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Abstract: Electroencephalography (EEG) signals are highly susceptible to noise and artifacts, which 

can degrade analysis accuracy, particularly in Autism Spectrum Disorder (ASD) studies. Therefore, 

effective preprocessing is required to improve signal quality prior to further analysis. This study pro-

poses an integrated EEG preprocessing pipeline that combines a Finite Impulse Response (FIR) band-

pass filter (0.5–70 Hz) with notch filtering and detrending, followed by temporal denoising using the 

Stationary Wavelet Transform (SWT) with the Daubechies 4 mother wavelet and spatial filtering based 

on SPHARA. This dual-domain approach is designed to address both temporal and spatial noise in 

multichannel EEG signals. Experimental results demonstrate that the proposed FIR combined with 

SWT and SPHARA pipeline consistently outperforms single-domain preprocessing methods, achiev-

ing a maximum Signal-to-Noise Ratio (SNR) of 31.93 dB. The proposed method also produces the 

lowest Mean Absolute Error (MAE) (16.81 µV) and Standard Deviation (SD) (0.75 µV), indicating 

high signal stability with minimal amplitude distortion. Root Mean Square Error (RMSE) values remain 

stable within the range of 29.5–592.3 µV, with a minimum RMSE of 29.5 µV, demonstrating effective 

noise suppression while preserving signal energy. These results confirm that integrating temporal and 

spatial preprocessing significantly improves EEG signal quality and supports more reliable EEG anal-

ysis for ASD-related studies. 

Keywords: Autism Spectrum Disorder; Biomedical Signal Processing; EEG Preprocessing;       

Electroencephalography; Signal Denoising; Multichannel EEG; Stationary Wavelet Transform; 

SPHARA. 

 

1. Introduction 

Autism Spectrum Disorder (ASD) is a multidimensional neurodevelopmental disorder. 
ASD is generally characterized by difficulties in communication, social interaction, and repet-
itive behaviors. Based on data reported by the World Health Organization (WHO), the prev-
alence of individuals with ASD continues to increase globally, with an estimated 1 in 100 
children diagnosed with ASD [1]. Early detection of ASD is therefore very important to en-
able timely interventions and improve the quality of life of individuals with ASD. However, 
the diagnosis of ASD still relies on a combination of the Autism Diagnostic Observation 
Schedule (ADOS) and the Autism Diagnostic Interview–Revised (ADI-R), which require in-
tensive training and a considerable amount of time. Consequently, these diagnostic proce-
dures are typically applied only in specialized clinics with limited capacity [2]. 
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Electroencephalography (EEG) offers a promising alternative because it can record the 
electrical activity of the brain in real time, in a non-invasive manner, and at a relatively afford-
able cost. Resting-state studies show that individuals with ASD exhibit unusual patterns of 
neural synchronization and functional connectivity, reflecting an imbalance in the integration 
of internal and external information across various brain networks [3]. Other studies have 
reported increased power in the beta and gamma frequency bands, as well as changes in rest-
ing-state connectivity patterns, which distinguish individuals with ASD from neurotypical in-
dividuals [4]. These findings reinforce the potential of EEG as a neurophysiological bi-
omarker for distinguishing ASD and neurotypical conditions more objectively than behavioral 
observations alone. In order to optimize the extraction of relevant neural information, an 
effective preprocessing design is required to improve signal quality before the feature extrac-
tion and classification stages. 

EEG signals generally have a low signal-to-noise ratio (SNR) and are highly susceptible 
to both temporal and spatial interference. Temporal noise includes baseline shifts, eye blinks 
and eye movements, muscle activity, and electrical interference that may alter the amplitude, 
phase, and latency of signal components, thereby reducing the reliability of feature estimation 
[5]. Spatial noise arises due to volume conduction and spatial leakage, where activity from the 
same neural source spreads across multiple electrodes, emphasizing global low-spatial-fre-
quency patterns and masking local information that is important for topographic and con-
nectivity analysis [6]. This challenge becomes even greater in low-density EEG configurations, 
where the limited number of electrodes makes local information more easily dominated by 
global patterns. In dry EEG systems, the absence of conductive gel may further increase 
impedance instability and motion artifacts [7], whereas in wet EEG systems, temporal and 
spatial disturbances still remain major issues that must be addressed systematically. 

To reduce the impact of noise on EEG signals, several studies have proposed the inte-
gration of temporal and spatial artifact removal techniques. One example is the use of Inde-
pendent Component Analysis (ICA)-based Fingerprint and Automatic Removal of Cardiac 
Interference (ARCI) combined with SPHerical HARmonic Analysis (SPHARA) and its im-
proved variant incorporating an amplitude-zeroing step (AP0) for high-density 64-channel 
dry EEG recordings [7], [8]. In such frameworks, ICA is used to separate signal sources so 
that components corresponding to artifacts can be identified and suppressed before signal 
reconstruction. However, since this approach was primarily developed and evaluated for high-
density EEG configurations, its application to low-density EEG systems such as 16-channel 
recordings generally requires methodological adjustments to maintain practicality and stabil-
ity. 

On the low-density side, a 16-channel resting-state EEG dataset involving individuals 
with ASD and neurotypical controls has previously been used in feature-based classification 
studies comparing Empirical Wavelet Transform (EWT) and Empirical Mode Decomposi-
tion (EMD) with EEGNet and ShallowFBCSPNet architectures [9]. In that study, explicit 
signal preprocessing prior to the decomposition stage was still limited mainly to band-pass 
filtering, while EWT and EMD were utilized as feature extraction techniques for the classifi-
cation stage. Strategies specifically designed to mitigate high-amplitude transient temporal ar-
tifacts as well as inter-channel spatial leakage have not been the main focus. Therefore, there 
remains an opportunity to develop a preprocessing framework that explicitly addresses both 
temporal and spatial noise within the same 16-channel EEG dataset. 

