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Abstract 

Sleep apnea is a serious and common breathing disorder that occurs during sleep, characterized by repeated pauses 

in breathing that can increase the risk of hypertension, heart disease, and stroke. Early detection of sleep apnea is 

crucial, but conventional methods, such as polysomnography, are expensive, complex, and inefficient for mass 

screening. Therefore, an automated system based on physiological signals such as an electrocardiogram (ECG) is 

needed for a more practical and efficient approach. This study proposes a sleep apnea classification model utilizing 

a combination of 1D Convolutional Sparse Autoencoder (1DCSAE), Convolutional Neural Network (CNN), and 

Gated Recurrent Unit (GRU) architectures, referred to as the SAE-DEEP model. This method is designed to 

automatically extract features while minimizing the need for preprocessing. Four testing scenarios were conducted 

to evaluate the impact of signal reconstruction and preprocessing on classification performance. Experimental results 

show that the CNN-GRU model with signal reconstruction using 1DCSAE achieves an accuracy of 89.8%, a 

sensitivity of 90.1%, and a specificity of 89.2%, demonstrating balanced and stable classification performance. 

Additionally, this model was proven to work effectively without complex preprocessing steps, making it a potential 

solution for efficient sleep apnea detection systems. These findings could contribute to the development of more 

straightforward, reliable, and clinically viable ECG-based classification systems, as well as wearable devices. In 

doing so, the proposed model addresses a critical gap in sleep apnea screening, underscoring the urgent need for 

accessible and cost-effective diagnostic tools.   
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1. INTRODUCTION 

Sleep is a vital activity that accounts for one-third of human life and plays a significant role in 

maintaining physical health and quality of life [1]. On average, humans require 7 to 8 hours of sleep per 

day [2]. When sleep quality is disrupted, the body can experience serious negative effects, both 

physically and mentally. To date, approximately 84 types of sleep disorders have been identified, and 

one of the most common and potentially dangerous is sleep apnea [3], [4], [5]. Sleep apnea is a breathing 

disorder that occurs during sleep, characterized by complete or partial cessation of breathing due to 

blockage in the upper airway [6], [7]. This disorder is known to have a strong correlation with age [8] 

and is generally divided into three main categories: (i) Obstructive Sleep Apnea (OSA), (ii) Central 

Sleep Apnea (CSA), and (iii) Mixed Sleep Apnea (MSA) [9]. 

The prevalence of sleep apnea continues to rise worldwide. According to a 2007 WHO report, 

over 100 million people suffer from sleep apnea. This number surged to 1 billion by 2018, with 425 

million of them aged 30–69 and experiencing moderate to severe OSA [10]. The incidence of OSA 

varies between countries, with rates of 8.8% in China, 26% in Brazil, and 49.7% of men and 23.4% of 

women experiencing sleep-related breathing disorders in Switzerland [11]. In the United States, data 

indicate that OSA affects 3% of women and 10% of men aged 30–49 years, increasing to 9% of women 
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and 17% of men aged 50–70 years [12]. These facts underscore the urgency of early detection and 

effective management of sleep apnea globally. 

As the prevalence of OSA increases, various researchers have developed several automated 

approaches to detect sleep apnea from physiological signals, such as EEG, ECG, and SpO2 [13], [14]. 

Among these, the ECG signal is considered the most promising due to its high precision, comfort of use, 

and low cost [15], [16], [17], [18], [19]. ECG signals can record heart activity through electrodes placed 

on the skin and have proven effective in identifying symptoms of sleep apnea [20], [21]. Therefore, 

ECG signal analysis has become the primary focus in sleep apnea detection research, ranging from 

conventional machine learning approaches to deep learning. 

Initially, sleep apnea detection relied heavily on classical machine learning algorithms [1]. 

However, due to limitations in extracting features from complex physiological signals, research shifted 

toward deep learning models [1], [22]. These models have the advantage of automatically learning 

relevant features without requiring complex manual extraction [23]. Various deep learning models have 

been applied for ECG-based sleep apnea detection. One such study was conducted by Nasifoglu, who 

used a CNN with scalogram and spectrogram inputs, achieving an accuracy of 82.30%, sensitivity of 

83.22%, and specificity of 82.27% [24]. Another study tested several architectures, including CNN, 

CNN-LSTM, and CNN-GRU, and found that CNN-LSTM provided the best performance with an 

accuracy of 89.11% [25]. On the other hand, Wang et al. used a modified version of LeNet-5 to analyze 

single ECG signals, achieving an accuracy of 87.6% [26].  

