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Abstract—This paper presents a multimodal fusion strategy for 
sleep stage classification based on polysomnography (PSG) which 
consists of electroencephalogram (EEG) and Electrocardiogram 
(ECG) data. By implementing the Squeeze-Excite (SE) Fusion 
mechanism, a more effective contribution of EEG and ECG signals 
to the neural network classification is ensured. To address the 
challenges of imbalance in the dataset, a balanced sampler is 
introduced. The EEG signals are transposed to the frequency 
domain utilizing linear-frequency cepstrum coefficients (LFCC), 
enhancing the feature extraction process. A recurrent 
convolutional neural network (RCNN) is employed to reduce the 
number of model parameters and further optimize the architecture. 
The weight of the network is then quantized down to INT4 to ensure 
hardware compatibility, particularly for edge devices. By 
employing these methods on signals, this optimized approach has 
achieved a validation accuracy of 77.6% with only 23.5KB weight 
memory size on the MIT-BIH dataset across six classification 
categories. 

 
Index Terms—sleep stage classification, channel attention, mul- 

timodal neural network, flexible circuit and system 

 

I. INTRODUCTION 

Sleep is an essential and crucial state of human body for 

individual’s health and well-being. Sleep disorders or irregular 

patterns can lead to various health issues, including cognitive 

dysfunction, cardiovascular disease, and metabolic disorders 

[1]. The Polysomnogram (PSG) is a primary tool for analyzing 

sleep patterns and diagnosing related disorders. It records bio-

physiological changes during sleep and offering detailed 

insights into one’s sleep structure [2]. Electroencephalogram 

(EEG) and Electrocardiogram (ECG) are two primary 

components of PSG, contributing to a holistic understanding of 

an individual’s physiological activities during sleep [3]. The 

EEG measures the brain’s electrical activity, helping to identify 

different sleep stages, essential for assessing sleep quality and 

disorders. Each stage has unique EEG patterns representing 

sleep health [4]. The ECG, on the other hand, captures the 

heart’s rhythms, which can suggest sleep quality and 

disturbances [5]. While traditional analysis relies on 

handcrafted features and standard machine learning methods, 

the emergence of deep learning has spurred interest in 

developing advanced models for interpreting these signals [6]. 

In the quest for enhanced classification accuracy, recent work 

reported using multimodal method to combine different types 

of data, specifically the amalgamation of ECG and EEG 

signals. This approach achieved remarkable improvement of the 

classification results [7]. Conventionally, feature maps 

from different signals are concatenated in the model without 

special processing, leading to a lack of weight information for 

different channels.  

This paper presents a SE-Fusion RCNN model optimized for 

sleep stage categorization. This study employs a flexible 

circuitry board for signal acquisition, and transforming EEG 

signals into the frequency domain using Linear Frequency 

Cepstral Coefficients (LFCC). A refined mechanism, 

particularly channel attention inspired by SENet [8], is 

deployed. This mechanism is adeptly positioned post the 

convolutional layers and preceding the final classification Fully 

Connected (FC) layer. By applying channel attention mecha- 

nism to the concatenated feature map, this SE-Fusion method 

carefully assigns weights to each signal channel, emphasizing 

their importance in the subsequent classification process. The 

SE-Fusion channel attention model not only accentuates the 

crucial features intrinsic to each modality but also emboldens 

the model to glean insights from the inter-modal relationships, 

thereby substantially enhancing the accuracy and reliability of 

sleep stage classification. The integration of the SE- Fusion 

mechanism with the RCNN model enhances classifica- tion, 

and weight quantization to INT4 ensures low model size and 

hardware compatibility, broadening potential applications. 

The remainder of the paper is organized as follows: Section 

II expounds the proposed framework, delineating the data 

processing, architecture and methodology. Section III delves 

into the flexible circuit system and data retrieval process, 

elucidating the mechanisms for signal acquisition. Then it 

presents a thorough examination of the classification outcomes 

and benchmarking against extant methodologies, followed by a 

comprehensive summary and discussion in Section IV. This work was supported by the Agency for Science, Technology and 

Research (A*STAR), Singapore under the Nanosystems at the Edge 

Programme, grant no. A18A1b0055.  
 

 

 
 

Fig. 1. Illustration of sleep stage recognition with EEG and ECG signal. 

 



 

 

 

 
 

 

 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

 

 

Fig. 2. Proposed PSG classification algorithm. 
 

 

II. PROPOSED FRAMEWORK 
 

The proposed framework, as depicted in Fig. 2, elucidates 

the SE-Fusion RCNN algorithm designed to enhance PSG 

signal classification. The model architecture encompasses four 

pivotal layers: the input layer, RCNN layers, the SE-Fusion 

layer, and the final output layer. The neural network model 

takes both ECG and EEG inputs. The ECG data is resam- pled 

to 1x1500, followed by two 1-dimensional convolutions, where 

the second convolution layer is reused. Then it goes through the 

max pooling and average pooling, resulting in a 1-dimensional 

output. Simultaneously, the EEG data under- goes LFCC 

transformation to produce a 32x13 matrix, which then passes 

through two 2-dimensional convolutional layers followed by 

average pooling, also producing a 1-dimensional output. 

