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ABSTRACT

During long-duration space missions, decreased alertness among crews presents
major risks to cognitive function, mission performance, and personal safety.
Therefore, it is essential to identify and classify different levels of brain alertness
accurately. The study employed a pre-post controlled experiment within the
subjects, which recruited thirty participants with regular sleep habits and subjected
them to 36 hours of total sleep deprivation (SD). Behavioral and electrophysiological
data were collected and assessed simultaneously at three key time points of baseline,
24 hours of SD (24h-SD), and 36 hours of SD (36h-SD). For behavioral indicators,
the Stanford Sleepiness Scale (SSS) was used to assess subjective sleepiness, and
the psychomotor vigilance task (PVT) was used to measure objective reaction time.
Electrophysiological data were acquired using a 32-channel EEG system, and the
obtained EEG signals were analyzed at multiple levels. In the time domain, focus
was placed on alterations in the P2 amplitude and P3 latency of event-related
potentials (ERPs). In the frequency domain, the relative power spectral density
(PSD) of theta and alpha bands was analyzed. Sensitivity screening of temporal
and frequency domain features was performed using one-way analysis of variance
(ANOVA), ultimately identifying P2 amplitude, P3 latency, and specific lead data
from the theta and alpha bands as the input feature set for the model. On this
basis, an efficient alertness recognition model was constructed using the particle
swarm optimization-support vector machine (PSO-SVM) algorithm. The results of
behavioral analysis confirmed the validity of the sleep deprivation model. Scores
on the SSS and mean reaction times on the PVT both exhibited a significant main
effect of time (P < 0.001), which indicated markedly increased subjective sleepiness
and declined task performance. In the electrophysiological analysis, ERP analyses
revealed a significant increase in P2 amplitude and significant differences in P3
latency across different alertness states, which reflected diminished brain capacity
forinformation processing, selective attention, and interference resistance following
reduced alertness. PSD analysis indicated that differences in relative power of
theta and alpha bands reflected alertness alterations effectively, with particularly
pronounced differences in the theta band over the frontal region. Based on selected
time-domain and frequency-domain sensitive features, the constructed PSO-SVM
model achieved a classification accuracy of 88.9% for different alertness states. In
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comparative analysis with traditional single classifiers, including k-nearest neighbor
(KNN), artificial neural network (ANN), and standard support vector machine (SVM),
the PSO-SVM model showed superior and more stable performance in alertness
recognition. The alertness recognition model based on EEG feature fusion and
PSO-SVM optimization algorithms proposed in this study provide a theoretical
foundation for the design of real-time portable alertness monitoring systems.
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INTRODUCTION

Alertness refers to an individual’s sensitivity to external stimuli and the
degree of attention allocated to tasks, serving as a core component of human
cognition and behavior (Warm et al.,2008). During long-term space missions,
astronauts’ alertness level is critical for task performance and personnel
safety, yet it is susceptible to influences from the environment, workload,
and sleep quality. Previous studies have shown that reduced alertness in
space environments can lead to diminished cognitive function, increased
decision-making errors, decreased work performance, and even impact
physiological health (Nasrini et al., 2020). Therefore, it is particularly urgent
to accurately identify the alertness level for understanding the mechanisms
underlying alertness decline and its potential risks.

Alertness is a complex physiological process. Researchers commonly
construct acute sleep deprivation experiments to simulate a decline in alertness
caused by prolonged work hours in real-world settings. The advantage lies in
observing individuals’ alertness level at different time points under controlled
conditions, thereby capturing subtle changes over time. Characteristics
of varying alertness levels manifest across multiple electrophysiological
signals, including electrocardiogram (ECG), electrooculogram (EOG), and
electroencephalogram (EEG) (Hoedlmoser et al., 2011). Among these, EEG
records the spatiotemporal dynamics of brain activity, providing precise
and direct data for research on alertness. EEG analysis methods, such as
event-related potentials (ERPs) and power spectral density (PSD), have
become essential tools for investigating alertness (Elmenhorst et al., 2008).
By analyzing the time—frequency characteristics of EEG signals, researchers
have examined the mechanisms by which alertness influences cognitive
functions such as work performance, fatigue, and attention. Trujillo et al.
observed that after 24 hours of sleep deprivation, ERP analyses related to
attention networks showed an increased P2 amplitude and a reduced P3
amplitude, which significantly affected subjects’ reaction time and accuracy
rate. Ferreira et al. used PSD analysis to reveal that partial or complete sleep
deprivation leads to degradation in cognitive functions such as alertness,
manifested in specific frequency bands across multiple brain regions,
including the prefrontal and occipital cortices.