Bahrami also compared various models such as CNN, LSTM, BiLSTM, GRU, and CNN-LSTM, 

with CNN-LSTM being the most superior (accuracy of 80.67%) [27]. Another study by Feng et al. 

employed a combined approach using a Frequential Stacked Sparse Autoencoder (FSSAE) and a Time-

Dependent Cost-Sensitive (TDCS) classifier, with FSSAE for feature extraction and TDCS—a 

combination of a Hidden Markov Model (HMM) and MetaCost—as the classifier. Using the Apnea-

ECG dataset (comprising 70 patients), the results yielded an accuracy of 85.1%, a sensitivity of 86.2%, 

and a specificity of 84.4% [17]. 

Although deep learning models are promising, their success heavily depends on the quantity and 

quality of training data [28], [29]. Although previous studies have applied CNN, LSTM, or hybrid 

models, challenges remain in balancing sensitivity and specificity while reducing dependence on 

complex preprocessing. Furthermore, the collection of ECG-based sleep apnea data is still limited, 

which can lead to overfitting and poor model generalization for new patients. In addition, ECG signals 

are highly susceptible to noise and artifacts caused by movement during sleep or interference from 

medical devices [30], [31]. Without adequate preprocessing, detection quality can deteriorate 

significantly due to the difficulty of distinguishing valid apnea signals from external disturbances.  

To address these challenges, this study introduces a new hybrid model, SAE-DEEP, which uses 

1DCSAE to enrich ECG signal features and combines them with CNN and GRU to balance sensitivity 

and specificity without requiring complex pre-processing. Furthermore, the CNN-GRU combination 

was chosen because it can capture the spatial and temporal patterns of ECG signals simultaneously [32]. 

GRU is known to be effective in processing long-term sequential data such as time series signals [33], 

[34], [35]. This approach is designed to overcome data limitations and noise interference in ECG signals, 

which have often been obstacles in previous studies. Thus, this approach can improve model 

generalization across different patient conditions while reducing dependence on complex pre-processing 

steps. This makes the method more suitable for broad and real-time applications in ECG-based sleep 

apnea monitoring systems. 
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2. METHOD 

 
Figure 1.  Research Process Flow Diagram 

 

This study aims to evaluate and compare the performance of two deep learning architectures, 

namely CNN and CNN-GRU, in detecting sleep apnea based on ECG signals. Each method is 

systematically implemented through the stages of preprocessing, signal segmentation, reconstruction 

using 1DCSAE, classification, and evaluation. Four testing scenarios were conducted to assess the 

impact of reconstruction and preprocessing on model performance. This study highlights the advantages 

of each approach in capturing spatial and temporal patterns, as well as the effectiveness of 1DCSAE in 

reducing noise without losing important features. The workflow of the methodology is shown in Figure 

1, which illustrates the sequential process of each approach for comparative analysis purposes. 

2.1. Dataset 

This study utilizes the PhysioNet Apnea-ECG dataset, a widely used benchmark for ECG-based 

OSA detection. The dataset contains 70 overnight single-lead ECG recordings (approximately 7–10 

hours each) sampled at 100 Hz. Each recording is annotated by sleep experts on a per-minute basis – if 

an apnea event occurs in a given minute, that 60-second ECG segment is labeled “apnea” (positive), 

otherwise “normal” (negative).  