Similarly, the second convolutional layer is recurrent. These 

two outputs are combined with the SE-Fusion method, and then 

process through the final output layer. The subsequent 

subsections delineate the core components and operations 

involved in this framework. 

Fig. 3. LFCC spectrogram for EEG signal. 

 
 

 

A. Data Pre-processing 

 

The initial phase of the proposed framework necessitates 

a meticulous preprocessing of the raw EEG and ECG data, 

contingent on the unique attributes and diagnostic relevance of 

each signal type for sleep stage classification. A pivotal aspect 

of this preprocessing is the domain analysis, wherein the EEG 

signal is transitioned into the frequency domain while the ECG 

signal is retained in the time domain. The rationale behind this 

domain-specific preprocessing lies in the inherent 

characteristics and information content of the EEG and ECG 

signals. Specifically, the EEG signal is transformed into a 2D 

frequency domain feature map utilizing Linear Frequency 

Cepstral Coefficients (LFCC) as shown in Fig. 3. This 

transformation is instrumental in accentuating the powers of 

certain characteristic activities, thereby aiding in the delin- 

eation of various sleep stages [9] [10]. The frequency domain 

representation of EEG signals encapsulates critical information 

regarding the sleep state of the individual, thereby providing a 

fertile ground for further analysis and classification. 

Conversely, the ECG signal is subjected to a resampling 

process, reducing the sampling rate from 250Hz to 50Hz, 

without undergoing a domain transformation. This approach is 

adopted to preserve the time domain characteristics of the ECG 

signal, which are imperative for extracting variability features 

[11]. These features are emblematic of the autonomic nervous 

system’s activity during sleep, thereby contributing 

significantly to the ensuing classification process. The time 

domain analysis of ECG signals facilitates a more intuitive 

extraction of variability features, thus providing invaluable 

insights into cardiac behavior during different sleep stages. 

This domain-centric preprocessing approach underpins the 

subsequent analytical processes within the proposed frame- 

work, ensuring that the critical information intrinsic to both 

EEG and ECG signals is harnessed effectively for accurate 

sleep stage classification. 



 

 

 
 

 

 

 
Fig. 4. SE-Fusion for ECG and EEG features. 

 

B. RCNN Mechanism 

Following preprocessing, the ECG and EEG signals are 

directed to their respective RCNN layers. The 1D CNN layers 

scrutinize the ECG signal’s features through a time-series 

approach, translating them into a high-dimensional embedding 

vector. Simultaneously, 2D CNN layers explore the EEG’s 

feature map to learn hierarchical structures and extract salient 

features, setting the stage for subsequent operations. Each block 

recurrents two times with the same weight matrices. This 

mechanism saves the parameter size while keeps the 

classification accuracy [12]. The CNN serves as token mixers, 

capturing local patterns and features efficiently. 

C. SE-Fusion Mechanism 

Post this phase, the signals converge at the SE-Fusion layer, 

as illustrated in Fig. 4. This layer employs a soft attention 

mechanism on individual channels to focus on channel-wise 

information between different features. It undergoes two op- 

erations: squeezing, which aggregates the feature maps across 

their spatial dimensions to produce a channel descriptor, and 

excitation, which utilizes this descriptor to modulate the 

original feature maps, enhancing informative features while 

suppressing less useful ones. This SE-Fusion mechanism 

improves the representation of ECG and EEG signals by 

allocating different weights to different channels, forming the 

basis for SE-Fusion method aimed at achieving an efficacious 

multi-modal fusion. Subsequent to the SE-Fusion operation, the 

re-calibrated feature maps are relayed to the output Fully 

Connected (FC) layer for final category classification, with 

provision for fine-tuning if necessitated, thereby completing the 

proposed framework. 

D. Quantization 

All weights in the framework are converted into signed INT4 

format using a standard scaling factor of 0.0625, equiv- alent 

to 2−4. This conversion limits the trainable parameters to a 

set of 31 values, spanning from -0.4375 to +0.4375. Such 

quantization bounds can help mitigate issues related to internal 

covariate shifts, specifically by preventing gradients 

Fig. 5. The flexible circuit used. 

 

 

Fig. 6. ECG and EEG signal acquisation. 

 

from vanishing beyond the set weight limits. All the layers in 

this model framework are in the same scale, and trained via 

Quantization Aware Training (QAT), eliminating the need for 

batch normalization. The quantized model will be adaptable to 

use on portable devices. 

