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Abstract. Eye state recognition aims to determine whether a person’s
eyes are open or closed. Although it is a simple binary classification task,
it plays an important role in wearable sensing and human—computer in-
teraction, as eye state provides valuable cues for fatigue monitoring, at-
tention assessment, safety-critical systems, and adaptive user interfaces.
In this work, we study electroencephalography (EEG)-based eye state
recognition using the UCI EEG Eye State dataset. Instead of relying on
deep learning models, we propose a transparent machine learning pipeline
based on explicit signal preprocessing and hand-crafted feature engi-
neering. The workflow includes band-pass filtering, non-overlapping one-
second window segmentation with majority-vote labeling, multi-domain
feature extraction, feature standardization, and supervised classification.
Under a unified experimental protocol, several conventional classifiers are
systematically trained and compared, with hyperparameters optimized
using randomized search and cross-validation. Experimental results show
that XGBoost achieves the best overall performance on the held-out test
set, reaching a macro-F1 score of 0.873, a balanced accuracy of 0.871,
a Matthews correlation coefficient (MCC) of 0.749, and an area under
the receiver operating characteristic curve (ROC-AUC) of 0.832. Over-
all, the results demonstrate that combining carefully designed feature
engineering with ensemble learning can provide reliable EEG-based eye
state recognition while remaining computationally efficient and easy to
interpret.

Keywords: electroencephalography - eye state recognition - wearable
sensing - feature engineering - ensemble learning

1 Introduction

Eye state recognition (open vs. closed) is a simple binary classification prob-
lem; nevertheless, it provides informative cues regarding an individual’s level of
attention and fatigue [8]. In many real-world scenarios, prolonged eye closure
or frequent blinking is commonly associated with reduced alertness, which is
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particularly relevant for fatigue monitoring in safety-critical applications, such
as industrial operation or human supervision tasks, as illustrated in Fig. 1. Be-
yond safety-related contexts, eye state information is also valuable for human—
computer interaction (HCI), where user interfaces can adapt to the user’s cog-
nitive state, for example by reducing interaction complexity, adjusting feedback,
or recommending rest breaks [17].

In practical systems, eye state is commonly detected using vision-based ap-
proaches, such as red—green—blue (RGB) cameras or infrared sensors [19]. These
methods have demonstrated strong performance in controlled laboratory envi-
ronments, where factors such as lighting conditions, camera placement, and user
posture can be carefully regulated. However, their reliability often degrades in
unconstrained real-world settings, as performance can be adversely affected by
variations in illumination, head movements, partial occlusions, or suboptimal
camera positioning [10]. In addition to these technical limitations, continuous
camera-based monitoring may raise privacy concerns, particularly in long-term
or sensitive applications, which motivates the exploration of alternative sensing
modalities that do not rely on continuous video streams.

Electroencephalography EEG is intrinsically related to the eye open or closed
state at the level of physiological mechanisms[1]. Eye closure induces pronounced
changes in cortical neural activity, most notably characterized by an increase in
occipital alpha rhythms and broader alterations in overall EEG dynamics|7].
These changes reflect cortical excitability modulation driven by reduced visual
input and can be reliably captured in EEG signals. Compared to approaches
based on external visual observation, EEG directly characterizes the neurophys-
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iological processes associated with eye state, enabling the detection of eye state
changes even when they are not visually apparent[20]. Despite these advantages,
EEG-based classification remains challenging. EEG signals are noisy, susceptible
to artifacts (e.g., muscle activity and movement), and can vary across time and
individuals[6]. These factors make robust preprocessing and informative signal
representations critical for stable classification performance.

This paper proposes an EEG-based eye state recognition approach grounded
in interpretable multi-domain feature engineering. Aimed at addressing the chal-
lenges of EEG signal modeling under small-sample and high-noise conditions, as
well as the strong reliance of existing methods on complex and poorly inter-
pretable models, we construct a transparent, systematic, and easily reproducible
end-to-end recognition pipeline. The core contributions of this work can be sum-
marized as follows: (1) We design an interpretable multi-domain EEG feature
representation for window-level eye state recognition. (2) We construct a com-
prehensive EEG eye state recognition pipeline that enables systematic model-
ing from raw EEG signals to final classification decisions. (3) Through empiri-
cal analysis, we demonstrate that combining feature engineering with ensemble
learning yields stable and competitive performance for this task.