 

  
(a) (b) 

Figure 2. Input ECG dari dataset Apnea-ECG Database. (a) Normal (b) Apnea 
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As illustrated in Figure 2, the dataset provides two typical patterns of ECG input, where panel (a) 

depicts a normal signal with relatively stable waveforms and panel (b) shows an apneic signal marked 

by irregular morphology. This distinction forms the basis for labeling each minute segment and ensures 

that the dataset can clearly separate normal and apneic events. In total, 34,313 one-minute segments 

(each 6000 samples) were extracted, comprising 21,249 apnea segments and 13,064 non-apnea 

segments. The recordings are further categorized by severity using the Apnea-Hypopnea Index (AHI) 

as follows: 

1) Class A (Severe OSA): AHI ≥ 10 (recording contains ≥100 apnea segments) 

2) Class B (Mild OSA): 5 ≤ AHI < 10 (recording contains 5–99 apnea segments) 

3) Class C (Normal): AHI < 5 (no or very few apnea segments) 

For training and evaluation purposes, all segments were randomly divided into two parts, training 

and testing data, with a ratio of 50:50 to ensure a balanced proportion of apnea and non-apnea segments 

in both subsets. This division strategy is commonly applied in recent studies to avoid bias toward 

specific subsets [36]. The Apnea-ECG dataset was chosen due to its availability and reliability as a gold 

standard in ECG-based apnea research. It provides a comprehensive range of normal and apneic heart 

patterns, with expert-labeled ground truth for each minute segment, making it ideal for training deep 

learning models. Indeed, numerous recent studies have adopted this dataset as a benchmark; for 

example, using all 70 recordings to evaluate various machine learning and deep learning classifiers for 

OSA detection [19]. 

2.2. Pre-Processing 

Raw ECG signals often experience baseline wander, which can interfere with analysis [37], [38]. 

To overcome this, a Butterworth high-pass filter with a cutoff frequency of 0.5 Hz is used to eliminate 

baseline shifts. In addition, ECG signals also contain noise interference from 60 Hz powerline 

interference, which can reduce signal quality and make it difficult for deep learning models to extract 

relevant features. Therefore, an IIR notch filter at 60 Hz is applied to eliminate this interference. 

In all scenarios, ECG data is segmented into one-minute intervals without overlap. Each segment 

captures the heart activity pattern within a one-minute time frame, corresponding to the apnea event 

labeling interval, ensuring more accurate analysis. 

2.3. Signal Reconstruction 

 
Figure 3. 1D Convolutional Sparse Autoencoder Architecture 

 

Signal reconstruction in this study employs the 1DCSAE approach, which helps reduce 

disturbances such as noise and baseline wander in ECG signals. As shown in Figure 3, this process 

utilizes an encoder-decoder architecture comprising Conv1D layers to extract key features and 

reconstruct signals with improved characteristics. The use of 1DCSAE also aims to minimize the need 

for complex manual preprocessing by allowing the model to automatically learn relevant features from 

the raw signal [39]. Although not all distortions such as baseline wander can be eliminated, the visual 

results show that signal reconstruction produces a smoother and more stable structure. This reinforces 

the effectiveness of the reconstruction stage as a foundational initial step before the classification process 
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is performed by the CNN or CNN-GRU model, while also reducing the potential loss of important 

information due to external noise. 

2.4. Classification 

 

Table 1. CNN-GRU Architecture Model 

Layer 

Kernel 

/Pool 

Size/Units 

Filters 
Activation 

Function 
Regularizer Output Size 

Batch 

Normalization 

- - - - (None, 6000, 

1) 

Conv1D_1 100 2 ReLU - (None, 2951, 

2) 

Max_Pooling_1 2 2 - - (None, 2950, 

2) 

Conv1D_2 50 60 ReLU - (None, 2901, 

60) 

Max_Pooling_2 2 - - - (None, 1450, 

60) 

Conv1D_3 30 30 ReLU - (None, 1421, 

30) 

Dropout 25% 3 - - - (None, 1421, 

30) 

Max_Pooling_3 2 - - - (None, 710, 

30) 

Conv1D_4 10 20 ReLU  (None, 701, 

20) 

Max_Pooling_4 2 - -  (None, 350, 

20) 

Dropout 25% - - - - (None, 350, 

20) 

Conv1D_5 10 10 ReLU - (None, 341, 

10) 

GRU 128 - Sigmoid  (128, 1) 

Batch 

Normalization 

- - - - (128, 1) 

Dropout 25% - - - - (128, 1) 

Flatten - - - - (128) 

Dense_1 - - - - (100) 

Dense_2 - - - - (30) 

Dense_3 - - - - (10) 

Dropout 25% - - - - (10) 

