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Abstract: In MIT-BIH Arrhythmia Dataset and PTB Diagnostic ECG.  Database classification of electrocardiogram (ECG) 

signals is essential in timely diagnosis. Electrocardiogram (ECG) analysis is one of the most widely used methods to detect 
cardiac abnormalities, but manual interpretation is time-consuming and prone to variability. This creates an urgent need 
for automated ECG classification systems that can deliver reliable results in clinical and real-time settings. In this study, 
three deep learning-based models, Autoencoder with Support Vector Machine (SVM), Convolutional Neural Network 
(CNN), and Long Short-Term Memory (LSTM) are compared and evaluated, trained on mixed and matched ECG data sets 
using MIT-BIH and PTB Diagnostic ECG datasets that have both normal and abnormal heartbeats. The evaluation base 
of each model is based on an evaluation of predictive accuracy, precision, recall, F1-score, training time, inference time 
and model size. As results show, CNN performs best in terms of classification accuracy (66.12 %), LSTM provides quite 
same performance but faster in inference time (65.89 %). Autoencoder with SVM model is smaller and takes less time to 
train; however, its overall accuracy is 59.23 %. Such results indicate the trade-off between computation speed, accuracy 
of diagnosis, and thus enable to specify model choice in real-time or ECG diagnostic system with limited resources. 
 
Keywords: ECG classification, Deep learning, Autoencoder with SVM, Convolutional Neural Network (CNN), Long Short-

Term Memory (LSTM), Arrhythmia detection 
 
 

1 Introduction 

Electrocardiogram (ECG) is a very important diagnostic tool used in identification of cardiac pathology. The 
previous increased accessibility of good quality ECG datasets  created a great motivation of creating 
automated classification systems that have the ability to provide timely and accurate clinical results[1], [2], [3]. 
More classical machine learning frameworks are often based on hand-designed features, the combination of 
which might not go well for other patient groups or different signal properties [4]. In contrast to deep-learning 
architectures, using raw ECG waveforms as an input, the directly extracted discriminative representations can 
aid in creating a more robust architecture and reduce  features of engineering dependence on  domain-specific 
feature[5], [6]. Current paper performs an empirical evaluation of three different deep-learning representations:  

 An autoencoder-based unsupervised feature extraction method coupled with a Support Vector 
Machine (SVM) classifier to take advantage of compressed latent representations. 

 Convolutional Neural Networks (CNNs) that are capable of automatically classifying spatially based 
patterns on raw waveforms. 

 Long Short-Term Memory (LSTM) networks to learn relationship between heartbeat data that follows 
over time.  

Major research goals are: 

 To benchmark performance of these three different deep learning frameworks against real world ECG 
datasets. 

 To evaluate each model against standardized Performance metrics to enable fair comparison.  

 To determine generalization capability of those models in two popular ECG databases: MIT-BIH and 
PTB. 

This paper has several contributions as follows:  

 A comparative empirical analysis among autoencoder-SVM, CNN, and LSTM models in classification 
of ECG.  

 Thorough performance analysis based on two benchmarking databases (MIT-BIH and PTB), which 
guarantees stability and general applicability of results.  

 Shows strengths and limitations of various deep learning paradigms in ECG signal analysis which, 
may, inform future development of automated diagnostic systems. 
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This paper consists of:  Section 2 literature review on ECG classification based on machine learning and 
deep learning methods. Section 3 describes proposed methodology and characteristics of datasets utilized in 
experiments.  Section 4 explains training processes and structures of Autoencoder-SVM, CNN, and LSTM 
systems. Section 5 gives experimental results of classification, computational efficiency, and provides 
discussion. Lastly, Section 6 will conclude this paper with a synopsis of research findings, trade-offs of models 
under evaluation, as well as avenues that may be explored under future research.  

