and temporal ECG fea-

tures, achieving 99.23% accuracy on the MIT-BIH da-

taset, making it suitable for wearable and portable 

healthcare devices. He et al. [2] developed SEVGG-

Net-LSTM, a hybrid model combining 

squeeze-excitation-enhanced VGGNet with LSTM layers 

for robust feature extraction. The model demonstrated 

strong performance on the MIT-BIH dataset with 

99.47% accuracy and 99.58% sensitivity, proving its 

applicability in real-time diagnostic systems. Jin et al. [3] 

introduced a multiscale CNN that captures both short- 

and long-term ECG patterns, enhancing arrhythmia clas-

sification accuracy. The model achieved 98.8% accuracy 

on the MIT-BIH dataset and was effective in distin-

guishing between various arrhythmia types, contributing 

to improved generalization in ECG analysis. Shah et al. 

[4] utilized a residual CNN combined with BiLSTM to 

leverage deep temporal features in ECG signals. The 

architecture attained 99.31% accuracy on the MIT-BIH 

dataset, outperforming standard CNN and LSTM mod-

els. The residual connections further improved learning 

efficiency and gradient propagation. Ullah et al. [5] pre-

sented an efficient CNN-BiLSTM model designed for 

accurate ECG arrhythmia detection, achieving 99.5% 

accuracy and 99.3% sensitivity on the MIT-BIH dataset. 

The model exhibited high precision across various ar-

rhythmia categories, demonstrating its suitability for 

large-scale healthcare applications. Xu et al. [6] proposed 

a CNN-GRU model with multiscale temporal fusion to 

capture complex heartbeat patterns. The model achieved 

99.12% accuracy and 98.7% sensitivity on the MIT-BIH 

dataset, outperforming traditional CNN-GRU models by 

improving robustness to noise and variability. Yao et al. 

[7] introduced a deep residual CNN-GRU hybrid model 

for multi-class arrhythmia detection, attaining 98.9% 

accuracy and strong F1 scores. By effectively learning 

morphological and temporal features, and with residual 

connections aiding gradient flow, the model achieved 

efficient and reliable performance. Zhang et al. [8] de-

veloped a hybrid SE-ResNet and BiLSTM model for 

ECG classification, reaching 99.4% accuracy and 99.1% 

sensitivity on MIT-BIH data. Squeeze-and-excitation 

blocks improved channel-wise feature representation, 

enhancing the model’s ability to handle signal variabil-

ity. Zhang et al. [9] presented a CNN-based approach for 

continuous cardiac monitoring, achieving 98.7% accura-

cy and 98.5% sensitivity. Designed for real-time use, the 

model's simplicity and high precision support long-term 

monitoring in mobile health applications. Zhang et al. 

[10] proposed an attention-based BiLSTM integrated 

with multiscale CNN for ECG classification. Achieving 

99.2% accuracy and 98.9% sensitivity, the attention lay-

ers focused on crucial heartbeat regions, improving 

model robustness across arrhythmia types. Peimankar & 

Puthusserypady [11] introduced a CNN model centered 

on the QRS complex, achieving 99.3% accuracy and 

98.7% sensitivity. Emphasizing morphological features 

enhanced robustness while reducing false positives and 

computational load. Wang et al. [12] utilized lightweight 

CNNs with knowledge distillation for real-time heartbeat 

classification. The model achieved 98.91% accuracy 

with low latency, making it suitable for deployment on 

edge devices in efficient ECG monitoring. Acharya et al. 

[13] proposed a 9-layer deep CNN for automatic heart-

beat classification from raw ECG data, achieving 94.03% 

accuracy. The end-to-end model eliminated manual pre-

processing and proved viable for real-time cardiac diag-

nosis. Oh et al. [14] developed a CNN-LSTM hybrid 

model for variable-length heartbeat classification, attain-

ing 94.5% accuracy and 96.1% sensitivity. The approach 

dynamically handled ECG length variations and im-

proved detection rates. Xiong et al. [15] introduced a 

convolutional recurrent neural network (CRNN) that 

captured spatial-temporal features effectively. It 

achieved 99.34% accuracy and an F1-score of 0.993 on 

the MIT-BIH dataset, performing at a cardiologist level. 