Dense_4 - - - Kernel = L2 

(0.01) 

Bias = L2 (0.01) 

(2) 
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At the classification stage, two deep learning architectures were applied, namely CNN and CNN-

GRU, with the integration of a signal reconstruction stage using 1DCSAE. Before entering the 

classification models, each ECG signal segment was reconstructed using 1DCSAE to reduce noise 

artifacts and baseline drift in the signals. This reconstruction process employed a convolutional 

(Conv1D) encoder–decoder architecture to extract essential features and reconstruct signals with cleaner 

characteristics. The use of such a convolutional autoencoder is effective for signal denoising and for 

automatically capturing key morphological patterns [40]. The reconstructed ECG signals, which appear 

smoother and more stable, are expected to facilitate the subsequent classification stage.  

The CNN model was utilized to extract spatial features from the signals through Conv1D 

operations, enabling the recognition of local patterns such as the QRS complex. Furthermore, the CNN-

GRU model was developed by adding a GRU layer after the Conv1D layers to capture temporal patterns 

from the sequential heart signal data. This combination of CNN and GRU allows the model to more 

holistically recognize frequency variations and signal structures associated with apnea events [41]. GRU 

was chosen over LSTM because of its simpler structure with fewer parameters, making the training 

process more efficient without a significant decrease in detection accuracy [41]. By combining the 

CNN’s capability in local feature extraction with the efficiency of GRU in modeling long-term 

dependencies, the CNN-GRU architecture can deliver improved apnea detection performance and 

higher generalization across various patient conditions [41].  

In its implementation, the CNN-GRU architecture consists of several Conv1D and pooling layers 

for feature extraction, followed by a single GRU layer with 128 units for sequence modeling, and finally 

concluded with dense layers using the softmax activation function to classify the signals into two classes 

(apnea vs. normal). The complete structure of the CNN-GRU architecture is presented in Table 1. 

As shown in the architecture model table in Table 1, Conv1D is used to extract local features from 

the ECG signal. The convolution process is formulated in equation (1). 

𝑥𝑗
(𝑙)

= 𝑓 ( ∑ 𝑥𝑖
(𝑙−1)

 ∗  𝑤𝑖𝑗
(𝑙)

+ 𝑏𝑗
(𝑙)

𝑖∈𝑀𝑗

)           (1)  

Where 𝑥𝑖
(𝑙−1)

 is the input from the previous layer, 𝑤𝑖𝑗
(𝑙)

 is the kernel, and 𝑓 is an activation function 

such as ReLU. In the output layer, the model uses the softmax function to generate the probabilities of 

the two classes shown in equation (2). 

𝑦𝑘 =  
𝑒𝑎𝑘

∑ 𝑒𝑎𝑖𝑛
𝑖=1

 (2) 

This function ensures that the total probability of both classes (apnea and non-apnea) adds up to 

1. 

2.5. Testing Scenario 

The testing scenarios in this study were conducted through four experimental scenarios to evaluate 

the effect of signal reconstruction and preprocessing on classification performance. As shown in the 

workflow of each scenario in Figure 1, in Scenario 1, ECG signal data was segmented into 60-second 

intervals without overlap, then reconstructed using a Sparse Autoencoder (SAE) before being classified 

using a CNN and CNN-GRU model. Scenario 2 has a similar workflow but includes a preprocessing 

step before segmentation and reconstruction. In contrast, in Scenarios 3 and 4, the original ECG signal 

is used without reconstruction by the SAE. The difference lies in Scenario 3, which involves 

preprocessing, while Scenario 4 does not. 

All scenarios were tested using a 5-fold cross-validation scheme to ensure stable and 

representative results. Performance evaluation was conducted by calculating accuracy, sensitivity, and 
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specificity values, as well as analyzing the number of True Positives, True Negatives, False Positives, 

and False Negatives from the classification results. The best model was selected based on its ability to 

balance the classification of apnea and non-apnea segments, as well as consistent performance across 

various input configurations. 