In recent years, with the advancement of machine learning methods,
classification and recognition research based on EEG signals have achieved
substantial technical progress and have been widely applied in cognitive
domains, including the assessment of cognitive abilities such as fatigue
and alertness. Zhang Peng et al. induced a state of fatigue through sleep
deprivation (Zhang et al., 2023). By deeply analyzing EEG signals, they
identified sensitive leads and features, constructing a random forest regression



142 Jin et al.

model to classify fatigue levels, thereby enhancing the portability of mental
fatigue detection for space station astronauts. Guo Zizheng et al. used driving
performance as an objective evaluation metric, selected spectral amplitude
and composite indicators from the EEG frequency bands of drivers as feature
indicators (Guo et al., 2016). By combining PSO with SVM, they constructed
an algorithm for identifying sustained attention levels during driving.

In summary, this study recruited 30 male subjects to conduct a 36-hour
complete sleep deprivation (SD) experiment. Using EEG signals as feature
indicators, we implemented a combined particle swarm optimisation (PSO)
and support vector machine (SVM) approach to classify and identify different
levels of alertness. This provides support for improving astronauts’ work
performance and health status, and offers a theoretical basis for developing
portable alertness level recognition and monitoring systems.

METHODS

Thirty healthy young male volunteers participated in the experiment, aged
20-27 years (mean age 22.79 + 2.27 years). Recruitment advertisements
were posted on social media platforms, and all participants underwent
screening. Subjects had no history of neuropsychiatric disorders, no recent
acute infections, and no medication history. Based on the Pittsburgh Sleep
Quality Index, all participants had good sleep habits and normal sleep-wake
rhythms. Prior to the experiment, subjects were informed about the sleep
deprivation process and potential risks. All participants voluntarily agreed
to participate and signed informed consent forms.

Table 1: Demographic information of
participants.

Demographic Variables Data

Number Thirty
Gender Male

BMI / (kg-m?) 20.20 £ 1.15
Habitual sleep time 7.27 £ 0.74
Years of education 14.90 + 1.77

The experiment employed a self-controlled design, requiring subjects to
fully participate in one complete sleep deprivation trial. Subjects arrived
at the laboratory one day prior to testing and slept at the laboratory that
night, ensuring 8 hours of sleep. Sleep deprivation began at 8:00 AM on
the second day. Resting-state EEG data were first recorded, followed by
the first psychomotor alertness task, which was defined as the baseline
measurement (Baseline). The second and third psychomotor alertness tasks
were completed after 24 hours of deprivation (designated as 24 h-SD) and
36 hours of deprivation (designated as 36 h-SD), respectively, with EEG
recorded concurrently. Sleep deprivation concluded at 8:00 PM on the third
day. Throughout the entire trial, ensure that the principal investigator and
medical staff are present at all times to supervise the subjects and prevent them
from sleeping (including dozing off), while also preventing any unexpected
incidents.
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EXPERIMENT TASK

First, the test employed the Stanford Sleepiness Scale (SSS). Previous studies
have demonstrated that sleep circadian rhythm disorders can increase
sleepiness and decrease alertness. This study utilized this scale to assess
participants’ alertness levels before and after sleep deprivation.

The Psychomotor Vigilance Task (PVT) was then administered. During
the eyes-open resting period, subjects focused their gaze on a fixed crosshair
centered on the screen. In the PVT task, the screen initially displayed a
crosshair fixed at the center. After a random interval of 2 to 10 seconds, it
transitioned to a red dot. Subjects were instructed to press the spacebar as
quickly as possible with their right index finger. Following the key press, the
reaction time was displayed on the screen, after which the display immediately
reverted to the crosshair, as shown in Figure 1.
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Figure 1: Mental alertness task diagram.