Gao et al. [16] proposed an attention-based LSTM model 

for heartbeat classification, achieving 98.6% accuracy 

and over 0.97 F1-score. Attention layers enhanced inter-

pretability by focusing on important signal segments. 

The model was validated on MIT-BIH and INCART 

datasets. Warrick & Homsi [17] utilized recurrent neural 

networks trained end-to-end on raw ECG signals, 

achieving 99.0% accuracy on the PhysioNet dataset. The 

system demonstrated cardiologist-level performance and 
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potential for clinical deployment. Rajpurkar et al. [19] 

developed Cardiologist-Level AI, a deep network trained 

on over 64,000 ECG records. The model achieved 

F1-scores comparable to certified cardiologists across 12 

arrhythmia classes, laying the foundation for scalable AI 

diagnostics. Faust et al. [20] conducted a review on deep 

learning for physiological signals, focusing on ECG. The 

study outlined the performance of CNN, LSTM, and 

hybrid models, commonly surpassing 98% accuracy, 

while highlighting challenges in generalization and in-

terpretability. 

2.1. Problem Statement 

Recent advancements in deep learning—particularly 

CNNs, RNNs (LSTM/GRU), and hybrid models—have 

demonstrated superior performance by automatically 

learning spatiotemporal features from raw ECG data, 

achieving accuracies often exceeding 98% on benchmark 

datasets like MIT-BIH.Accurate and real-time detection 

of cardiac arrhythmias from ECG signals remains a sig-

nificant challenge in healthcare due to the complex, var-
iable, and noisy nature of heartbeats. Traditional methods 

rely heavily on handcrafted features and domain-specific 

preprocessing, limiting scalability and adaptability across 

patient populations. However, challenges remain in model 

generalization, interpretability, and real-time deployment 

on resource-constrained devices. There is a critical need 

for robust, explainable, and lightweight deep learning 

frameworks capable of delivering high-precision ar-

rhythmia detection suitable for portable and clinical ap-

plications. 

2.2. Objectives 

1. To design and implement hybrid deep learning 

models for accurate classification of multiple 

ECG arrhythmia types using the MIT-BIH da-

taset and INCART dataset. 

2. To extract and integrate spatial and temporal 

features from ECG signals for improved diag-

nostic precision and robustness. 

3. To evaluate the proposed models using perfor-

mance metrics such as accuracy, sensitivity, and 
F1-score, ensuring clinical reliability. 

4. To optimize model complexity for real-time de-

ployment on resource-constrained devices, ena-

bling portable and wearable health monitoring 

solutions. 

 

 

3. Proposed Methodology 

The Figure 1 shows ECG PVC detection pipeline in-

volves preprocessing raw ECG signals to remove noise 

and detect R-peaks, followed by extracting 200-sample 

segments around each peak. These segments are labeled 

as PVC or non-PVC based on annotations. A 

CNN-LSTM model then processes the beats, extracting 

spatial and temporal features for classification. The 

model’s performance is evaluated using standard metrics 

and visualizations of ECG signals and model behavior. 

Database: The proposed PVC detection system processes 

ECG signals from two standard databases: the MIT-BIH 

Arrhythmia Database [31] containing 48 two-lead re-

cordings (360 Hz), and the INCART Database [32] 

comprising 75 twelve-lead recordings (257 Hz). Both 

datasets provide expert annotations labeling normal beats 

(N) and PVCs (V), which are accessed through the WFDB 

Python library [33].  