III. EXPERIMENT AND RESULTS 

A. Bio-signal Acquisition 

Two sets of bio-signal acquisition circuit modules are used 

to capture EEG and ECG signals, separately. Both acquisition 

circuit have the same architecture, which includes a low-noise 

analog front-end amplifier, an analog-to-digital converter 

(ADC) and a microcontroller with build-in Bluetooth wireless 

function for data transmission. The low-noise amplifier has a 

fully differential structure and variable gain [XX]. The 

amplified analog signal is passed to the SAR-ADC in the 

Bluetooth MCU for digitization and wireless transmission to 

mobile phone for signal processing. As shown in Fig. 6, a 

flexible circuit board is used so that the circuit module is 

conformal to the skin. For EEG signal acquisition, electrodes 

are placed at positions C3 and O1, with O1 serving as the 

reference electrode. Similarly, ECG data acquisition is via the 

electrodes placed at points LL, LA and RA is the reference 

electrode with a modified limb lead II (MLII) approach for data 

acquisition. The transmitted data will be saved by a data logger 

in the mobile phone for further signal analysis.  



 

 

TABLE I 
BENCHMARK TABLE 

 

 ISCAS 
2020 [13] 

TAI 
2020 [14] 

EMBC 
2021 [15] 

ISCAS 
2021 [16] 

BioCAS 
2022 [17] 

BioCAS 
2023 [18] 

TBME 
2023 [19] 

JBHI 
2023 [20] 

This 

Work 

Dataset Sleep-EDF MASS-SS3 Charite´ UCD HMC HMC TBI 
SleepEDF- 

20 MIT-BIH 

 

Features 

 

EEG 
EEG, EMG, 

EOG 

ECG, Res- 
piration, 

Accelera- 
tion 

 

ECG 
ECG, EEG, 
EMG, EOG 

EEG, 
EMG, 
EOG 

 

ACC, PGG 

 

EEG, EOG 

 

ECG, EEG 

Signal 
Channels 1 25 3 1 5 4 2 4 2 

No. of Classes 5 5 4 4 5 5 4 5 6 

Topology Bi-LSTM 
SleepPrintNet 

(CNN- 
based) 

Random 
Forest 

CNN Transformer 
LSTM- 
RNN 

CNN Transformer RCNN 

Feature Fusion NA Concatenation NA NA NA NA NA 
Encoder 
Fusion 

SE-Fusion 

No. of Layers 6 6 1 8 4 2 5 11 5 

Weight 

Precision 
FP32 FP32 FP32 Binary FP32 FP32 FP32 FP32 INT4 

No. of 
Parameters (K) 5309 8033 82.23 50.91 10138 8921 240.70 24025 47.04 

Weight 

Memory Size 

(KB) 
21236 32132 328.92 12.73 40548 35684 962.80 96101 23.50 

Accuracy (%) 82.9 79.7 81.8*/69.0** 75.6 71.0 75.9 90.3*/71.0** 87.2 91.3*/77.6** 

*Train accuracy **Test accuracy 

 

TABLE II 
COMPARASION BETWEEN DIFFERENT CHANNELS AND 

FEATURE FUSION METHODS 
 

 Single 
ECG 

Feature 

Single 
EEG 

Feature 

Concatenated 
Feature 

SE- 
Fusioned 
Feature 

Test 
Accuracy 

59.0 69.3 71.0 77.6 

Weighted 
Avg Pre 

62.0 68.5 72.0 78.0 

Weighted 
Avg Rec 

60.0 70.0 71.0 78.0 

Model 
Parameter 

7.9 K 37.8 K 45.7 K 47.0 K 

 

 

B. Result and Discussion 

The effectiveness of the proposed algorithm was evaluated 

using the MIT-BIH dataset [23]. This dataset comprises 80 

hours of sleep data obtained from ECG recordings and a single 

EEG channel. The physiological signals were sampled at 250 

Hz, with sleep stages annotated every 7,500 samples. The 

dataset classifies sleep into six stages: W (wake), R (REM), and 

sleep stages 1 through 4, reflecting sleep depth. Table I 

summarizes the algorithm’s performance. Despite having a 

significantly smaller network size than most, it not only had the 

most classification classes but also achieved higher accuracy 

than many leading methods. 

To better illustrate the impact of SE-Fusion on feature 

concatenation, its performance is compared with single signals, 

basic feature concatenation, and SE-Fusion features as shown in 

II. When compared to the single ECG feature and single EEG 

feature, the fusion approach improved test accuracy by 18.6% 

and 8.3%, respectively. Additionally, the model size remained 

relatively compact at 47.04K, increased only 2.84% than the 

concatenated feature method but yield 6.6% higher test 

accuracy. 

IV. CONCLUSION 

This paper introduces an advanced methodology for sleep 

stage classification using PSG data. By incorporating the SE- 

Fusion mechanism, the study ensures a synergistic utilization 

of EEG and ECG signals. Addressing dataset imbalances with 

a balanced sampler and enhancing feature extraction through 

the use of LFCC are pivotal to this methodology. Additionally, 

the employment of a RCNN streamlines the architecture, while 

weight quantization to INT4 ensures broader hardware 

compatibility, notably with edge devices. This approach un- 

derscores the potential of combining various techniques and 

optimizations to achieve reliable sleep stage categorization. 

The backbone model will be considered to facilitate transfer 

learning on the collected data in future work. 
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