The structure of this paper is organized as follows. Section 2 reviews related
work on EEG-based eye state recognition. Section 3 describes the dataset. Sec-
tion 4 presents the proposed method. Section 5 reports results and discussion.
Finally, Section 6 concludes the paper and outlines limitations and future work.

2 Related Work

EEG-based eye state recognition has been studied for more than a decade and
is commonly used as a benchmark task for evaluating different classification
pipelines. Early work by Rosler and Suendermann [14] demonstrated that eye
state information can be inferred from EEG signals using supervised learning
techniques. Subsequent studies explored alternative learning settings and exper-
imental designs. For example, Wang et al. [18] investigated time-series—oriented
learning strategies to better account for the sequential nature of EEG data.
Rosler et al. [13] further examined practical aspects of EEG-based eye state
recognition by comparing different EEG devices and analyzing how hardware
characteristics affect signal quality and downstream classification performance.

From a modeling perspective, a wide range of learning paradigms have been
applied to this task. Several studies reported that relatively lightweight baseline
models can already achieve competitive performance under appropriate experi-
mental conditions [15]. Other work emphasized the importance of experimental
design choices, such as data partitioning strategies and training protocols, which
can substantially influence reported performance on this dataset [16,2]. More
recent research has extended toward stronger combination-based learning strate-
gies and modern model structures, often reporting improved robustness under
specific settings [4,9]. In parallel, deep learning approaches have also been ex-
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plored for EEG eye state detection, reflecting continued interest in end-to-end
modeling for this problem [11].

Despite these advances, EEG-based eye state recognition remains challenging
in practical scenarios. EEG signals are inherently noisy and sensitive to artifacts,
and substantial variability can arise across time, recording conditions, and sub-
jects. Moreover, differences in experimental protocols—such as the definition of
prediction units, data splitting strategies, and evaluation metrics—can lead to
inconsistent conclusions across studies. These challenges highlight the need for
systematic and reproducible experimental pipelines, as well as balanced evalua-
tion practices that fairly assess performance on both eye state classes.

3 Dataset

All experiments in this study are conducted using the UCI EEG Eye State
dataset [12], which is publicly available through the UCI Machine Learning
Repository. The dataset was originally collected by Rosler and consists of EEG
recordings acquired using an Emotiv EEG Neuroheadset. The headset provides
14 EEG channels, and the signals are sampled at 128 Hz.

In total, the dataset contains 14,980 EEG samples arranged as a continuous
multivariate time series. Each sample is annotated with a binary eye state la-
bel, where 0 denotes eyes open and 1 denotes eyes closed, as shown in Fig. 2.
According to the dataset documentation, eye state labels were obtained through
camera-based observation during data acquisition and subsequently assigned to
the EEG samples. All samples are chronologically ordered, and no missing values
are reported. Therefore, eye state labels are available at the sampling-point level,
which enables window-level labeling through aggregation after segmentation.

The recording corresponds to a single continuous EEG session with a dura-
tion of approximately 117 seconds. However, the public dataset description does
not provide detailed information about the experimental protocol, such as the
number of subjects involved, demographic characteristics (e.g., age or gender),
specific task instructions, or recording conditions.

4 Proposed Method

We propose a transparent EEG-based eye state recognition pipeline based on
explicit preprocessing and multi-domain feature engineering. Continuous EEG
signals are segmented into 1-second windows with majority-vote labeling, and a
structured 154-dimensional feature vector is extracted per window. An overview
of the complete pipeline is shown in Fig. 3.

4.1 Problem Definition

We formulate EEG-based eye state recognition as a binary classification problem.
Let X € RTXC denote a continuous EEG recording, where 7' is the number
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Fig. 2. Data collection process of the UCI EEG Eye State dataset.
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Fig. 3. Overview of the proposed EEG eye state recognition pipeline.

of time steps and C' = 14 is the number of EEG channels. Each time step
corresponds to one EEG sampling point acquired at a sampling rate of 128 Hz.
The continuous EEG signal is segmented into a sequence of fixed-length time
windows. The i-th window is denoted as W; € RLXC | where L is the window
length in sampling points. Each window is associated with a binary eye state
label y; € {0,1}, where 0 indicates eyes open and 1 indicates eyes closed.
Given a training set composed of window—label pairs

{(Wi, i) Ly (1)

the objective is to learn a classification function f(-) that can accurately predict
the eye state of unseen EEG windows.