Preprocessing: The preprocessing stage is critical for 

enhancing ECG signal quality before analysis. First, a 

high-pass filter is applied to remove baseline wander, 
which often results from respiration or patient movement 

[34]. Next, a notch filter at 50 Hz is used to eliminate 

power line interference, a common source of noise in 

clinical ECG recordings [31]. Finally, a low-pass filter 

suppresses high-frequency noise such as muscle artifacts, 

preserving the essential features of the ECG waveform 

Figure 1: Proposed Methodology for PVC Detection using 

CNN-LSTM in Arrhythmia Classification(own source) 
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[34]. This three-stage filtering process ensures a clean and 

reliable signal for accurate R-peak detection and subse-

quent classification. 

The R-peak detection step is essential for identifying 
individual heartbeats within the ECG signal. After pre-

processing, the cleaned ECG signal is analyzed using 

the find_peaks() function from SciPy [35], which locates 

the positions of prominent peaks. A minimum distance of 

0.2 seconds (based on the sampling frequency) is enforced 

between peaks to match the expected physiological heart 

rate [32]. Only peaks with sufficient prominence are re-

tained to reduce false detections [34]. These detected 

R-peaks serve as reference points for extracting 

fixed-length beat segments (typically 200 samples cen-

tered around each R-peak), which are later used for clas-

sification [33]. 

High Pass Filter: Removes baseline drift (cutoff = 0.5Hz) 

y(𝑛) = ∑ bk
N
𝑘=0 𝑥[𝑛 − 𝑘] − ∑ ak

N
𝑘=1 𝑦[𝑛 − 𝑘] (1) 

Designed using a Butterworth filter coefficients𝑎𝑘 , 𝑏𝑘 

 

Notch Filter: Removes power line noise (50Hz) 

 

𝐻(𝑧) =  
1−2 cos(𝜔0)𝑧−1+ 𝑧−2

1−2𝑅 cos(𝜔0)𝑧−1+ 𝑅2𝑧−2   (2) 

 

𝜔0 =  
2𝜋𝑓

𝑓𝑠
  and 𝑅 = 1 −

1

2𝑄
     (3)  

R-Peak detection: Peaks are detected with conditions 

 

𝑃𝑒𝑎𝑘𝑠𝑖𝑓: 𝑥[𝑛 − 1] < 𝑥[𝑛] > 𝑥[𝑛 + 1]𝑎𝑛𝑑𝑥[𝑛] >
𝑝𝑟𝑜𝑚𝑖𝑛𝑒𝑛𝑐𝑒       (4) 

 

RR Intervals𝑅𝑅𝑖 =  
𝑟𝑖+1−𝑟𝑖

𝑓𝑠
  (5) 

QRS Width: 

 

𝑄𝑅𝑆𝑖 =  
𝑟𝑖+1+ 0.05𝑓𝑖−(𝑟𝑖−0.05 𝑓𝑠)

𝑓𝑠
=  0.1𝑆𝑒𝑐 (6) 

Label Assignment and Dataset Preparation: Label 

assignment is performed by matching detected R-peaks to 

expert annotations in the MIT-BIH database [31]. Beats 

annotated as 'V' (PVC) receive class label 1, while all 

other beat types (normal, supraventricular, etc.) are la-

beled class 0 [32]. This creates a binary classification task 

distinguishing PVCs from non-PVC rhythms [36]. 

For dataset preparation, 200-sample ECG segments 

(≈0.55s at 360Hz) are extracted centered on each R-peak 

[34]. The data is reshaped into 3D format (samples × 200 

× 1) for deep learning input [25], then split into training 

(80%) and testing (20%) sets using stratified sampling to 

maintain class balance. This preserves the natural PVC 

prevalence while ensuring representative evaluation [37]. 

 

CNN-LSTM Model: The model architecture begins with 

an input layer that accepts ECG segments of shape (200, 

1) [36]. The first convolutional layer employs 64 filters 

with a 5-sample kernel and ReLU activation to capture 

local QRS complex patterns [25], followed by batch 

normalization and max pooling with a size of 2 [13]. 