 
2 Literature Review 

Proper diagnosis of  electrocardiogram (ECG) signals is central in cardiology since early diagnosis of 
arrhythmias and other fatal heart diseases [7], [8], [9]. With introduction of machine learning (ML) and deep 
learning (DL), an aspect that has brought major change to this area is automated systems, much faster and 
reliable compared to a manual analysis. It is a synthesis of  major contributions in  area, and it shows various 
approaches used to improve  performance of classification, robustness, and clinical usefulness [8], [10], [11]. 

In clinical data,  uncertainty in class balance is the main problem in electrocardiogram classification, due to 
some arrhythmic behaviors that occur much less frequently than normal heartbeats[12]. 

In order to address this, an ingenious combination of dedicated machine learning models, proposed by 
Ahamed et al. (2020) was introduced They used a technique, where loss function of an artificial neural network 
(ANN) is redefined by class weights, in MIT-BIH Arrhythmia and PTB Diagnostic ECG sets. Such a strategical 
shift allowed models to be more focused on underrepresented categories, with impressive accuracy rates of 
98.06% and 97.66% on corresponding datasets. Their research highlights  important role of careful loss 
weighting and model tuning to achieve high performance on skewed medical data which appears frequently in 
end-to-end clinical pipeline contexts [13]. Same year, Anaz et al. (2020) also introduced a Multi-Encryption 
System (MES)using Deep Autoencoder Networks (DAN/ADL). The work therefore implied usefulness of 
autoencoders in unsupervised feature learning and signal reconstruction. Methods  capable of being 
incorporated along with  existing ECG classification pipelines to provide resilience to signal corruption, as well 
as enrich  recovery of the features extracted thus improving overall classification, particularly in  difficult real-
world case scenario [14]. 

To have a basic idea about recurrent neural networks in this area, a survey by Lindemann et al. (2021) on 
Long Short-Term Memory (LSTM) networks to forecast time series is recommended Their efforts include a 
description of known derivatives of LSTM cell and LSTM network architectures and divide them into more than 
one category: optimized or interacting cell states. They also negate important considerations of proper time 
series prediction, such as short-term and long-term memory behavior, multimodal and multi-step ahead 
forecasts, and errors propagation. In survey, they arrive at conclusion that sequence-to-sequence networks 
with partial conditioning are preferable to solve these requirements over other LSTM architectures, which 
substantiates theoretical propositions on  applicability of LSTM in time-variant bio-signals such as ECG [15]. 

Signal quality is a very important aspect in analysis of an ECG, noise may be a problem that seriously 
compromises classification accuracy. To resolve this conundrum, Errabih et al. (2022) developed a more 
optimized 12-layer CNN model to classify arrhythmia and used MIT-BIH Arrhythmia dataset in study. The main 
difference between their work and that of others is that modern CNNs are considered as a solution to this 
problem, because along with proposed model, wavelet-based  