4.2 Signal Preprocessing

Raw EEG signals often contain low-frequency drift and high-frequency noise.
To suppress these components, a 4th-order Butterworth band-pass filter with
cut-off frequencies of 0.5 Hz and 45 Hz is applied to each channel. The lower
cut-off removes slow baseline fluctuations, while the upper cut-off reduces high-
frequency noise. Filtering is performed prior to window segmentation so that
feature extraction operates on a cleaner and more stable signal representation.
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Fig. 4. EEG signal segmentation and labeling method.

4.3 Window Segmentation and Label Assignment

After preprocessing, the continuous EEG signal is segmented into fixed-length,
non-overlapping windows of 1 second. Given the sampling rate of 128 Hz, each
window contains 128 sampling points across 14 EEG channels.

The choice of a 1-second window represents a commonly adopted compro-
mise in EEG analysis. Such a duration is sufficiently long to capture informative
temporal and spectral characteristics of EEG rhythms, while remaining short
enough to preserve temporal resolution and reduce label ambiguity. Similar win-
dow lengths have been widely used in prior EEG-based eye state recognition
studies [14, 18, 15].

Non-overlapping windows are intentionally employed to reduce temporal de-
pendence between adjacent windows. Using overlapping segments would sub-
stantially increase the number of training samples, but at the cost of introducing
highly correlated instances, which can lead to overly optimistic performance esti-
mates. By adopting non-overlapping windows, the evaluation protocol prioritizes
conservative and more realistic performance assessment.

In the UCI EEG Eye State dataset, eye state annotations are provided at
the sampling-point level, meaning that each EEG sample is associated with an
eye state label. As a result, each 1-second window contains 128 sample-level
labels. To obtain a single label per window, majority voting is applied over the
corresponding sample-level labels. The window is assigned to the eye state that
occurs most frequently among its constituent sampling points.
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4.4 Feature Extraction

A multi-domain feature representation is extracted for each EEG window to
characterize the signal from complementary perspectives. The feature design
combines time-domain statistics, frequency-domain information, signal dynam-
ics, and coarse spatial descriptors. In total, 154 features are computed per win-
dow, as shown in Table 1.

Time-domain features For each channel, the mean and standard deviation
are computed to summarize the amplitude level and variability of the EEG signal
within the window. This results in 28 features across all channels.

Frequency-domain features Spectral information is captured using band
power features computed from the power spectral density estimated via Welch’s
method. Five standard EEG frequency bands are considered: delta (0.5—4 Hz),
theta (4-8 Hz), alpha (8-12 Hz), beta (12-30 Hz), and gamma (30-45 Hz). For
each channel, the band power within each frequency range is calculated, yielding
a total of 70 features.

Complexity and dynamics features To capture signal dynamics beyond
amplitude and spectral content, Hjorth parameters are extracted for each chan-
nel[5]. Specifically, activity, mobility, and complexity are computed, describing
signal variance, normalized slope, and waveform complexity, respectively. These
parameters provide a compact characterization of EEG temporal dynamics and
have been widely used in EEG analysis. With 14 channels, this results in 42
features.

Hemispheric summary features To incorporate lightweight cross-channel
spatial information, hemispheric summary features are introduced. The 14 EEG
channels are grouped into left- and right-hemisphere sets based on their electrode
locations. For each window, summary statistics are computed separately for the
two hemispheres.

Specifically, the maximum signal amplitude across right-hemisphere channels
and the minimum signal amplitude across left-hemisphere channels are extracted.
These descriptors provide a coarse representation of hemispheric asymmetry
while avoiding high-dimensional spatial modeling. The resulting 14 features com-
plement the channel-wise feature set and contribute to the final 154-dimensional
representation.

4.5 Model Training and Evaluation Protocol

Model training is performed using a unified pipeline that integrates feature nor-
malization, imbalance handling, and supervised classification. Feature standard-
ization is first applied using StandardScaler, which rescales each feature to zero
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Table 1. Overview of extracted EEG features per window.