Subsequent convolutional blocks progressively increase 

filter depth (128, 256, then 512 filters) while reducing 

kernel size to 3 [7], each followed by batch normalization 

[3]. Global average pooling [37] condenses the feature 

maps before reshaping for temporal analysis through a 

64-unit LSTM layer. The network then applies a 

128-neuron dense layer with ReLU activation [8], 50% 

dropout regularization, and finally a sigmoid output layer 

for PVC classification. 

Evaluation Metric’s: The confusion matrix is a perfor-

mance classification framework used to assess the accu-

racy, specificity, sensitivity, NPV, PPV, F1 score and 

precision of classifier, particularly in dealing with im-

balanced datasets. It is used in this study to compare the 

results with other literatures. 

Confusion Matrix = [𝑻𝑵 𝑭𝑷
𝑭𝑵 𝑻𝑷

]    (7) 

 

Accuracy (𝑨𝒄𝒄) =
𝑻𝑷+𝑻𝑵

𝑻𝑷+𝑻𝑵+𝑭𝑵+𝑭𝑷
   (8) 

 

Sensitivity (𝑺𝒆) =
𝑻𝑷

𝑻𝑷+𝑭𝑵
     (9) 

 

Specificity (𝑺𝒑) =
𝑻𝑵

𝑻𝑵+𝑭𝑷
     (10) 

 

Positive Predicted Value (𝑷𝑷𝑽) =
𝑻𝑷

𝑻𝑷+𝑭𝑷
  (11) 

 

Negative Predicted Value (𝑵𝑷𝑽) =
𝑻𝑵

𝑻𝑵+𝑭𝑵
  (12) 

 

F1 Score 𝑭𝟏 =  
𝟐𝑻𝑷

𝟐𝑻𝑷+(𝑭𝑷+𝑭𝑵)
    (13) 
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4. Results and Discussions 

The Figure 2 illustrates a raw ECG signal recorded be-

tween 420 and 460 seconds, displaying clear QRS com-

plexes that represent heartbeats. The presence of baseline 

wander and high-frequency noise indicates that the signal 

is unfiltered. Variations in the amplitude of the QRS  

 

Figure 4: Confusion Matrix for MIT-BIH PVC Detection (own source) 

 

 

Figure 5: Confusion Matrix for MIT-BIH PVC Detection on Testing 

Data (own source) 

complexes may be due to physiological changes or signal 

artifacts. 

The Figure 3 displays a filtered ECG signal in which 

baseline drift and high-frequency noise have been effec-

tively minimized. The QRS complexes are distinctly 

visible, with red dots marking the accurately identified 

R-peaks. The relatively consistent spacing between 

R-peaks indicates a predominantly normal heart rhythm 

with slight variations. This denoised and annotated signal 

is ideal for further analysis, including heart rate calcula-

tion and arrhythmia detection. 

 

Figure 6: Model training and validation performance over 12 

epochs for MIT-BIH dataset (own source) 

The Figure 4 shows a confusion matrix for PVC classi-

fication on the training dataset. Out of all true Non-PVC 
beats, 100,351 were correctly classified, while 230 were 

misclassified as PVC. Similarly, 7,362 PVC beats were 

correctly identified, with 216 misclassified as Non-PVC. 

This indicates high accuracy and strong performance of 

the model on the training data. 

The Figure 5 illustrates a confusion matrix for PVC 

classification on the testing dataset. It shows that 25,066 

Non-PVC beats were correctly classified, while 79 were 

misclassified as PVC. Additionally, 1,804 PVC beats 

Figure 3: Filtered ECG signal with annotated R-peaks for MIT-BIH 

database (Own Source) 

Figure 2: Raw ECG Signal (own source) 
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were correctly identified, and 91 were incorrectly labeled 

as Non-PVC. These results indicate strong generalization 

performance of the model on unseen data. 

The Figure 6 displays the training and validation accu-
racy and loss curves over 12 epochs. The model shows a 

steady increase in both training and validation accuracy, 

reaching above 99.5%, indicating strong learning. 