was used to depend on signal and eliminate noise before feeding data to CNN. Moreover, their project 
presented a self-regulated strategy of feature learning and effective optimization. Due to this innovation, an 
online retraining may take less time when involvement of experts is minimal, it improves efficiency of system 
as it is quick to be deployed in real-time. This given system is suitable to classify five micro-classes of heartbeat 
with  competitive level of accuracy and enhanced efficiency of operation[16]. More recently, Sattar et al. (2024) 
proposed a new pipeline which embedded ECG images of clinical centers around Pakistan into time-series 
signals. In some different deep learning architectures, signals have been injected into them, such as 
Convolutional Neural Networks (CNN), Long Short-Term Memory Networks (LSTM), and Self-Supervised 
Learning Encoders (SSL). Their CNN model was predicted to be slightly more than 92%, which showed a 
viability of an image to signal transformation approach. It can be mixed with deep learning, and it is a potentially 
feasible path towards achieving a real-time ECG monitoring whose output does not need extensive human 
annotation and expert preprocessing to make it ready to be used in  clinic [17]. In the same year, Zabihi et al. 
(2024) devised one such system, possessing two supplementary subsystems, first relied on ResNet-LSTM 
deep learning architecture, which excelled at pattern learning on raw signals. The second exploited 
combination of handcrafted features, a Random Forest classifier and Synthetic Minority Over-sampling 
Technique (SMOTE) to balance class imbalance. Without these two systems being combined, an excellent 
accuracy of 99.26% on MIT-BIH dataset was obtained. This paper gives strong arguments to the idea that 
combinational usage of  learned features of deep networks and carefully designed features may give a 
substantial performance boost on complex clinical classification tasks [18]. 
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Issue of data imbalance in ECG dataset is widespread because some arrhythmias are more infrequent than 
others. This literature review presented shows that some effective measures are adopted to reduce impact of 
such a problem, making sure that key but not well-represented types of arrhythmias are correctly identified. 
These are loss weighting [13], signal segmentation and digitization[17], oversampling using SMOTE [18], 
automatic feature learning and denoising [16], and autoencoder latent compression  [11], [12], [19]. All of these 
ways aim at guarantee that all types of arrhythmias, the most important yet underrepresented ones are 
detected reliably and bring us closer to the idea of clinically feasible automated analysis systems working with 
ECG. 

 
3 Proposed Method 

This paper provides a comparative discussion of three deep learning models of automatic classification of 
the ECG signal Autoencoder in combination with Support Vector Machine (SVM), Convolutional Neural 
Network (CNN), and Long Short-Term Memory (LSTM). To conduct experiments the merged dataset with two 
well-recognized databases, namely, MIT-BIH Arrhythmia Database and PTB Diagnostic ECG Database. All 
models were trained and tested in the same conditions to compare their efficiency along some dimensions, 
such as accuracy, training time, inference speed, and memory size. 
3.1 ECG Heartbeat Database 

This paper utilizes two openly accessible and broadly confirmed electrocardiogram (ECG) datasets, namely, 
MIT-BIH Arrhythmia Database and PTB Diagnostic ECG Database. They were chosen because of their broad 
range of datasets, as they are well established, and rather common in domain of cardiac signal analysis 
research. 

3.1.1 MIT-BIH Arrhythmia Dataset 
A benchmark dataset is MIT-BIH Arrhythmia Database , a collection maintained by the PhysioNet 

collection [20].  Dataset includes 48 half hours of ECG data of 47 different patients recorded. All recordings 
were digitized at 360Hz sampling frequency, and labeled by cardiologists according to beat-level labels using 
AAMI EC57 standard. The data covers a broad range of variants of arrhythmia, makes it applicable and suitable 
to construct strong algorithms in heart beat classification. Given this dataset, the preprocessed form of it, 
available as mitbih_train and mitbih_test is used in this work, each sample containing 187-time steps of 
segmented heartbeats and correct labels (0 to 4) indicating classes. The classes equate to standard beats and 
that of four types of arrhythmias. 

3.1.2 PTB Diagnostic ECG Database 
 PTB Diagnostic ECG database collected by  Federal Institute of Physics and Technology (PTB) in 

Germany and found on PhysioNet has also been uploaded[21]. It has 549 ECG recordings of 290 healthy and 
also sick (myocardial infarction, bundle branch block) subjects. All records contain 15 signals that have been 
simultaneously captured and sampled at 1000 Hz. In this work, two selected datasets will be employed that 
are named ptb_normal and ptbdb_abnormal, which refer to normal and abnormal heartbeats respectively. 
Samples were coded as either normal (label 0) or not (label 1), each of them is a 187-point sample. Such 
subsets allow increasing dataset diversity and enhance generalization capacity of model to other population 
groups. 