EEGrecordings were conducted in a dimly lit,soundproof,and electronically
shielded EEG laboratory. A 21-inch monitor was positioned 75 cm in front
of the subject to present visual stimuli. The subject’s visual center aligned
with the monitor center. The PVT task was programmed and presented
using E-prime 2.0, with EEG data acquired and analyzed using the Scan 4.3
(Neuroscan Products) 32-channel EEG recording system. Electrodes were
placed according to the international 10-20 system. Horizontal and vertical
electrooculography (EOG) signals were recorded during data acquisition, with
bilateral mastoid electrodes serving as reference. EEG sampling frequency
was set at 1000Hz, and electrode impedance was maintained below 5kQ.

DATA ANALYSIS AND FEATURE SELECTION

Behavioural data were analysed using SPSS 22.0 software with one-way
repeated measures analysis of variance to test the main effect of time
(Baseline, 24 h-SD, and 36 h-SD). When the sphericity assumption was
violated, the Greenhouse-Geisser correction was applied. A significance
level of P < 0.05 was adopted. Statistical analysis was conducted on the SSS
questionnaire scores for each subject before and after sleep deprivation. As
shown in Fig. 2, the main effect of time was significant (p < 0.001). Post
hoc comparisons indicated that compared to baseline, subjective sleepiness
increased markedly after 24-hour and 36-hour total sleep deprivation (both
p < 0.001), whereas sleepiness did not differ significantly between the 24
h-SD and 36 h-SD conditions.
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Figure 2: Sleepiness scores of subjects at different time points.

Statistical analysis was conducted on the mean reaction times for the
PVT task completed by each subject before and after sleep deprivation, with
results shown in Figure 3. The results revealed a significant main effect of
time (P < 0.001). Post hoc comparisons revealed that compared to baseline,
mean reaction times significantly increased after 24h total sleep deprivation
(P < 0.001) and after 36h total sleep deprivation (P < 0.001). Mean reaction
time at 24 h-SD was significantly longer than at 36 h-SD (P = 0.007).
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Figure 3: PVT task response before and after sleep deprivation.
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Figure 4: EEG waveforms showing the impact of different durations of sleep
deprivation on brain alertness.

ERP data were preprocessed and analyzed using Scan 4.3 software. After
a preview of the raw EEG, regression analysis was applied to remove eye
movement artifacts. After filtering (bandpass filtered at 0.05-17 Hz), EEG
segmentation (ERP analysis window set to 900 ms, with the pre-stimulus
100 ms used for baseline correction), and balanced baseline adjustment,
all correct response-evoked potentials were averaged using a superimposed
averaging method. Nine electrode sites (F3, Fz, F4, C3, Cz, C4, P3, Pz, and
P4) were selected to extract the amplitude and latency of the P2 and P3
components. EEG waveform diagrams were plotted as shown in Figure 4.

Preprocessing and relative power calculations were performed using
the EEGLAB toolbox in MATLAB. To enhance the signal-to-noise ratio,
a non-recursive FIR bandpass filter with a bandwidth of 0.1-40 Hz was
applied, and the data were segmented into 2-second time intervals for
analysis. Bilateral mastoids sates TP9 and TP10 were selected as reference
electrodes. Abnormal data segments and anomalous lead signals were
manually removed, followed by Independent Component Analysis (ICA) to
correct for blink or motion drift segments. To prevent signal attenuation
and distortion, power spectrum estimation based on the Welch algorithm
was performed using a 50% overlapping Hamming window function for
each segment. Relative power was calculated for each frequency band, and a
topographic map was generated, as shown in Figure 5.
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Figure 5: Topographic maps of relative power in different EEG frequency bands after
various durations of sleep deprivation.
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Regarding ERP-related temporal domain characteristics, the results of
one-way ANOVA revealed significant differences in P2 amplitude (F = 5.23,
P < 0.01) and P3 latency (F = 3.43, P < 0.05). Further post-hoc analysis
indicated significant differences in P2 amplitude between baseline and 24
h-SD (P < 0.01) and in P3 latency between baseline and 36 h-SD (P < 0.05).
Accordingly, P2 amplitude and P3 latency were selected as the time-domain
sensitive indicators for feature fusion.