2.6. Evaluation 

The performance evaluation of the model was conducted to assess how accurately the 

classification system could detect apnea events. As previously described, a 5-fold cross-validation 

scheme was applied to obtain a more generalized estimate of performance. In this validation method, 

the dataset is proportionally divided into five folds. The model is trained on four folds and tested on the 

remaining fold, and this process is repeated until each fold has served as the test set once. This approach 

ensures that every sample in the dataset is both validated and tested, thereby producing an evaluation 

that reflects the model’s average performance in a more robust manner [42]. To measure performance, 

three commonly used metrics in medical detection systems were employed: accuracy, sensitivity, and 

specificity. These metrics were calculated based on the values of True Positive (TP), True Negative 

(TN), False Positive (FP), and False Negative (FN), which were derived from comparing the model’s 

predictions against the ground truth labels in the test data. The formal definitions of these evaluation 

metrics are as follows: 

𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =  
𝑇𝑃

𝑇𝑃+𝐹𝑁
 (3) 

𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =  
𝑇𝑁

𝑇𝑁+𝐹𝑃
 (4) 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 (5) 

Meanwhile, the confusion matrix used to illustrate the matrix structure in the model evaluation 

process is shown in Table 2. 

 

Table 2. Confusion Matrix 

 Predicted Apnea Predicted Non-Apnea 

Actual Apnea TP FN 

Actual Non-Apnea FP TN 

 

These three metrics were selected because they are widely applied in medical detection 

evaluations and complement one another in reflecting model performance. Accuracy provides an overall 

performance measure, but it can be biased when dealing with imbalanced datasets. Sensitivity and 

specificity, on the other hand, specifically emphasize the model’s strength in correctly identifying 

positive apnea events and avoiding false alarms. In the context of OSA detection, high sensitivity 

ensures that the majority of apnea episodes are detected (which is crucial for patient safety), while high 

specificity ensures that normal signals are rarely misclassified as apnea (which is important for reducing 

false alarms). Through the 5-fold cross-validation, stable average values of accuracy, sensitivity, and 

specificity were obtained for each experimental scenario, thereby confirming the consistency and 

reliability of the model’s performance. 

3. RESULT  

The results presented encompass the outcomes of preprocessing, including noise reduction and 

baseline stabilization, as well as signal reconstruction, which is the primary enhancement step before 
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classification. Furthermore, classification results were obtained from two deep learning models, 

accompanied by a comprehensive evaluation of signal quality and apnea detection performance. 

 

 
Figure 4. Results of Noise Reduction and Baseline Stabilization 

3.1. Preprocessing Result 

The preprocessing results illustrated in Figure 4 demonstrate a significant transformation between 

the raw ECG signal (original signal) and the signal after filtering (filtered signal). In the raw signal, 

several disturbances are clearly visible, most notably baseline wander, which manifests as a slow drift 

of the baseline, as well as unstable amplitude fluctuations caused by low-frequency voltage shifts. Such 

disturbances are typically introduced by respiratory activity or body movements during signal 

acquisition, and they can obscure the main morphological components of the ECG, particularly the R-

peak, which is a critical feature in sleep apnea detection. In addition, the raw signal is also affected by 

60 Hz powerline interference, producing periodic noise that further degrades signal quality. These 

conditions not only reduce the reliability of the signal representation but also hinder the ability of deep 

learning models to accurately capture the spatial and temporal patterns embedded in ECG data. 

To address these issues, two primary filtering techniques were applied during preprocessing: a 

Butterworth high-pass filter with a cutoff frequency of 0.5 Hz to remove baseline wander, and an IIR 

notch filter at 60 Hz to suppress powerline interference. As shown in the lower part of Figure 4, the 

filtered signal exhibits a more stable baseline, more consistent amplitude, and a clearer, more prominent 

R-peak compared to the raw input. This improvement in signal quality is essential because it produces 

data that is both more representative and physiologically reliable without discarding crucial diagnostic 

features. Consequently, the refined signal facilitates more effective feature extraction and classification 

by CNN and CNN-GRU models. In this context, preprocessing serves not merely as a noise reduction 

step, but as a foundational stage that ensures stability, readability, and reliability of ECG signals, 

ultimately supporting the accuracy and robustness of deep learning–based sleep apnea detection 

systems. 