Considering these limitations, this study designs an integrated and automated prepro-
cessing pipeline for 16-channel EEG signals to improve signal quality comprehensively. The 
proposed preprocessing framework applies a Finite Impulse Response (FIR) band-pass filter 
(0.5–70 Hz) with linear phase, a 50 Hz notch filter, and constant detrending as the initial stage 
to suppress low-frequency drift, power-line interference, and non-physiological high-fre-
quency components associated with muscle activity and acquisition system noise [5], [10]. 
Further temporal denoising is performed using the Stationary Wavelet Transform (SWT) to 
reduce transient high-amplitude artifacts and unstable medium- to high-frequency compo-
nents, while spatial filtering is applied using SPHARA as a harmonic-based spatial filtering 
approach that follows the geometry of the 16-channel EEG electrode configuration. 

To the best of our knowledge, limited studies have investigated the integration of tem-
poral wavelet-based denoising and spatial harmonic filtering specifically for low-density 16-
channel EEG signals in ASD resting-state analysis. Therefore, this study aims to evaluate an 
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integrated preprocessing pipeline that simultaneously addresses temporal and spatial noise in 
EEG signals. 

The objective of this study is to evaluate the performance of the proposed preprocessing 
pipeline through four configurations: FIR, FIR combined with SWT, FIR combined with 
SPHARA, and the integrated FIR–SWT–SPHARA approach. Each configuration is evaluated 
using SNR, Root Mean Square Error (RMSE), Mean Absolute Error (MAE), and Standard 
Deviation (SD). Although the dataset includes both ASD and neurotypical subjects, this study 
focuses specifically on the ASD group to evaluate the effectiveness of the proposed prepro-
cessing pipeline on EEG signals associated with ASD. 

Through this evaluation, the study aims to identify a standardized and effective prepro-
cessing pipeline suitable for low-density 16-channel EEG configurations for ASD resting-
state EEG data. The main contributions of this study are summarized as follows: 

• The development of an integrated preprocessing pipeline specifically designed for low-
density 16-channel EEG signals in ASD resting-state analysis. 

• The integration of temporal denoising using SWT and spatial filtering using SPHARA 
to simultaneously address temporal and spatial noise in EEG signals. 

• A comparative evaluation of four preprocessing configurations: FIR, FIR combined with 
SWT, FIR combined with SPHARA, and FIR combined with SWT and SPHARA. 

• A quantitative performance assessment using SNR, RMSE, MAE, and SD to analyze 
improvements in EEG signal quality. 
 

The remainder of this paper is organized as follows. Section 2 presents the theoretical 
background and related works on EEG preprocessing techniques. Section 3 describes the 
proposed EEG preprocessing methodology, including dataset description and preprocessing 
pipeline design. Section 4 presents the experimental results and discussion. Finally, Section 5 
concludes the paper and outlines potential directions for future research. 

2. Literature Review 

2.1. Autism Spectrum Disorder 

Autism Spectrum Disorder (ASD) is a neurodevelopmental condition characterized by 
persistent difficulties in social communication and interaction, accompanied by restricted and 
repetitive behavioral patterns. The severity of symptoms varies widely among individuals, 
forming a spectrum that ranges from mild to severe functional impairment. In modern clinical 
classification, previously distinct conditions such as classical autism, Asperger syndrome, and 
Pervasive Developmental Disorder–Not Otherwise Specified (PDD-NOS) are now grouped 
under ASD to emphasize the continuum of symptoms within a single spectrum [11]. 

Early indicators of ASD may include delayed language development, reduced eye con-
tact, and limited responses to social cues. Because early detection and intervention have been 
shown to significantly improve developmental outcomes, the development of objective and 
reliable detection approaches has become an important research focus in recent years [12]. 
EEG has been widely utilized to investigate neural activity patterns associated with ASD. It 
provides non-invasive measurements of brain electrical activity with high temporal resolution, 
allowing researchers to analyze neural oscillations and functional connectivity differences be-
tween individuals with ASD and neurotypical populations. Several studies have reported atyp-
ical neural synchronization and altered spectral characteristics in ASD, suggesting that EEG 
signals may provide valuable biomarkers for understanding neural mechanisms and support-
ing the development of objective ASD analysis methods [13]. 

2.2. EEG Noise Characteristics 

EEG is widely used to investigate neural activity because it provides non-invasive meas-
urements of brain electrical signals with high temporal resolution. However, EEG recordings 
are highly susceptible to various types of noise and artifacts that may distort the underlying 
neural information. Previous studies have emphasized that EEG recordings are sensitive to 
both physiological and non-physiological artifacts, which may significantly distort neural in-
formation and reduce the reliability of downstream signal analysis if not properly handled 
during preprocessing [14]. 
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2.2.1. Temporal Noise 

Temporal noise refers to disturbances that vary over time and affect the amplitude, mor-
phology, and slope of EEG waveforms. These disturbances commonly originate from insta-
bility at the electrode–skin interface, electrode displacement, cable movement, and variations 
in contact impedance during recording [7]. Physiological artifacts such as eye blinks and eye 
movements typically introduce low-frequency disturbances, whereas muscle activity generates 
higher-frequency components that may overlap with beta and gamma bands. These transient 
artifacts may significantly degrade the reliability of EEG signal analysis if not properly ad-
dressed during preprocessing [15]. 