3.1.3 Dataset Integration 
Combination of MIT-BIH and PTBDB datasets allows constructing a single training and evaluation 

pipeline. mitbih_train and ptbdb_normal are merged together to form training set, same is done with mitbih_test 
and ptbdb_abnormal to form test set. With such a setup, training set will contain both arrhythmic and normal 
patterns with test set containing heterogeneous, unseen abnormalities.  
The following preprocessing procedure was done: 

 Handling Missing Values: 
The two data sets are validated and curated by PhysioNet. However, missing or corrupted entries in 
all ECG records were scanned. Incomplete time steps were discarded as a record. The proportion of 
removed samples was miniscule (<0.5%), to guarantee that there will be no serious data loss or 
introduction of bias. 

 Normalization: 
Since ECG waveforms need to be scale-invariant across patients and datasets, all ECG signal 
inputs were down-sampled to a common number of 187 time steps. Then, each segment of the ECG 
was normalized according to Z-scoring: 
 

𝑥𝑖
′ =  

𝜇 − 𝑥𝑖

𝜎
 (1) 

 



44 

 

where 𝑥𝑖 is actual signal value, mean and standard deviation of this segment is described by 𝜇 and 𝜎. 
This transformation ensures that mean of each signal is zero, variance is one and thus any variation 
in amplitude does not have any influence on model training. 

 Label and Format Consistency: 
Nominal number of classes in the provided MIT-BIH dataset is five (normal and four arrhythmias), 
whereas PTB dataset is assigned with two categories (normal and abnormal). To standardize label 
coding 

  MIT-BIH classes were coded as integers 0-4. 

 PTB classes were coded as normal as 0 and as abnormal as 1. 
We standardized all samples in a similar format 187 x 1 time-series vector and integer labeling. This 

guaranteed preserved label quality of merged dataset with exact integrity of data input to deep learning models.  
Preprocessing pipeline ensured compatibility of two datasets, and increased robustness by simulating 
heterogeneity in ECG recordings in real world. 

 
3.2 Model Training 

Training of model was performed on a host computer with Intel Core i5-1135G7 CPU, 11th generation 
and 8 GB of RAM Matlab 2024A. Adam optimization is used to train each model, with changes in mini-batch 
size, epochs, and learning rate. Three different deep neural networks are trained, each of which has its own 
architecture and training conditions.  

 
3.3 Autoencoder with SVM 

In first approach, a hybrid model combining an Autoencoder and Support Vector Machine (SVM) is 
employed for ECG classification. The Autoencoder is designed to learn compressed representations of raw 
ECG signals through unsupervised reconstruction. The encoder comprises three fully connected layers with 
128, 64, and 64 neurons, respectively, interleaved with ReLU activations and a dropout layer (rate = 0.2) to 
mitigate overfitting. The final 64-dimensional bottleneck layer serves as latent feature space. Decoder 
symmetrically reconstructs original input using mirrored fully connected layers and is optimized using a mean 
squared error loss function. 

The model was trained using Adam optimizer with a learning rate of 0.0001, a mini-batch size of 32, and 
for a total of 20 epochs. Training data were shuffled at every epoch to ensure generalization, and training 
progress was monitored via real-time loss visualization. Once Autoencoder was trained, it was used to extract 
64-dimensional latent features from both training and testing datasets. These features were normalized using 
Z-score normalization and classified using a multi-class SVM with a radial basis function (RBF) kernel.  SVM 
was implemented via an error-correcting output code (ECOC) framework to handle multi-class nature of ECG 
categories. This two-stage pipeline effectively combines unsupervised representation learning with supervised 
classification, providing a computationally lightweight yet structured model for ECG signal interpretation. 
 

 

 
 

Figure 1: Autoencoder with SVM model training progress. 
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During training, model showed a gradual reduction in reconstruction loss, indicating effective feature 
learning, as shown in Figure 1. Experimental protocol was constructed with intention of gauging cpu-time 
consumed by process of training regression model and estimation of associated classification accuracy. 
Training period took 13 minutes and 58 seconds depicting positive trade-off between temporal efficiency and 
computational resources. Reduction in classification achieved by other models was rather large but because 
we consider parsimonious architecture of this model and limited training requirements, this model is highly 
relevant to systems characterized by constraints associated with computation. 