3.2.  SAE Input Reconstruction Results 

The reconstruction results of ECG signals using SAE demonstrate an improvement in data 

quality, although with certain limitations. As shown in Figure 5, SAE is capable of reducing noise 

disturbances and smoothing the signal pattern, thereby making the main morphology—particularly the 

R-peak—more prominent. The clarity of the R-peak is highly important as it represents one of the key 

diagnostic features in identifying apnea patterns through the R–R interval. With cleaner signals, both 
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CNN and CNN-GRU models can perform spatial and temporal feature extraction more effectively. This 

improvement in input quality directly contributes to the increase in specificity, indicating that the model 

is less likely to misclassify normal segments as apnea. In other words, the reconstruction process using 

SAE helps the model maintain accuracy in recognizing normal signals, thus reducing the number of 

false positives and lowering the potential for false alarms. 

Nevertheless, Figure 6 illustrates that SAE does not always succeed in reconstructing signals 

perfectly. In certain segments, the amplitude of the R-peak significantly decreases or even disappears 

entirely. The loss of such critical morphology can have a serious impact on model performance, 

particularly in detecting segments associated with apnea events. The absence of R-peak information 

reduces the temporal cues that CNN-GRU is designed to capture, thereby affecting the model's 

sensitivity. 

 

  
Figure 5. Comparison of ECG signals before 

and after SAE reconstruction 

Figure 6. Example of the failure of SAE in 

reconstructing the R-peak 

 

3.3. Classification and Evaluation Results for Each Scenario 

 
Figure 7. Confussion Matrix 

 

The classification process was conducted across four scenarios, using both the original signals 

and the reconstructed signals, with the results visualized in the confusion matrix shown in Figure 7. In 

general, the classification patterns across scenarios exhibit consistency; however, there are notable 

differences in the number of False Positives (FP) and False Negatives (FN) produced by the models in 

each scenario. These variations in FP and FN directly influence the sensitivity and specificity values, 
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indicating that the error patterns of the models vary depending on the architecture employed and the 

condition of the input signals. 

 

Table 3. Classification Results for Each Scenario 

Scenario Input Model Accuracy Sensitivity Specificity 

Scenario 1 Reconstructed Raw 
CNN 90,1% 95,1% 82,1% 

CNN-GRU 89,8% 90,1% 89,2% 

Scenario 2 Reconstructed Preprocessed 
CNN 90,7% 94,3% 84,9% 

CNN-GRU 89,7% 91,4% 86,8% 

Scenario 3 Original Preprocessed 
CNN 90% 94,1% 83,3% 

CNN-GRU 90,1% 91,7% 87,4% 

Scenario 4 Original Raw 
CNN 89.8% 93,7% 83,5% 

CNN-GRU 89,3% 95,6% 79,2% 

 

Based on Table 3, the performance differences between the CNN and CNN-GRU architectures 

range from 0.1% to 5% across the metrics of accuracy, sensitivity, and specificity. For instance, in 

Scenario 2, the CNN model achieved the highest accuracy (90.7%), whereas the CNN-GRU model 

attained the highest sensitivity in Scenario 4 (95.6%). Conversely, the highest specificity was obtained 

by CNN-GRU in Scenario 1 (89.2%). These results indicate that the final performance of the models is 

influenced not only by the architecture itself but also by the signal preprocessing stages and the use of 

autoencoders in each scenario. CNN generally exhibited slightly higher accuracy and sensitivity, but 

was offset by lower specificity compared to CNN-GRU. For example, in Scenario 1, the CNN model 

achieved a sensitivity of 95.1% and a specificity of 82.1%. In contrast, CNN-GRU in the same scenario 

yielded a sensitivity of 90.1% and a specificity of 89.2% (see Table 3). This difference suggests that the 

inclusion of GRU components enhances the model's ability to distinguish normal conditions, thereby 

reducing false alarms (improving specificity) without significantly compromising sensitivity in apnea 

detection. 

When observing the average performance, Scenarios 1 and 2 (with SAE-DEEP) achieved mean 

accuracy, sensitivity, and specificity values of approximately 90.0%, 92.7%, and 85.8%, respectively. 

In contrast, Scenarios 3 and 4 (without autoencoder) obtained averages of 89.8%, 93.8%, and 83.4%. 