2.2.2. Spatial Noise 

In addition to temporal disturbances, EEG recordings may also contain spatial noise 
that appears as abnormal amplitude distributions across channels. Physiological brain activity 
recorded through volume conduction typically produces spatially smooth patterns across the 
scalp. In contrast, spatial noise introduces irregular spatial variations that distort topographic 
signal distributions [16], [17]. Such disturbances may arise from unstable electrode contact, 
high impedance, cable movement, or localized muscle activity affecting specific channels. 
Therefore, effective preprocessing techniques are required to suppress spatial disturbances 
while preserving physiologically meaningful neural patterns. 

2.3. Study Gap and Motivation 

Several studies have investigated artifact removal techniques in EEG preprocessing. ICA 
and its variants have been widely applied to separate neural signals from artifacts, particularly 
in high-density EEG systems. In such settings, ICA-based frameworks are often combined 
with spatial filtering techniques such as SPHARA to enhance artifact suppression and signal 
reconstruction [7], [8]. However, these approaches are primarily designed for high-density 
configurations and may not be directly applicable to low-density EEG systems due to the 
limited number of available channels. 

In low-density EEG studies, preprocessing pipelines are often simplified. For example, 
previous research using 16-channel resting-state EEG data for ASD classification mainly re-
lied on band-pass filtering prior to feature extraction methods such as EWT and EMD [9]. 
Although these approaches achieved promising classification performance, the preprocessing 
stage did not explicitly address transient temporal artifacts or spatial leakage across channels. 
As a result, noise components may still persist and affect signal quality. 

These observations highlight a key limitation in existing studies: temporal and spatial 
noise are often treated independently, particularly in low-density EEG configurations. While 
temporal denoising methods aim to suppress non-stationary artifacts, and spatial filtering 
techniques focus on inter-channel noise, their integration remains limited. Consequently, 
there is a lack of preprocessing frameworks that simultaneously address both temporal dis-
turbances and spatial noise in low-density EEG data. 

From a methodological perspective, commonly used approaches such as ICA, EMD, 
and DWT exhibit inherent limitations in this context. ICA relies on multichannel source sep-
aration and generally performs better in high-density systems, making it less suitable for low-
density EEG. Meanwhile, EMD- and DWT-based approaches primarily focus on temporal 
decomposition and do not explicitly model spatial relationships across channels. These limi-
tations motivate the need for a more integrated preprocessing strategy. 

In this study, SWT and SPHARA are selected based on their complementary character-
istics and suitability for low-density EEG configurations. Compared to DWT, SWT provides 
translation-invariant decomposition, which preserves signal alignment and reduces distortion 
in non-stationary signals. In contrast to EMD, SWT offers more stable and consistent de-
composition. On the spatial side, SPHARA explicitly incorporates electrode topology, ena-
bling more effective modeling of spatial relationships compared to conventional approaches 
that depend heavily on channel density. 

Despite these advantages, when applied independently, both methods still have limita-
tions. SWT operates on a per-channel basis and does not account for spatial dependencies, 
leaving inter-channel noise unresolved [6], [18]. Conversely, SPHARA focuses on spatially 
correlated noise but does not address temporal artifacts occurring within individual channels 
[7]. Therefore, neither method alone is sufficient to achieve comprehensive EEG denoising. 
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To address these limitations, this study proposes an integrated preprocessing framework 
that combines temporal denoising using SWT and spatial filtering using SPHARA for low-
density EEG recordings. This approach is designed to simultaneously reduce temporal dis-
turbances and spatial noise while maintaining compatibility with 16-channel EEG systems 
commonly used in ASD studies. 

More importantly, the proposed integration is not a simple combination of two inde-
pendent methods but a structured dual-domain framework. SWT is first applied to stabilize 
the signal at the channel level by suppressing transient and non-stationary artifacts. This step 
is critical, as strong temporal disturbances may propagate across channels and interfere with 
spatial filtering. Once the signal is temporally refined, SPHARA is applied to model spatial 
relationships more accurately and suppress correlated noise across channels. This sequential 
interaction creates a synergistic effect, where temporal stabilization enhances the effectiveness 
of spatial filtering, resulting in improved overall signal quality. 

3. Proposed Method 

This study aims to develop an EEG preprocessing method for individuals with ASD by 
integrating temporal and spatial processing stages within a 15-minute recording. The prepro-
cessing pipeline begins with per-channel processing, including basic filtering using FIR (0.5–
70 Hz), a 50 Hz notch filter, and detrending, followed by temporal denoising using SWT with 
the Daubechies 4 (db4) wavelet. The process is then extended to multichannel processing 
using SPHARA for spatial filtering. The performance of the proposed method is evaluated 
on a within-subject basis through both visual inspection and quantitative metrics (SNR, MAE, 
RMSE, and SD) across four pipeline configurations, ranging from FIR-only preprocessing to 
the full integration of FIR, SWT, and SPHARA. The overall preprocessing pipeline proposed 
in this study is illustrated in Figure 1. The pipeline consists of dataset acquisition (16-channel 
EEG, 250 Hz), preprocessing stages (FIR filtering followed by SWT, SPHARA, or their com-
bination), and performance evaluation using SNR, MAE, RMSE, and SD. 