 

3.4 Convolutional Neural Network (CNN) 
Current paper assesses another approach, classification of ECG signals by using of a one-dimensional 

CNN built in a way that identifies spatial patterns directly in raw inputs. Each of ECG traces was originally a 1 
x 187 vector, but it was divided into [187 x 1 x 1] in 2 dimensions, to comply with input requirements of CNN. 
Architecture was based on use of two convolutional blocks that used depth-separable convolutions, coming 
after data input layer. The first convolutional layer applies 64 filters of size [3×1], followed by batch 
normalization, ReLU activation, and max pooling with a [2×1] window. The second block uses 128 filters of the 
same size, again followed by batch normalization, ReLU, and max pooling. A dropout layer with a rate of 0.5 
is included after the second pooling layer to reduce overfitting. Finally, a fully connected layer maps features 
number of ECG classes, followed by a softmax layer and a classification output. 

 
The network was trained using Adam optimizer with a learning rate of 0.001, a mini-batch size of 32, and for 

20 epochs. Data shuffling was enabled at every epoch to improve generalization. Training process was 
monitored through dynamic visualization of loss and accuracy curves. Z-score normalization was applied to 
each ECG sample to ensure consistent feature scaling across dataset. This model exhibited rapid convergence 
during training, with steadily increase in accuracy and decrease in loss. Training was performed over a span 
of approximately 109 minutes, as shown in  

Figure 2,dupartially because depth and parameter complexity of network.  CNN surpassed other models 
in classification accuracy, indicating its robustness in learning spatial patterns from ECG data. 

 

 
 

Figure 2: CNN model training progress 

3.5 Long Short-Term Memory (LSTM) 
An LSTM network was implemented to capture the temporal dependencies within ECG time-series data. 

The model accepts input sequences of length 187 via a sequence Input Layer. Architecture includes two 
stacked LSTM layers:  first with 128 hidden units and output mode set to "sequence", enabling it to pass entire 
time-series to the next layer; second with 64 hidden units and output mode "last" to extract final time step's 
context vector. Each LSTM layer is followed by a dropout layer with a dropout rate of 0.3 to mitigate overfitting. 
A fully connected layer maps the temporal features to number of output classes, followed by a softmax 
activation and a classification layer to perform multiclass heartbeat classification. 
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Training was conducted using Adam optimizer with a learning rate of 0.0001, a mini-batch size of 32, and 
for 20 epochs. Epoch-wise shuffling was applied to improve robustness. Training progress was monitored 
using real-time plots of accuracy and loss to ensure convergence stability and detect signs of overfitting. 
Training performance demonstrated consistent improvement in accuracy and a reduction in training loss over 
time, as shown in  

Figure 3. when an LSTM neural network was applied to classification of human activities, network trained 
in about 15 minutes and inferred in only a few seconds. This kind of performance shows that LSTM models 
can be useful in real-time monitoring scenarios that require quick action in response to monitored system 
besides a high classification accuracy. 

 

 
 

Figure 3: LSTM model training progress 

3.6 Training Behavior and Comparative Summary 
A detailed visualization of progress of training of each model has been done by analysis of accuracy and 

loss curves. The autoencoder showed consistent convergence of loss in reconstructed samples; the CNN 
reached higher training accuracy since beginning; LSTM demonstrated steady performance with low loss a 
gradual and steady increase of accuracy. Collectively, all these findings indicate that process of optimization 
and learning followed predictable trends in each model. 

 
4 Result and Discussion 

The following section will provide a stringent point-by-point analysis of three different machine learning 
structures which entail Autoencoder with SVM, CNN, and LSTM network. This is compared in key performance 
indicator such as train accuracy, precision, recall, F1-score and computation speed, measured in terms of 
training time, inference time and model size. These metrics perform a pivotal role in determining practical 
feasibility and clinical benefit of automated electrocardiogram signal classification systems. 