Feature category Included features Number
Time-domain statistics Mean, standard deviation (per channel) 28
Frequency-domain features Band power (delta, theta, alpha, beta, gamma) 70
Signal dynamics Hjorth activity, mobility, complexity 42
Hemispheric summaries Left/right hemisphere max—min descriptors 14
Total - 154

mean and unit variance. This step ensures that features with different numerical
ranges contribute comparably during learning and is particularly important for
distance-based and gradient-based classifiers.

To mitigate class imbalance in the training data, Synthetic Minority Over-
sampling Technique (SMOTE) is employed. SMOTE generates synthetic samples
for the minority class by interpolating between neighboring minority instances
in feature space, thereby reducing bias toward the majority class during classifier
learning[3]. Both StandardScaler and SMOTE are implemented within the cross-
validation pipeline and are fitted exclusively on the training folds of each split,
preventing information leakage.

All model hyperparameters are optimized using cross-validation on the train-
ing set. Once the best-performing configuration is identified, the final model is
retrained on the full training set and evaluated on a held-out test set that is not
used during model selection.

5 Results and Discussion

This section reports the classification performance of the proposed EEG eye
state recognition pipeline and discusses the observed patterns.

5.1 Overall Performance

As shown in Table 2, the results demonstrate that boosted ensemble models con-
sistently outperform simpler baselines on the proposed feature representation.
Among all evaluated classifiers, XGBoost achieves the strongest overall perfor-
mance, suggesting that its ability to model nonlinear feature interactions and
perform implicit feature selection is particularly well suited to the heterogeneous,
multi-domain EEG feature set.

Quantitatively, XGBoost improves balanced accuracy from 0.83 (gradient
boosting machine (GBM)) to 0.87 and increases MCC from 0.67 to 0.75, in-
dicating not only higher classification accuracy but also substantially stronger
agreement beyond chance. These results support the hypothesis that boosted
ensembles are better able to exploit nonlinear interactions among complemen-
tary EEG feature groups. In contrast, k-nearest neighbors (kNN) and support
vector machine (SVM) exhibit weaker performance. This can be attributed to
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the relatively high feature dimensionality compared to the limited number of
window-level samples, which exacerbates the curse of dimensionality and in-
creases sensitivity to noise. Similarly, multilayer perceptron (MLP) performance
is constrained by the small dataset size, limiting its ability to learn stable rep-
resentations without overfitting. These limitations are particularly pronounced
in the present setting, where non-overlapping window segmentation intention-
ally reduces sample redundancy while also restricting the effective training set
size. The relatively small number of window-level samples is therefore an im-
portant factor influencing result variability. While the use of non-overlapping
1-second windows provides a conservative and realistic evaluation protocol, it
also increases variance in test-set performance estimates. For this reason, bal-
anced evaluation metrics such as macro-F1 and MCC are emphasized over raw
accuracy, as they more reliably reflect performance under class imbalance and
limited data conditions.

From a practical perspective, these results indicate that feature engineer-
ing combined with ensemble learning can provide reliable EEG-based eye state
recognition under constrained data regimes. The proposed approach is computa-
tionally efficient, transparent, and suitable as a strong baseline for future studies.
Nevertheless, the limited dataset size and the lack of subject-level metadata re-
strict conclusions regarding subject-independent generalization, motivating fur-
ther investigation on larger and more diverse datasets.

5.2 Baseline Comparison

Table 2 compares all conventional classifiers evaluated in this work. Overall,
the results reveal a clear performance hierarchy across model families. Boosted
ensemble methods achieve the strongest and most stable performance on the
extracted feature representation. Single-tree models and weak-learner ensem-
bles perform competitively but with reduced robustness. Specifically, Gradient
Boosting attains competitive results but remains consistently inferior to XG-
Boost across all metrics. Decision Trees and AdaBoost perform moderately well,
yet exhibit reduced stability compared to the stronger ensemble models.

In contrast, kNN, MLP, and SVM show weaker performance under the cur-
rent feature design and the limited number of window-level samples. This sug-
gests that, in small-sample and noisy EEG settings, these baselines struggle
to capture relevant feature interactions as effectively as boosted ensemble ap-
proaches.

5.3 Comparison with Existing Work

To contextualize the results, Table 3 summarizes representative studies on the
UCI EEG Eye State dataset. Different works often adopt distinct preprocess-
ing procedures, segmentation strategies (e.g., overlapping versus non-overlapping
windows), and evaluation protocols. As a result, the reported numbers are not
directly comparable in a strict sense, but they nevertheless provide a useful ref-
erence range for typical performance levels.