Meanwhile, the loss curves for both sets decrease con-

sistently, reflecting effective optimization. The close 

alignment of training and validation trends suggests 

minimal over fitting and good generalization perfor-

mance. 

TheTable 1 comparative analysis reveals that a majority 

of the deep learning models trained on the MIT-BIH da-

taset have achieved exceptionally high classification ac-

curacies, often exceeding 98%, with several models sur-
passing 99%. Notably, models such as the CNN-BiLSTM 

([5]),  SEVGGNet-LSTM ([2]), and CRNN ([15]) re-

ported some of the highest accuracies, indicating the ef-

fectiveness of combining convolutional and recurrent 

layers for ECG feature extraction and classification. Most 

of the top-performing models are hybrid architectures, 

primarily integrating CNN with LSTM, BiLSTM, GRU, 

or  

 

Table 1: Comparative Summary of Deep Learning Models for ECG Arrhythmia Classification on MIT-BIH and INCART Databases (own source) 

Author’s Database(s) Model Parameters ( in %) 

[1] MIT-BIH Lightweight CNN-LSTM Acc-99.23 

[2] MIT-BIH SEVGGNet-LSTM Acc-99.47, Se - 99.58 

[3] MIT-BIH Multi-scale CNN Acc-98.8 

[4] MIT-BIH Residual CNN + BiLSTM Acc-99.31 

[5] MIT-BIH CNN-BiLSTM Acc-99.5, Se – 99.3 

[6] MIT-BIH CNN-GRU with multiscale fusion Acc-99.12, Se- 98.7 

[7] MIT-BIH Residual CNN + GRU Acc-98.9 

[8] MIT-BIH SE-ResNet + BiLSTM Acc-99.4, Se- 99.1 

[9] Long-term ECG CNN Acc-98.7, Se- 98.5 

[10] MIT-BIH Attention BiLSTM + Multi-scale CNN Acc-99.2, Se- 98.9 

[11] MIT-BIH QRS-focused CNN Acc-99.3, Se- 98.7 

[12] MIT-BIH Knowledge-distilled CNN Acc-98.91 

[13] MIT-BIH 9-layer CNN Acc-94.03 

[14] MIT-BIH CNN-LSTM (variable-length input) Acc-94.5, Se- 96,1 

[15] MIT-BIH Convolutional RNN (CRNN) Acc-99.34, F1- 0.993 

[16] MIT-BIH, IN-

CART 

Attention LSTM Acc-98.6, F1- >0.97 

[26] MIT-BIH Optimized CNN-LSTM Acc-98.79 

[27] MIT-BIH CNN Seq2Seq Acc-99.21,  Se- 99.05 

[29] MIT-BIH CNN-LSTM + SE blocks Acc-99.14, Se- 98.67 

[30] MIT-BIH Transfer learning on spectrograms Acc-97.9 

Ours MIT-BIH CNN-LSTM Training:Acc-99.59,Se-97.15,Sp-99.77,F1-97.06, 

AUC-99.96,Pre-96.97, PPV-96.96, NPV-99.79 

Testing:Acc-99.37, Se-95.2, Sp-99.69, F1-95.5, 

AUC-99.88, Pre-95.8, PPV-95.8, NPV-99.64 

INCART CNN-LSTM Training: Acc-98.60, Se-90.56, Sp-99.45, 

F1-92.18, AUC-99.69, Pre-93.86, PPV-93.86, 

NPV-99.13 

Testing: Acc-98.3, Se-87.48, Sp-99.3, F1-89.74, 

AUC-99.52, Pre-92.11, PPV-92.11, NPV-98.84 

 

Table 2: CNN-LSTM model performance in detecting premature ventricular contractions on MIT-BIH and INCART databases (own source) 

Database Dataset Accuracy Sensitivity Specificity F1 score AUC Precision PPV NPV 

MIT Training 0.9959 

 

0.9715 

 

0.9977 

 

0.9706 

 

0.9996 

 

0.9697 

 

0.9697 

 

0.9979 

 