4.1 CLASSIFICATION PERFORMANCE METRICS 

Accuracy, Precision, recall, and F1-Score are the major measures of the classification task performance. 

4.1.1 ACCURACY 

By comparing , Figure 4: Model performance comparison,  overall classification accuracy of CNN 
(66.12%) LSTM (65.89%) is very much better than that of Autoencoder with SVM (59.23%). Results prove that 
deep learning architecture is better at finding discriminative, complex features in ECG signals. 
Accuracy measures the overall proportion of correctly classified instances: 
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𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
  (2) 

 

where 𝑇𝑃, 𝑇𝑁, 𝐹𝑃, and 𝐹𝑁 denote the number of true positives, true negatives, false positives, and false 
negatives, respectively. 

 

 
 

Figure 4: Model performance comparison 

4.1.2 Precision 
Model Precision Average comparison figure, as shown in Figure 5, highlights CNN (71.54%) scoring 

highest average precision, followed by LSTM (68.63%). The Autoencoder with SVM (35.85%) exhibits 
remarkably low precision. High precision is vital in medical diagnostics to minimize false positives, thereby 
reducing unnecessary interventions and patient burden. Precision quantifies proportion of correctly predicted 
positive samples among all predicted positives: 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 (3) 

where 𝑇𝑃 denotes the number of true positives, and 𝐹𝑃 denotes the number of false positives. 
 

 
 

Figure 5: Model Precision Average comparison 

 
4.1.3 Recall 

Conversely, Figure 6 shows Autoencoder with SVM (87.10%) achieving highest average recall, 
surpassing CNN (80.40%) and LSTM (77.34%). High recall is critical to minimize false negatives, a paramount 
in detecting life-threatening arrhythmias, even at the potential expense of increased false positives. Recall 
measures proportion of correctly predicted positive samples among all actual positives: 

𝑅𝑒𝑐𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 (4) 

where 𝑇𝑃, and 𝐹𝑁 denote the number of true positives, and false negatives, respectively. 
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Figure 6: Model Recall Average comparison 
 

4.1.4 F1-Score 
The F1-Score, a harmonic mean of precision and recall, provides a balanced measure of performance, 

especially crucial for imbalanced datasets prevalent in medical applications. Model F1-Score Average 
comparison, as shown in Figure 7 indicates that CNN (66.75%) offers the best balance between precision and 
recall, followed by LSTM (62.96%). The Autoencoder with SVM (39.21%) performs poorly in this integrated 
metric, suggesting an imbalance in its precision-recall trade-off. The F1-score is the harmonic mean of 
precision and recall, providing a balanced metric especially for imbalanced datasets: 

 

𝐹1 = 𝟐.
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 . 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 +  𝑅𝑒𝑐𝑎𝑙𝑙
  (5) 

 

 
 

Figure 7: Model F1-Score Average comparison 

 
Collectively, these metrics reveal that while Autoencoder with SVM excels in recall, its significantly lower 

precision and F1-score indicate a propensity for false alarms. CNN, in contrast, consistently provides the most 
balanced and robust classification performance. Comparative summary of classification performance of 
models is provided in Table 1. 

 
Table 1. A comparative summary of classification performance metrics of models. 