3.1. Material 

The dataset used in this study consists of EEG signals acquired in raw format from 
participants using the OpenBCI Cyton Board. This dataset is the same as that reported in a 
previous study [9] and includes ten participants in Banda Aceh, Indonesia, divided into two 
groups. The first group consists of five adolescents and young adults aged 15–25 years diag-
nosed with ASD, recruited from local special schools. The second group consists of five neu-
rotypical individuals aged 17–25 years from the Syiah Kuala University area. Although the 
dataset includes both ASD and neurotypical subjects, this study focuses specifically on the 
ASD group to evaluate the effectiveness of the proposed preprocessing pipeline on EEG 
signals associated with ASD. 

 

Figure 1. Block diagram of the proposed EEG preprocessing framework. 
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Data collection was conducted in a quiet and controlled environment between 09:00 and 
12:00 [19] to maintain stable participant conditions. Each recording session lasted approxi-
mately 40 minutes, including about 10 minutes for electrode preparation and installation, fol-
lowed by two resting-state recording sessions of 15 minutes each. EEG signals were recorded 
using a 16-channel configuration based on the international 10–20 electrode placement sys-
tem, with a sampling frequency of 250 Hz. All research procedures were approved by the 
Ethics Committee (Reference No. 117/EA/FK/2024) and conducted in accordance with 
WHO 2011 standards [20]. 

A reference electrode and a ground electrode were applied during data acquisition using 
the OpenBCI Cyton Board to ensure signal stability. Participants were instructed to remain 
relaxed and minimize movement during the recording session to reduce motion-related arti-
facts. The recorded EEG data were stored in raw format and organized per subject and ses-
sion. Each recording consists of multichannel time-series data sampled at 250 Hz, which are 
then processed through the proposed preprocessing pipeline. 

3.2. Finite Impulse Response (FIR) 

FIR is a stable digital filter with a finite impulse response, widely used in EEG signal 
processing due to its ability to maintain phase linearity, ensuring that the original signal wave-
form is not distorted [21]. This linear-phase characteristic is achieved by symmetrically ar-
ranging the filter coefficients, satisfying the condition 𝑏[𝑘] = 𝑏[𝑀 − 𝑘] where M is the filter 

order and 𝑘 is the coefficient index. Mathematically, the filter output is generated through a 
finite convolution process as shown in Equation (1) [21]: 

𝑦[𝑛] = ∑ 𝑏[𝑘]𝑥[𝑛 − 𝑘]

𝑀

𝑘=0

 (1) 

where 𝑦[𝑛] is the output signal, 𝑥[𝑛] is an input signal, and 𝑏[𝑘] is the filter coefficient. In 
its implementation as a band-pass filter (0.5–70 Hz), the filter coefficient is formed by limiting 

the ideal impulse response ℎ𝑑[𝑘]  Using the window function 𝑤[𝑘]  through equations 
𝑏[𝑘] = ℎ𝑑[𝑘] ⋅ 𝑤[𝑘]. The frequency response of the filter is given in Equation (2) [22]: 

𝐻(𝑒𝑗𝜔) = ∑ 𝑏[𝑘]𝑒−𝑗𝜔𝑘

𝑀

𝑘=0

 (2) 

with 𝐻(𝑒𝑗𝜔) in response to frequency, 𝜔 as angular frequencies, and as imaginary units, 
which allow filters to maintain the physiological frequency of the EEG while precisely sup-
pressing noise. 

The FIR band-pass filter was designed with an order of 800 (801 taps) to ensure an 
optimal balance between frequency selectivity and computational efficiency. The cutoff fre-
quencies were set to 0.5–70 Hz based on standard EEG preprocessing practices. 

3.3. Stationary Wavelet Transform (SWT) 

SWT is applied as a temporal denoising method due to its translation-invariant property, 
where no down-sampling is performed, ensuring that the coefficient length remains equal to 
the original signal length and preserving the peak positions of EEG waveforms. The signal 
decomposition process 𝑥[𝑛] at each level 𝑗 is carried out using an upsampled filter, resulting 

in an approximation coefficient 𝑎𝑗+1[𝑛] and details 𝑑𝑗+1[𝑛] as shown in Equation (3) [18]: 

𝑎𝑗+1[𝑛] = ∑ ℎ𝑗[𝑘]𝑎𝑗[𝑛 − 𝑘]

𝑘

, 𝑑𝑗+1[𝑛] = ∑ 𝑔
𝑗
[𝑘]𝑎𝑗[𝑛 − 𝑘]

𝑘

 (3) 

where ℎ𝑗 and 𝑔𝑗 successively are the low-pass and high-pass filters. To reduce noise, an es-

timated noise level is carried out σ̂ using the Median Absolute Deviation (MAD) of the first-

level detail coefficient (𝐷1) with formula σ̂ = median (|𝐷1 − median(𝐷1)|)/0.674. This 

value is used to determine the universal threshold 𝜆 as shown in Equation (4) : 

𝜆 = 𝜎̂√2 𝑙𝑛 𝑁 (4) 
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with 𝑁 as sample quantity. Threshold 𝜆 It is then applied using the soft thresholding func-
tion as given in Equation (5) : 

𝜂soft(𝑤, 𝜆) = sgn(𝑤) ⋅ max(|𝑤| − 𝜆, 0) (5) 

where 𝑤 is the input coefficient and SGN is the signum function, which results in a smoother 
reconstruction signal by minimizing the noise component without damaging the main signal 
structure [18]. 