Thus, the application of SAE-DEEP resulted in a slight improvement in accuracy (approximately 0.2%) 

and specificity (approximately 2.4%), although it led to a small decrease in average sensitivity 

(approximately 1.1%). This reduction in sensitivity indicates that the autoencoder-based model was 

slightly less effective in detecting apnea events. This can be attributed to the SAE's inability to 

consistently preserve crucial R-peak features, as illustrated in Figure 6, leading to some apnea segments 

being imperfectly detected. 

In Scenario 2, where baseline wander reduction was applied before reconstruction, no significant 

improvement in sensitivity was observed; in fact, specificity slightly decreased compared to Scenario 1. 

The only improvement was seen in the increased accuracy of the CNN model. These findings suggest 

that the additional preprocessing stage did not provide substantial benefits within this system. 

Consequently, SAE-DEEP remained competitive even without extra preprocessing and tended to 

maintain more stable specificity values. 

The most balanced performance was achieved by the CNN-GRU model in Scenario 1, where the 

differences among accuracy, sensitivity, and specificity were less than 1%. In other words, this model 

was able to distinguish apnea and non-apnea segments proportionally without bias toward either class. 

Architecturally, the GRU component enhanced the model’s ability to capture temporal patterns in 

continuous ECG signals, complementing the spatial feature extraction capability of CNN. This is 
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reflected in the stability of sensitivity and specificity values obtained by CNN-GRU. By contrast, the 

pure CNN model generally showed higher sensitivity but lower specificity, as demonstrated in the 

comparison for Scenario 1 in Table 3. Overall, these results indicate that the hybrid CNN-GRU 

architecture with SAE-DEEP can sustain a more balanced classification performance, maximizing apnea 

detection while avoiding excessive false alarms on normal segments. 

4. DISCUSSIONS 

The combined CNN-GRU model with 1DCSAE proposed in this study is effective in detecting 

sleep apnea from ECG signals. The model achieved an accuracy of 89.8%, sensitivity of 90.1%, and 

specificity of 89.2% in Scenario 1. Although peak performance was not consistently maintained across 

all experimental configurations, the CNN-GRU architecture consistently demonstrated good stability in 

balancing sensitivity and specificity. The GRU component proved effective in recognizing temporal 

patterns in sequential ECG signals, complementing the spatial feature extraction capabilities of CNN. 

Furthermore, the use of the 1DCSAE autoencoder for signal reconstruction significantly reduced noise 

and artifacts without losing critical features. The reconstruction results showed smoother and more 

stable signal structures with minimal distortion; although signal amplitude slightly decreased due to the 

encoding-decoding process, essential features such as the R-peak were preserved, allowing classification 

to proceed optimally. 

 

 
Figure 8. Comparison of the Performance of the Best Model with Other Studies 

 

Compared with previous studies, as illustrated in Figure 8, this model demonstrates competitive 

advantages. For example, Nasifoglu and Erogul employed a CNN with scalogram and spectrogram 

inputs to detect apnea, but their model only achieved an accuracy of 82.3%, sensitivity of 83.22%, and 

specificity of 82.27% [24], which are lower than the performance achieved by the proposed CNN-GRU 

model. Similarly, Almutairi reported an accuracy of 89.11% and sensitivity of 89.91% using a CNN-

LSTM architecture [25], which is comparable in accuracy but less stable in specificity compared with 

our approach. Wang applied a modified LeNet-5 model that achieved 87.6% accuracy and 90.3% 

specificity [26]. Although their specificity was relatively high, their model lacked the capability for 
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temporal analysis, unlike CNN-GRU, which captures dynamic signal dependencies. Bahrami and 

Forouzanfar, who combined CNN and LSTM, reported an accuracy of only 80.67% [27], significantly 

lower than our results. Meanwhile, Feng [17] proposed a more complex method integrating a Frequential 

Stacked Sparse Autoencoder (FSSAE) with a Time-Dependent Cost-Sensitive (TDCS) classifier, 

achieving an accuracy of 85.1%. Although competitive, the architectural complexity poses practical 

challenges for real-world deployment in resource-constrained environments. 

From a practical perspective, the CNN-GRU architecture offers notable computational efficiency. 