Model Accuracy (%) F1-Score Average (%) 
Precision Average 

(%) 
Recall Average 

(%) 

Autoencoder with SVM 59.23 39.20 35.65 87.10 

CNN 66.12 66.74 71.53 80.49 

LSTM 65.89 62.96 68.629 77.34 
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4.2 Computational Efficiency Metrics 

Efficiency of model deployment is assessed through training time, inference time, and memory usage: 
 

4.2.1 Inference Time 
As presented in model inference time comparison, shown in Figure 8, inference time for all models was 

measured under identical hardware and software conditions (Intel Core i5-1135G7 CPU, 8 GB RAM, MATLAB 
2024a), and the same dataset size, ensuring fairness in comparison. Test set consisted of 21,870 heartbeat 
samples from merged MIT-BIH and PTB databases. Inference time was defined as total elapsed time required 
to generate predictions for the complete test set. For the Auto-encoder + SVM pipeline, reported inference 
time of 157.07 seconds appears disproportionately high compared to CNN (15.43 s) and LSTM (3.61 s), also 
relative to its training time (859.20 s). This discrepancy arises from two main factors: 

 

 Two-stage process: inference involved (a) passing each sample through encoder to obtain a 64-
dimensional latent vector, and (b) classifying these vectors using a multi-class SVM with an RBF kernel 
implemented through an Error-Correcting Output Codes (ECOC) framework. 

 Implementation constraints:  SVM classifier in MATLAB processes samples in a per-sample execution 
mode rather than optimized batch mode. Thus, kernel evaluations were performed repeatedly for each 

of the 21,870 test samples. Computational complexity of RBF-SVM prediction is approximately, 𝑁𝑡𝑒𝑠𝑡 ×
𝑁𝑆𝑉 ,where 𝑁𝑡𝑒𝑠𝑡 is number of test samples and 𝑁𝑆𝑉  is number of support vectors. This leads to 
considerably longer inference times compared to CNN and LSTM models, which leverage parallelized 
matrix multiplications and batch execution. 
 

Hence, long inference time does not reflect inefficiency in Autoencoder but rather computational burden 
of kernel-based SVM stage in large-scale testing. Future optimization strategies include replacing RBF kernel 
with a Linear SVM for faster prediction, applying support vector reduction techniques, or using kernel 
approximations such as Random Fourier Features. These approaches could substantially reduce inference 
time while maintaining acceptable classification accuracy, improving real-time applicability of Autoencoder with 
SVM pipeline. 

 

 
 

Figure 8: Model inference time comparison 

 
4.2.2 Training Time 

 Figure 9 illustrates that CNN (6805.32 seconds) requires longest training duration. Both LSTM (938.32 
seconds) and Autoencoder with SVM (859.20 seconds) offer significantly faster training times, which is 
beneficial for rapid model iteration and development cycles. 
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Figure 9: Model training time comparison 

 
4.2.3 Model Memory Size 

Model memory size indicates that Autoencoder with SVM (0.305 MByte) has the smallest memory size, 
followed by CNN (0.580 MByte), while LSTM (0.826 MByte) requires most memory, as shown Figure 10. A 
comparative summary of Computational Efficiency of Models is provided inTable 2. 

 

 
 

Figure 10: Model memory size comparison 

 

Table.2. Comparative Computational Efficiency of Models 

Model Training Time (s) Inference Time (s) Model Size (MB) 

Autoencoder with SVM 859.20 157.07 0.31 

CNN 6805.32 15.43 0.58 

LSTM 938.32 3.61 0.83 

Analyzing computational Efficiency of Models, LSTM model demonstrates the most advantageous profile 
for real-time applications, exhibiting significantly faster inference times (3.61 s) compared to CNN (15.43 s) 
and Autoencoder with SVM (157.07 s), despite having the largest memory footprint (0.83 MB). While the 
Autoencoder with SVM is lightweight (0.31 MB) and fast to train, its impractical inference duration severely 
limits its utility.  CNN, though robust in classification performance, demands substantial training resources. 
Therefore, for scenarios prioritizing immediate diagnostic feedback and operational responsiveness in ECG 
analysis, LSTM offers superior overall practical benefit by balancing acceptable training cost with highly 
efficient real-time operation. 
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4.3 Confusion Matrices 
Confusion matrices for three models offer a granular view of per-class classification performance, 

highlighting specific strengths and weaknesses. Assuming classes 1 through 5 represent distinct ECG beat 
types: 