For temporal denoising, the SWT was implemented using the db4 wavelet with a de-
composition level of 6, which was chosen to effectively capture EEG frequency components 
while preserving signal characteristics. 

3.4. SPherical HARmonic Analysis (SPHARA) 

SPHARA is a spatial filtering method that utilizes the geometry of the electrode config-
uration to separate structured global signals from local noise using harmonic bases derived 
from the eigendecomposition of the discrete Laplace–Beltrami operator. This eigenequation 
is expressed in Equation (6) [7]: 

𝐿𝑥𝑖 = 𝜆𝑖𝑥𝑖 (6) 

where 𝐿 is a Laplacian matrix that represents the topology of the electrode, 𝑥𝑖 is a spatial-

based vector, and 𝜆𝑖 is an eigenvalue or spatial frequency. The instantaneous EEG signals 

(𝑓). It is then transformed into a harmonic domain to obtain the contribution coefficient (𝑐) 
as shown in Equation (7) [23]: 

𝑐⊤ = 𝑓⊤𝑋 (7) 

with 𝑋 as a base matrix of SPHARA. For the clarification process, a low-order base selection 

was carried out using a diagonal selection matrix 𝑅 to form a spatial filter 𝐹. This filter is 

then applied to the raw multichannel data (𝐷) to generate a clean signal (𝐷̃) as given in Eq. 
(8): 

𝐹 = 𝑅𝑋(𝑅𝑋)⊤,  𝐷̃ = 𝐷𝐹 (8) 

This process effectively suppresses high-frequency spatial noise (e.g., sensor noise) while pre-
serving the temporal integrity of the EEG signal. 

In this study, low-order spatial harmonics are retained to preserve dominant spatial pat-
terns, while higher-order components associated with noise are suppressed. This approach 
enables effective reduction of spatially correlated noise while preserving the essential charac-
teristics of EEG signals [7]. 

3.5. Evaluation Metrics 

3.5.1 Signal-to-Noise Ratio (SNR) 

SNR is a standard evaluation metric used to measure signal quality by comparing the 
amount of information signal energy to noise energy in decibels (dB) [24]. In the context of 
EEG processing, high SNR values indicate that the signal is getting cleaner and free of arti-
facts, which is crucial for the accuracy of clinical analysis. Quantitatively, SNR is calculated 
based on a logarithmic comparison between the energy of the reference signal (ground-truth) 
and the energy of the estimated difference (noise) as shown in Equation (9) [25]: 

𝑆𝑁𝑅 = 10 𝑙𝑜𝑔10 (
∑ 𝑥[𝑛]2𝑁

𝑛=1

∑ (𝑥[𝑛] − 𝑥̂[𝑛])2𝑁
𝑛=1

) (9) 

where 𝑥[𝑛] Represents a reference signal, 𝑥[𝑛] is a signal of estimation or preprocessing, 

and 𝑁 is the total number of samples. This formula shows that the smaller the difference 
between the original signal and the processing result (the smaller the denominator), the greater 
the SNR value. 

3.5.2 Mean Absolute Error (MAE) 

MAE is an evaluation metric used to measure the average amount of error between the 
processing signal (prediction) and the reference signal, regardless of the direction of the 
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positive or negative deviation [26]. This metric provides a direct picture of how close the 
reconstruction results are to the original data, where smaller values indicate better and more 
accurate model performance. Mathematically, MAE is calculated by flattening the absolute 
difference of each sample point as shown in Equation (10) [27]: 

𝑀𝐴𝐸 =
1

𝑁
∑|𝑥𝑖 −  𝑦𝑖|

𝑁

𝑖=1

 (10) 

where 𝑥𝑖 is the actual signal value (reference), 𝑦𝑖 is the value of the prediction signal or pro-

cessing result, and 𝑁 is the total number of observation samples. 

3.5.3 Root Mean Square Error (RMSE) 

RMSE is a square-based evaluation metric used to measure the magnitude of the devia-
tion between the predicted signal and the reference signal, with the main characteristic that 
provides a greater penalty for extreme amplitude errors compared to MAE [28]. Because the 
final result has the same unit as the original data, the RMSE facilitates the interpretation of 
the typical magnitude of the error in EEG signal reconstruction, where the smaller values 
signal a low mean deviation and better model performance. Mathematically, RMSE is calcu-
lated through the root operation of the mean of the square of the difference as shown in 
Equation (11) [29]: 

𝑅𝑀𝑆𝐸 = √
1

𝑁
∑(𝑥[𝑛] − 𝑥̂[𝑛])2

𝑁

𝑛=1

 (11) 

where 𝑥[𝑛] is the actual signal value (reference), 𝑥[𝑛] is the value of the prediction signal, 

and 𝑁 is the total number of observation samples. 

3.5.4 Standard Deviation (SD) 

SD is a statistical measure that represents the level of dispersion or dispersion of data 
relative to its mean value. By definition, SD is the square root of variance, where a high value 
indicates that the data is widely dispersed from its center, while a low value indicates that the 
data tends to cluster around the mean value [30]. This metric is crucial to determine how far 
observation values deviate from their expected values. Mathematically, for a sample of data, 
the standard deviation is calculated as shown in Eq. (12) : 

𝑠 = √
∑ (𝑥𝑖 − 𝑥̅)2𝑛

𝑖=1

𝑛 − 1
 (12) 

where 𝑠 is the standard deviation, 𝑥𝑖 is the observation value to-𝑖, 𝑥̅ is the average value of 

the sample, and 𝑛 is the size or number of samples.  