Table 2: Results of single-factor ANOVA of EEG
time domain features.

ERP Features Lead Link F Crit P-Value
P2 amplitude Pz 5.23 0.007
P3 latency P3 3.43 0.037

Table 3: Results of single-factor ANOVA of EEG
frequency domain features.

Frequency Band Lead Link F Crit P-Value

F3 4.82 0.01
Fz 6.57 0.002
F4 9.88 <0.001
(OK] 7.66 0.01

0 Cz 16.15 <0.001
Cc4 9.47 <0.001
P3 16.08 <0.001
Pz 10.02 <0.001
P4 7.19 0.01
Fz 4.11 0.02
F4 4.55 0.01

o Cz 3.97 0.022
Pz 4.47 0.014
P4 3.90 0.024

Previous studies have indicated that the 8 and a frequency bands in EEG
signals are the primary frequency ranges for investigating alertness. The
results of one-way ANOVA on the relative power spectra across frequency
bands show that 6 and a frequencies reflect differences in varying levels
of alertness, with the 6 band exhibiting the most significant variability. In
particular, the © band at Cz, P3, and Pz electrodes is the most ideal feature
selection for three-class classification (p < 0.01). From a frequency band
perspective, the 6 band demonstrated significance across all nine selected
electrodes (p < 0.01), making it the optimal feature band. The a band followed,
exhibiting significance across five electrodes (p < 0.05). Therefore, the nine
0 band electrodes and five o band electrodes were selected as frequency-
domain sensitive indicators for feature screening.
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THE PSO-SVM RECOGNITION MODEL FOR BRAIN ALERTNESS

This paper employs a particle swarm optimization algorithm to automatically
optimize the hyperparameters of radial basis function support vector
machines, thereby enhancing the discrimination performance of alertness
states. The model employs RBF-SVM as the base classifier, with optimization
targets including the penalty coefficient C and kernel scale parameter
KernelScale. Considering the parameters’ multi-scale variation characteristics,
the search is conducted in the logarithmic domain. Specifically, log10C and
log10KernelScale serve as particle position variables, undergoing continuous
updates within preset boundaries. The specific process is shown in Figure 6.
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Figure 6: PSO-SVM classification flow chart.
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Figure 7: ROC curve of the PSO-SVM model (median repeat; AUC with 95% confidence
interval).
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To focus on changes in alertness, this study combined the 24-hour and
36-hour SD samples into a single model, using the relative change from baseline
during the deprivation phase to reflect the degree of alertness deviation. Model
performance was estimated using repeated nested cross-validation. The outer
layer uses 5-fold cross-validation, where each fold reserves approximately
one-fifth of the data as the test fold and the remainder as the training fold.
The inner layer further performs 5-fold cross-validation within the training
folds of the outer layer to determine the optimal combination of the PSO
search penalty coefficient C and the kernel scale parameter KernelScale. The
prediction results from the outer-layer test fold serve as an objective measure
of the model’s generalization capability. Based on these results, a ROC curve
is plotted, as shown in Figure 7, and performance metrics are calculated, as
shown in Table 4.

Table 4: Classification results of alertness
by the PSO-SVM model.

Indicator M + SD 95% CI

Acc 0.800 + 0.039  0.750-0.833
Macro F1  0.799 + 0.038  0.750-0.832
Sens 0.806 + 0.081  0.719-0.906
Spec 0.793 £ 0.039  0.750-0.857
AUC 0.873 £ 0.022  0.837-0.894

Table 5: Pairwise differences in
classification accuracy among models.

Model ANN SVM PSO-SVM
KNN  0.099 0.177 0.244
ANN 0.078 0.145
SVM 0.067

Note: Values represent the difference in
classification accuracy between the column model
and the row model, calculated as Accuracy (column
model) - Accuracy (row model). Positive values
indicate that the column model outperformed the
row model.