 
4.3.1 Autoencoder with SVM Model 

Exhibits a pronounced bias towards Class 1 (18117 correctly classified), as shown in Figure 11. 
However, this comes at a significant cost: a very large proportion of instances from minority classes (Class 2: 
10902, Class 3: 1099, Class 4: 124, Class 5: 1069) are incorrectly misclassified as Class 1. This pervasive 
misclassification explains its high overall recall (as many true positives for Class 1 are correctly identified, and 
many others are "recalled" as Class 1) but also its severely low precision and F1-score, making it unreliable 
for precise multi-class differentiation. 

 

 
 

Figure 11: Autoencoder with SVM Model Confusion Matrix 

 

4.3.2 CNN Model 
Strong performance on Class 1 (18068 correctly classified), robust performance on Classes 3 (1299) 

and 5 (1557), as shown in Figure 12. The primary challenge lies in misclassifying a substantial number of 
Class 2 instances (10176) as Class 1, indicating difficulty in distinguishing between these two specific 
categories. This contributes to a higher false negative rate for Class 2. Overall, diagonal dominance across 
multiple classes reflects its strong accuracy and balanced F1-score. 

 

 
 

Figure 12: CNN Model Confusion Matrix 

 

4.3.3 LSTM Model 
Similar to CNN, LSTM demonstrates strong performance on Class 1 (18052 correctly classified), 

effective classification of Classes 3 (1308) and 4 (88). It also faces challenges with misclassifying Class 2 
instances (9787) as Class 1. A notable interaction is observed between Class 2 and Class 5, with 498 Class 
2 instances predicted as Class 5, and 498 Class 5 instances predicted as Class 2), as shown in Figure 13. 
This suggests potential feature overlap or ambiguity between these two classes that LSTM struggles to 
resolve. 
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Figure 13: LSTM Model Confusion Matrix 
 

5 Conclusion 

This study rigorously evaluated performance of Autoencoder with SVM, CNN, and LSTM models for 
electrocardiogram (ECG) signal classification across key metrics including classification accuracy, precision, 
recall, F1-score, and computational efficiency (training time, inference time, and memory size). Findings 
consistently demonstrate that deep learning architectures, specifically CNN and LSTM, significantly outperform 
Autoencoder with SVM model in overall classification efficacy. CNN model emerged as the most robust 
classifier, achieving highest balanced performance across accuracy (66.12%), precision (71.54%), and F1-
score (66.75%). This indicates its superior ability to accurately identify various ECG beat types while minimizing 
both false positives and false negatives, making it highly suitable for applications where diagnostic reliability is 
paramount. Conversely, LSTM model proved exceptionally efficient in real-time inference (3.62 seconds), 
significantly outperforming both CNN (15.43 seconds) and Autoencoder with SVM (157.07 seconds). This 
speed, coupled with competitive classification performance (Accuracy: 65.89%, F1-Score: 62.96%), puts 
LSTM as an ideal candidate for applications requiring immediate diagnostic feedback and rapid processing. 
Auto-encoder with SVM model, while exhibiting fastest training time and smallest memory size, suffered from 
critically low precision (35.85%) and an impractical inference time. Its pronounced bias towards majority class, 
as shown by confusion matrices, severely limits its utility for comprehensive multi-class arrhythmia detection 
in clinical settings. In essence, selection of an optimal model for automated ECG classification is a trade-off 
between diagnostic accuracy and operational efficiency. For applications demanding highest classification 
robustness and reliability, CNN is recommended. For real-time and resource-sensitive deployments where 
rapid inference is critical, LSTM offers a compelling solution. Future work should explore hybrid deep learning 
strategies or advanced regularization techniques to further enhance inter-class discrimination, particularly for 
challenging minority classes, thereby improving clinical translatability of these automated systems. 
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