4. Results and Discussion 

The results obtained from EEG signal processing are presented as follows. First, the 
signals are processed using a basic filtering stage consisting of FIR band-pass filtering (0.5–
70 Hz), a 50 Hz notch filter, and detrending. The output of this stage is then used as input 
for temporal denoising using SWT with the db4 wavelet. The resulting signals are subse-
quently processed in a multichannel framework using SPHARA for spatial filtering. The final 
output of the pipeline is a signal that has been refined both temporally and spatially. The 
performance of the reconstructed signals is evaluated using four quantitative metrics: SNR, 
MAE, RMSE, and SD. The qualitative comparison of EEG signals at each preprocessing 
stage is shown in Figure 2. The figure illustrates the progressive reduction of noise and im-
provement of signal stability across preprocessing stages. 

4.1. FIR Filter Results 

The initial preprocessing stage using FIR band-pass filtering (0.5–70 Hz), combined with 
a 50 Hz notch filter and detrending, effectively suppresses non-essential frequency compo-
nents and electrical interference. A significant baseline correction is observed, where DC off-
sets that initially reach tens of thousands of μV in raw signals are reduced to the order of 
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hundreds of μV. However, the FIR-filtered signals still exhibit high temporal variability. For 
example, the SD (σ) in certain channels, such as F4, remains in the range of approximately 
3000 μV (Fig. 2). This indicates that non-stationary artifacts and channel-specific noise are 
not fully addressed by linear filtering alone. Such artifacts, including eye blinks, muscle activ-
ity, and electrode movement, typically manifest as transient fluctuations and require more 
adaptive denoising approaches. 

 
(a) 

 
(b) 

 
(c) 

 
(d) 

Figure 2. Representative EEG signals (Fp1 channel) at different preprocessing stages: (a) FIR filtering; (b) FIR + SWT; (c) FIR + 
SPHARA; and (d) FIR + SWT + SPHARA. 

4.2. Denoising Results with SWT 

The application of SWT (db4) to FIR-filtered signals results in clear qualitative and quan-
titative improvements. The mean value (μ) across channels becomes closer to zero (e.g., 0.1–
17.3 μV), indicating improved baseline stabilization. More importantly, the SD (σ) is signifi-
cantly reduced; for instance, in channel F4, σ decreases to 432.8 μV (Figure 2). 

These results demonstrate the effectiveness of SWT in suppressing non-linear and non-
stationary temporal artifacts that are not adequately removed by linear filtering. Unlike con-
ventional filtering methods, SWT preserves the temporal structure of the signal while decom-
posing it across multiple frequency scales. This enables more effective separation of transient 
artifacts from the underlying neural activity. 

4.3. Spatial Filtering Results with SPHARA 

Spatial filtering using SPHARA applied to FIR-filtered signals shows the ability to reduce 
spatially correlated noise across channels. The mean value (μ) remains close to zero; however, 
the SD (σ) remains relatively high. For example, in channel F4, σ is recorded at 2997.9 μV 
(Figure 2), indicating that substantial variability persists. 

This suggests that spatial filtering alone is insufficient to address artifacts that originate 
locally within individual channels. While SPHARA is effective in suppressing global, inter-
channel noise, it does not adequately handle independent temporal artifacts at the electrode 
level. These findings highlight the necessity of incorporating a temporal denoising stage prior 
to spatial filtering. 
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4.4 Results of the Integrated FIR–SWT–SPHARA Pipeline 

The integration of FIR, SWT, and SPHARA yields the most effective preprocessing 
performance among all configurations. The output signals from the combined pipeline exhibit 
the most stable characteristics, with mean values (μ) close to zero (e.g., −3.0 to 16.3 μV) and 
the lowest SD (σ). In channel F4, σ is reduced to 412.6 μV (Fig. 2). 

 
These results indicate a clear synergy between temporal and spatial preprocessing. SWT 

first stabilizes the signal at the channel level by removing transient artifacts, thereby providing 
a cleaner input for SPHARA. Subsequently, SPHARA more effectively reduces spatially cor-
related noise across channels. This sequential interaction enhances the overall denoising per-
formance. 

 
Overall, the integrated pipeline produces EEG signals with improved stability and re-

duced noise, demonstrating that temporal and spatial preprocessing methods provide com-
plementary advantages. Temporal denoising addresses local, non-stationary artifacts, while 
spatial filtering reduces global noise across channels, resulting in a more reliable signal repre-
sentation for further analysis. 

4.5 Method Performance Evaluation 

4.5.1. Signal-to-Noise Ratio Analysis 

The SNR results clearly show that the FIR–SWT–SPHARA pipeline consistently 
achieves the highest values across all ASD subjects (Figure 3).  

 

Figure 3. Comparison of SNR values across ASD subjects for different preprocessing methods. The 
FIR–SWT–SPHARA pipeline consistently achieves the highest SNR, indicating improved signal-to-

noise separation. 