10 Melanie Qiu, Yiting Wei, and Nima TaheriNejad

Table 2. Comparison of conventional classifiers on the test set.

Model BACC F1 MCC ROC-AUC
GBM 0.825175 0.828571  0.669342  0.769231
DT 0.779720  0.782214 0.591312  0.741259
AdaBoost  0.734266 0.733333  0.513610  0.706294
kNN 0.615385  0.531250  0.347677  0.590909
SVM 0.576923  0.466667 0.277350  0.419580
MLP 0.569930  0.499051  0.186989  0.489510

XGBoost 0.870629 0.873016 0.749159 0.832168

Table 3. Comparison with representative prior studies on the UCI EEG Eye State
dataset.

Reference (Year) Method Reported Accu-
racy

Sabanci and Koklu kNN, MLP baselines 84.05% (kNN)

(2015) [15]

Bharati et al. (2018) [2] Classical machine learning (ML) 83.65%
(kNN, decision tree (DT), SVM,
Logistic)

Dritsas et al. (2024) [4] Ensemble macro-F1, MCC, bal- 84.0%
anced accuracy, and ML with im-
balance handling

This work Feature engineering + XGBoost 87.06% (Bal-
anced ACC)

In addition, it should be noted that this work adopts balanced accuracy as
the primary evaluation metric. By assigning equal importance to both classes,
balanced accuracy provides a more stringent and conservative assessment than
standard accuracy under class-imbalanced conditions. Consequently, compared
to prior studies that primarily report standard accuracy, the results presented
in this work offer a more cautious and methodologically rigorous evaluation of
performance.

5.4 Interpretation and Practical Considerations

The results show that EEG-based eye state recognition can be effective when
the signal is processed in a structured and interpretable manner. The adopted
multi-domain feature engineering strategy enables the signal to be character-
ized from complementary perspectives. Time-domain features capture overall
amplitude levels and variability within each window, while frequency-domain
band power features reflect changes in EEG rhythms associated with eye clo-
sure, particularly in lower frequency ranges. Hjorth parameters further describe
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signal dynamics and capture temporal behaviors that are not evident from sim-
ple statistical measures. In addition, hemispheric summary features provide a
lightweight means of incorporating cross-channel information and may reflect
coarse spatial differences between electrode groups.

Among all evaluated models, XGBoost achieves the best overall performance,
also outperforms the exsiting methods. This is consistent with its ability to model
nonlinear feature relationships while maintaining regularization. Compared to
simpler baselines such as kNN or SVM, XGBoost more effectively integrates
information from different feature domains. At the same time, the approach
remains computationally efficient, as the classifier operates on a compact feature
vector rather than raw EEG signals. Overall, the proposed pipeline offers a
favorable balance between performance, interpretability, and practical feasibility.

6 Conclusion

This work presented a transparent and interpretable machine learning pipeline
for EEG-based eye state recognition using the UCI EEG Eye State dataset.
The proposed approach integrates explicit signal preprocessing, non-overlapping
one-second window segmentation with majority-vote labeling, and multi-domain
feature engineering to characterize EEG signals from complementary perspec-
tives. A compact 154-dimensional feature representation was constructed by
combining time-domain statistics, frequency-band power features, Hjorth pa-
rameters, and hemispheric summary descriptors. Under a unified training and
evaluation protocol, multiple conventional classifiers were systematically bench-
marked. Among them, XGBoost achieved the best overall performance on the
held-out test set, demonstrating strong balanced accuracy, macro-F1, MCC, and
ROC-AUC. These results indicate that combining carefully designed feature en-
gineering with ensemble learning can provide reliable EEG eye state recognition
while maintaining computational efficiency and interpretability, making the pro-
posed pipeline a strong and practical baseline.

Despite these encouraging results, several limitations should be acknowl-
edged. The use of non-overlapping windows results in a relatively small number of
window-level samples, which may increase variability in performance estimates.
Moreover, the lack of subject-level metadata in the public dataset restricts con-
clusions regarding subject-independent generalization. Future work will therefore
focus on more robust artifact handling, subject-independent evaluation proto-
cols, and the exploration of overlapping or multi-scale windowing strategies to
better capture transitions between eye states and improve generalization across
users.
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