Testing 0.9937 

 

0.952 

 

0.9969 

 

0.955 

 

0.9988 

 

0.958 

 

0.958 

 

0.9964 

 

INCART Training 0.9869 

 

0.9056 

 

0.9945 

 

0.9218 

 

0.9969 

 

0.9386 

 

0.9386 

 

0.9913 

 

Testing 0.983 

 

0.8748 

 

0.993 

 

0.8974 

 

0.9952 

 

0.9211 

 

0.9211 

 

0.9884 
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attention mechanisms, suggesting that temporal and spa-

tial feature fusion significantly enhances arrhythmia de-

tection performance. 

Despite the strong performance on MIT-BIH, only a few 
studies have explored the INCART database, which pre-

sents a greater challenge due to variations in signal char-

acteristics. Our proposed CNN-LSTM model demon-

strates robust performance on both datasets. On 

MIT-BIH, it achieves a training accuracy of 99.59% and a 

testing accuracy of 99.37%, along with high sensitivity 

(97.15% training, 95.2% testing) and AUC values 

(99.96% training, 99.88% testing), indicating strong 

classification and generalization capabilities. On IN-

CART, although the performance slightly drops (training 

accuracy 98.6%, testing accuracy 98.3%), it still remain-

scompetitive, validating the model’s adaptability across 
databases. 

Furthermore, many of the reviewstudies report only ac-

curacy and sensitivity, with limited information on other 

critical metrics such as F1-score, AUC, precision, and 

predictive values. In contrast, our model offers a com-

prehensive evaluation by reporting all relevant metrics, 

thereby providing a more holistic view of classification 

performance. 

TheTable 2 CNN-LSTM model demonstrates excellent 

performance in detecting premature ventricular contrac-

tions (PVCs) across both the INCART and MIT-BIH 
ECG databases. On the MIT-BIH dataset, the model 

achieved a high testing accuracy of 99.37%, with a sen-

sitivity of 95.20% and specificity of 99.69%. These met-

rics indicate the model's strong ability to correctly detect 

PVCs while minimizing false positives. The F1 score 

(0.955), precision (0.958), and area under the ROC curve 

(AUC = 0.9988) further support its balanced and robust 

classification performance. Similarly, on the INCART 

dataset, the model maintained strong performance, 

achieving a testing accuracy of 98.30%, sensitivity of 

87.48%, and specificity of 99.30%. Though slightly lower 
than MIT-BIH, these results still reflect reliable detection 

of PVCs with high precision (0.9211), F1 score (0.8974), 

and AUC (0.9952). The negative predictive values (NPV) 

of 99.64% for MIT-BIH and 98.84% for INCART high-

light the model's excellent capability in ruling out 

non-PVC beats. Overall, the CNN-LSTM model exhibits 

strong generalization and robust classification across 

different ECG datasets, making it a suitable candidate for 

clinical deployment in real-time arrhythmia monitoring 

systems. 

5. Conclusion 

The proposed hybrid CNN-LSTM model exhibits strong 

and consistent performance in detecting premature ven-

tricular contractions across both MIT-BIH and INCART 

ECG databases. The model demonstrated high classifica-

tion performance, achieving testing accuracies of 99.37% 

on MIT-BIH and 98.30% on INCART. Evaluation met-

rics showed strong sensitivity (95.20% and 87.48%), 
specificity (99.69% and 99.30%), and area under the 

curve (AUC) values (0.9988 and 0.9952). High F1 scores 

(0.955 and 0.8974) and negative predictive values 

(99.64% and 98.84%) support its reliability in identifying 

PVCs while effectively excluding normal beats. The 

CNN-LSTM architecture leverages both spatial and 

temporal features, improving arrhythmia detection accu-

racy. Performance across varied signal morphologies and 

sampling conditions confirms generalizability, minimiz-

ing over fitting and enhancing real-world applicability. 

With its high precision and low false-positive rates, this 

model is suitable for continuous cardiac monitoring. 
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