The improvement is not marginal but substantial, particularly when compared to FIR + 
SPHARA, which produces significantly lower SNR values in all cases. This pattern highlights 
an important observation: temporal denoising plays a critical role in improving signal clarity. 
FIR + SWT already produces a notable increase in SNR, but the addition of SPHARA further 
enhances performance, indicating that spatial filtering becomes more effective once temporal 
artifacts have been suppressed. The highest SNR is observed in ASD_5 (31.93 dB), suggesting 
that the combined pipeline is particularly effective in scenarios where both temporal and spa-
tial noise components are present. Overall, these results demonstrate that the integration of 
SWT and SPHARA provides a complementary mechanism for improving signal quality, 
where temporal stabilization enables more effective spatial noise reduction 
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4.5.2. Mean Absolute Error Analysis 

The MAE results reveal a more nuanced behavior compared to SNR (Figure 4). While 
the FIR–SWT–SPHARA pipeline generally produces low and stable MAE values, it does not 
consistently achieve the lowest error across all subjects. In several cases (e.g., ASD_2 and 
ASD_3), FIR + SWT produces slightly lower MAE values than the integrated pipeline. This 
indicates that temporal denoising alone is highly effective in preserving the original signal 
structure, while the addition of spatial filtering may introduce minor deviations. 

 

Figure 4. Comparison of MAE values across ASD subjects.  

However, a key observation emerges in ASD_4, where FIR + SPHARA produces a 
significantly higher MAE (66.65 μV), while the integrated pipeline reduces it drastically to 
19.06 μV. This demonstrates that the combination approach is more robust in handling com-
plex noise conditions, even if it does not always minimize point-wise error. These findings 
suggest a trade-off: 

• FIR + SWT → better signal fidelity (lower MAE) 

• FIR–SWT–SPHARA → better overall robustness 
 

Thus, the proposed pipeline maintains a good balance between noise suppression and struc-
tural preservation.  

4.5.3. Standard Deviation Analysis 

The SD results provide the most consistent evidence of the effectiveness of the pro-
posed method (Figure 5). Across all ASD subjects, the FIR–SWT–SPHARA pipeline pro-
duces the lowest SD values, indicating significantly reduced amplitude variability. This result 
is particularly important because SD reflects signal stability rather than point-wise accuracy. 
The drastic reduction in SD—from values exceeding 200 μV (FIR + SPHARA) to below 25 
μV in most cases—indicates that noise-induced fluctuations have been effectively suppressed. 

Unlike MAE and RMSE, which depend on a reference signal, SD directly reflects the 
internal consistency of the processed signal. Therefore, the consistently low SD values 
strongly support the conclusion that the integrated pipeline produces more stable and reliable 
EEG signals. This also reinforces the complementary roles of SWT and SPHARA: 

• SWT reduces local, transient fluctuations 

• SPHARA suppresses global, spatially correlated noise 
Together, they produce a signal with significantly improved stability.  

4.5.4. Root Mean Square Error Analysis 

The RMSE results show that the FIR–SWT–SPHARA pipeline achieves moderate but 
stable performance across all subjects (Figure 6). Unlike SNR and SD, the integrated method 
does not consistently yield the lowest RMSE values. This observation is important and should 
be interpreted carefully. RMSE measures the overall energy difference between the processed 
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signal and the reference signal. Since the reference signal is not a true noise-free ground truth, 
lower RMSE does not necessarily indicate better denoising performance. For example, FIR 
+ SPHARA often produces lower RMSE values, but this does not correspond to better signal 
quality when considering SNR and SD. This suggests that RMSE alone is insufficient to eval-
uate denoising performance in real EEG data. 

The integrated pipeline maintains RMSE within a stable range while significantly im-
proving SNR and SD. This indicates that the method effectively reduces noise without exces-
sively distorting the signal structure. Overall, the RMSE results highlight an important trade-
off between signal fidelity and noise suppression, where the proposed method prioritizes sta-
bility and clarity over minimal deviation from the reference signal. 

 

Figure 5. Comparison of SD values across ASD subjects.  

 

Figure 6. Comparison of RMSE values across ASD subjects.  

5. Discussion 

The results demonstrate that integrating temporal and spatial preprocessing provides 
superior EEG signal quality compared to single-method approaches. The FIR–SWT–
SPHARA pipeline consistently achieves the highest SNR across all ASD subjects, with a max-
imum value of 31.93 dB, exceeding both temporal-only methods (15.46–28.58 dB) and spa-
tial-only approaches (generally below 11.05 dB). This confirms that EEG artifacts inherently 
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exhibit both temporal and spatial characteristics, and therefore require a combined processing 
strategy. 

In addition to the improvement in SNR, the integrated approach produces low MAE 
and the lowest SD, indicating reduced amplitude distortion and improved signal stability. 
Among the evaluated metrics, SD provides the most consistent improvement across subjects, 
reflecting effective suppression of noise-induced fluctuations. In contrast, RMSE values re-
main within a comparable range across methods, suggesting that the proposed pipeline pre-
serves overall signal energy while reducing noise. 

These results highlight an important distinction between evaluation metrics. While MAE 
and RMSE measure deviation from a reference signal, SD reflects intrinsic signal stability. 
Therefore, the consistently low SD values provide stronger evidence that the proposed 
method produces stable and reliable EEG signals, even when improvements in MAE and 
RMSE are not always dominant. It is important to note that the original EEG signal is used 
as the reference for computing MAE, RMSE, and SNR. However, this signal is not a true 
ground truth, as it contains inherent noise and artifacts. Consequently, these metrics provide 
relative comparisons rather than absolute measures of signal accuracy, and their interpretation 
should be made with caution. To address this limitation, a reference-free evaluation based on 
relative band power is conducted, as shown in Figure 7. 

 
(a) 

 
(b) 

 
(c) 

Figure 7. Relative band power comparison (delta, theta, alpha, beta, and gamma bands) across preprocessing methods: (a) FIR + 
SWT, (b) FIR + SPHARA, and (c) FIR–SWT–SPHARA.  