The results of Table 4 demonstrate that PSO-SVM exhibits strong
discrimination capabilities across subjects’ alertness states. The AUC
remained at a high level, with relatively converged standard deviation and
95% CI, indicating stable classification performance across different replicate
partitions. The model achieves an overall accuracy of approximately 0.80,
reflecting high-level overall performance.

To compare the recognition performance of different classifiers, this paper
also constructed classification models using K-Nearest Neighbor (KNN),
Artificial Neural Network (ANN), and Support Vector Machine (SVM), as
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shown in Table 5. Comparative analysis of the recognition results in Table 5
reveals that, compared to relatively simple classifiers such as KNN, ANN, and
SVM, the classifier integrating PSO with SVM is more suitable for constructing
an alertness recognition model. It achieved an average classification accuracy
rate of 80%, demonstrating superior alertness recognition performance.

DISCUSSION

This study employed simple alertness tasks, which encompass a series of
psychological mechanisms, including early perception, alertness, attention,
and responsiveness. Behavioral performance results indicated that following
sleep deprivation, subjects exhibited significantly increased levels of
drowsiness and markedly slower reaction times across tasks, demonstrating
that sleep deprivation impairs individual alertness. The ERP results showed
a significant increase in P2 amplitude after 24 h-SD in all participants. This
pattern suggests slower discrimination and processing of stimulus information
after sleep loss, along with weaker selection of relevant information, reduced
attentional engagement, and diminished resistance to interference.

Spectral analysis results indicate that changes in 0 and o waves reflect the
impact of sleep deprivation on alertness. Twenty-four -SD elevates overall
resting-state theta power, most notably in the frontal region. Alertness
negatively correlates with 6 power, decreasing with prolonged wakefulness.
However, at 36 h-SD, 0 power had already declined compared to the 24-hour
mark. o waves, associated with relaxation and rest, decrease in tandem with
reduced alertness. Following sleep deprivation, especially after 30 hours of
wakefulness, a wave power associated with attentional vigilance shows a
slight decrease. This study found that spontaneous a activity in the brain
significantly decreased after 36 h-SD, whereas no significant difference was
observed after 24 h-SD.

The present study combined a sleep-deprivation paradigm with simple
alertness tasks, subjective sleepiness ratings, ERP measures and resting-state
EEG spectral analysis to characterize alertness changes across behavioral and
electrophysiological levels. Future work should extend this framework using
time—frequency analysis, functional connectivity and machine-learning-
based feature integration to strengthen both mechanistic interpretation and
individualized identification of alertness states. Several findings merit further
study, particularly whether the increase in P2 amplitude after 24 h of sleep
deprivation serves as an early electrophysiological marker of alertness decline,
and whether the distinct theta and alpha changes observed across prolonged
wakefulness reflect stage-dependent neural dynamics. Greater emphasis
should also be placed on temporal trajectories, individual vulnerability
to sleep loss and the robustness of these findings under more naturalistic
conditions.

This study offers a new perspective for the accurate identification and
deeper understanding of brain alertness. However, certain limitations remain,
such as the relatively small sample size, necessitating validation in larger
populations. Future research aims to further expand this field to enhance the
model’s performance and applicability.
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CONCLUSION

SSS scale scores and PVT reaction time both showed significant differences
(p < 0.05), indicating that the sleep deprivation experiment successfully
distinguished varying levels of alertness, providing research evidence for
model construction. At the neural representation level, significant differences
were observed in ERP time-domain features, specifically in P2 amplitude
and P3 latency, while frequency-domain features of relative power most
effectively characterized alertness differences at 6 and o frequencies, with the
0 band being the most sensitive. The PSO-SVM model constructed based on
these features achieved stable and high classification performance, with an
average accuracy of 80.0%, a recall of 79.9%, and a specificity of 79.3%.
It outperformed traditional single classifiers in comparative evaluations,
further supporting the effectiveness of this method for alertness recognition.
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