GRU inherently requires fewer parameters and lower computational cost compared to LSTM, making 

the model more suitable for real-time implementation and deployment on portable (wearable) devices 

with limited power and computational resources. The integration of 1DCSAE also minimizes the need 

for complex preprocessing stages, making the overall system simpler and faster. Consequently, the 

ECG-based apnea detection system can be adapted for continuous monitoring in real-world conditions 

using wearable devices without significant performance degradation. This efficiency is particularly 

important as it allows direct processing of raw signals with low energy consumption, thereby increasing 

the feasibility of applying the system in portable healthcare technologies. 

From an academic standpoint, the hybrid CNN-GRU + 1DCSAE design provides new 

contributions to the field of physiological signal classification. The combination of CNN and GRU 

enables the simultaneous capture of spatial and temporal patterns, which is essential for understanding 

the sequential dynamics of cardiac signals. Moreover, the implementation of 1DCSAE within the 

classification pipeline enhances input quality by reducing noise while preserving key features. This 

hybrid approach broadens the understanding of integrating classical signal processing techniques with 

deep learning, demonstrating that signal reconstruction combined with automatic feature extraction can 

improve model robustness against variations in physiological signals. Thus, this research adds new 

insights into how hybrid deep learning architectures can be effectively applied to biomedical signal 

analysis problems. 

The proposed model presents several notable advantages. Its stability in sensitivity and specificity 

is a key strength, as it reduces misclassification, particularly in non-apnea segments. The model is also 

efficient in classification, as it eliminates the need for manual feature extraction by leveraging 1DCSAE 

for automated feature learning and reduces reliance on complex preprocessing. The combination of CNN 

and GRU enables the model to generalize effectively across patient variations, ensuring robust 

performance under different conditions. With minimal preprocessing required, the architecture offers a 

lightweight and practical approach without sacrificing accuracy. The ability to directly process raw 

signals further opens the possibility for widespread application in long-term health monitoring. 

Nevertheless, the model has certain limitations. The encoding-decoding process of 1DCSAE 

introduces a slight reduction in signal amplitude, particularly at the R-peak, as shown in Figure 6. 

Although the R-peak itself remains preserved, this amplitude distortion may diminish finer details of the 

signal, potentially affecting classification reliability under specific conditions. Additionally, the model's 

performance is strongly dependent on the quantity and quality of the training data. The limited 

availability of sleep apnea ECG data can increase the risk of overfitting and reduce generalizability to 

new datasets. ECG signals are also susceptible to motion artifacts or external interference, which, 

without adequate preprocessing, may lower detection accuracy. Therefore, larger and more diverse 

datasets, along with mechanisms for handling additional noise, are necessary to further evaluate the 

model's reliability under real-world conditions.     

5. CONCLUSION 

This study successfully developed a sleep apnea classification model based on ECG signals by 

integrating the CNN-GRU architecture with 1DCSAE. In its best-performing configuration (Scenario 
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1), the hybrid model achieved an accuracy of 89.8%, a sensitivity of 90.1%, and a specificity of 89.2%, 

demonstrating balanced and stable performance in distinguishing between apnea and non-apnea 

segments. These results highlight the significance of the proposed approach in the field of informatics, 

particularly in advancing deep learning methods for physiological signal classification. The model 

showed consistent performance even without complex preprocessing, thereby offering a simpler yet 

accurate detection system. Practically, the hybrid design leverages a CNN for spatial feature extraction 

and a GRU for efficient temporal modeling, while the 1DCSAE effectively reduces noise in ECG 

signals. The computational efficiency of GRU, combined with its minimal preprocessing requirements, 

makes this model well-suited for deployment in resource-constrained intelligent systems, such as 

wearable devices for real-time health monitoring, without compromising detection accuracy. However, 

this model has limitations, namely that the 1DCSAE encoding-decoding process causes amplitude 

distortion that slightly reduces the ECG R-peak, as well as dependence on limited training data that can 

limit the model's ability to generalize to a more diverse clinical population. Therefore, further research 

should explore new architectures (e.g., attention mechanisms) and apply data augmentation strategies to 

enrich sample variation, thereby improving the strength and reliability of future models. 
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