The band power analysis shows that the integrated method produces a more consistent 
spectral distribution across subjects, particularly in higher-frequency bands (beta and gamma), 
which are typically more sensitive to noise. This indicates that the proposed pipeline effec-
tively suppresses noise while preserving physiologically meaningful EEG components. Unlike 
MAE and RMSE, band power reflects intrinsic signal characteristics and is therefore more 
suitable for evaluating real-world EEG data. 

To further validate the effectiveness of the proposed method, comparisons with previ-
ous studies were considered. For example, EEG preprocessing using a Butterworth band-
pass filter achieved a maximum SNR of only 1.33 dB, indicating limited noise suppression 
capability [31]. More advanced temporal approaches, such as Multiscale Independent Com-
ponent Analysis (MS-ICA), improved SNR to the range of 21.77–30.88 dB [31]. Similarly, 
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combining Butterworth filtering with EMD achieved a maximum SNR of 23.208 dB [32]. In 
contrast, the proposed method achieves a higher maximum SNR of 31.93 dB, suggesting that 
integrating temporal and spatial processing can further enhance EEG signal quality beyond 
temporal-only approaches. It should be noted, however, that direct comparisons across stud-
ies may be influenced by differences in datasets, experimental settings, and evaluation metrics. 

Aggregate analysis across all ASD subjects further supports these findings. The proposed 
method achieves the highest average SNR (26.88 ± 3.12 dB) and the lowest SD (14.68 ± 8.64 
μV), indicating improved signal clarity and stability compared to FIR + SWT (21.41 ± 4.24 
dB; 36.43 ± 34.60 μV) and FIR + SPHARA (6.16 ± 2.46 dB; 135.92 ± 79.20 μV). Meanwhile, 
MAE (24.62 ± 13.67 μV) remains comparable to FIR + SWT (23.39 ± 13.43 μV), and RMSE 
(296.96 ± 201.80 μV) remains within a similar range across methods. These results indicate 
that the proposed approach improves noise suppression without significantly compromising 
signal structure. 

The effectiveness of the pipeline is closely related to the selected processing order. FIR 
filtering is first applied to remove baseline drift and frequency-specific noise. SWT then per-
forms temporal denoising at the channel level, stabilizing the signal by suppressing transient 
artifacts. Finally, SPHARA is applied to remove spatially correlated noise after temporal dis-
turbances have been minimized. This sequential design ensures that spatial filtering operates 
on a temporally stabilized signal, thereby avoiding misinterpretation of transient artifacts as 
spatial patterns. In contrast, reversing this order may lead to suboptimal results, as spatial 
filtering would be applied to signals that still contain significant temporal noise. 

Compared to existing approaches, the proposed method provides a unified framework 
that simultaneously addresses temporal and spatial noise. While many previous methods focus 
on either temporal decomposition (e.g., EMD) or spatial filtering (e.g., ICA), the integration 
of SWT and SPHARA enables more comprehensive noise suppression. Moreover, the 
method is specifically designed for low-density EEG configurations, making it more practical 
for real-world applications. 

Despite these advantages, the proposed method does not always achieve the lowest 
MAE and RMSE values. This reflects a trade-off between noise suppression and signal fidel-
ity. While the method prioritizes cleaner and more stable signals, minor deviations from the 
original signal may occur. Such a trade-off is acceptable in applications where signal clarity 
and robustness are more critical than exact reconstruction. Finally, it should be noted that the 
evaluation is conducted on a relatively small internal dataset focusing on ASD subjects, which 
may limit generalizability. Future work may include evaluation on larger and publicly available 
datasets, as well as integration with machine learning or deep learning models for EEG-based 
classification tasks.. 

6. Conclusions 

This study proposes an EEG preprocessing pipeline that integrates temporal and spatial 
processing using FIR band-pass filtering, SWT, and SPHARA to improve EEG signal quality 
in individuals with ASD. The results demonstrate that the integrated approach consistently 
provides superior performance compared to single-method preprocessing techniques. The 
observed improvement in SNR indicates that the proposed method effectively suppresses 
both temporal and spatial noise components. At the same time, the relatively low MAE and 
stable RMSE values suggest that the method preserves essential signal characteristics while 
reducing noise. In addition, the low SD reflects improved signal stability and reduced varia-
bility. 

These findings indicate that the proposed method achieves a balance between noise sup-
pression and signal preservation. This balance is critical in EEG preprocessing, as excessive 
denoising may distort meaningful neural information, whereas insufficient noise removal may 
reduce signal reliability. Overall, the FIR–SWT–SPHARA framework produces cleaner, more 
stable, and more representative EEG signals, making it suitable for subsequent analysis, par-
ticularly in low-density EEG systems. 

Despite these advantages, several limitations should be noted. The evaluation was con-
ducted on a relatively small internal dataset focusing only on ASD subjects, which may limit 
generalizability. In addition, the evaluation primarily relies on signal quality metrics without 
validation on larger or publicly available datasets. Furthermore, the performance of the pro-
posed pipeline may depend on parameter selection, including the FIR filter design, the SWT 
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decomposition level, and the number of spatial harmonics used in SPHARA. These parame-
ters were determined empirically in this study, and further investigation is required to analyze 
their sensitivity and optimize their configuration across different EEG datasets. Future work 
will focus on evaluating the proposed framework on larger and publicly available EEG da-
tasets, as well as integrating it with machine learning and deep learning models for automated 
ASD classification. In addition, extending this approach to real-time EEG systems may pro-
vide further insights for clinical applications.. 
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