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Abstract

In pursuit of proactive safety management in construction, accurate and real-time recognition of workers’ cognitive states is essential for
crafting targeted interventions to minimize safety risks. Unlike conventional manual and qualitative methods, electroencephalogram (EEG)
offers a reliable and objective solution for cognitive state recognition. Notably, efforts that integrate EEG with deep learning have exhibited
significant advancements. Nevertheless, certain constraints, such as experimental costs and limited participants, have caused a scarcity of
high-quality data, which has impeded performance in recognition tasks. Although transfer learning demonstrates its capability in addressing
this challenge, the lack of relevant explorations into EEG-based cognitive state recognition remains a significant research gap. Therefore,
customizing pre-trained deep learning models for these tasks would be beneficial. This study aims to develop pre-trained models to advance
future studies in this domain through transfer learning, encompassing: 1) extracting extensive and accurately labeled EEG data from the
DEAP dataset, 2) selecting appropriate network architectures and implementing pre-trained model development, and 3) collecting EEG data
for mental fatigue recognition and evaluating model effectiveness. Rigorous evaluation suggests a substantial improvement in model
performance, with test accuracy increasing from 63.19% to 92.29% by leveraging the pre-trained convolutional neural networks (CNN)—long
short-term memory (LSTM) model. In conclusion, this study significantly contributes to enhancing safety management for construction
workers through EEG by providing validated pre-trained models to address challenges of data scarcity. Future research may advance by
exploring additional network architectures, increasing sample size, and considering more specific recognition tasks for model evaluation.
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1. Introduction

The construction sector is known for its notable safety risks, stemming from its inherent complexity, unpredictability, and often
chaotic work environments!'l. A significant component of these risks is the unsafe behaviors of construction workers, which account
for over 70% of construction accidents that lead to injuries and even fatalities/?l. These behaviors often arise from cognitive factors,
such as insufficient vigilancel’l and excessive fatiguel!l. Given the continuous and repetitive nature of construction tasks, a decline in
cognitive state is particularly concerningl®. The cognitive process behind unsafe behavior emphasizes the critical role of cognitive
state in the occurrence of construction accidents!l. Therefore, recognizing and evaluating workers’ cognitive states is essential for
implementing interventions, thereby facilitating proactive safety management.

In order to implement cognitive state recognition for workers, previous efforts have typically used qualitative methods such as
questionnaires or self-reports!’l. These methods, however, tend to be subjective and imprecise. Recently, electroencephalogram (EEG)
has emerged as a reliable means to detect construction workers’ cognitive states!®), such as work stress!”) and mental fatiguel'’l. Prior
research has developed time-domain EEG features to reflect specific cognitive states, such as using the Engagement index to measure
workers’ mental workload!!!l. Recently, data-driven assessment incorporating machine learning algorithms has represented a
significant advancement and gained attention!’l. Nonetheless, the reliance on hand-crafted features may limit sufficient
representativeness and, consequently, impair model performancel!!l.

Integrating deep learning into EEG analysis has been extensively explored, since it autonomously extracts features from original
datal’?l, This advanced technology effectively addresses the constraints of EEG features when utilizing machine learning, and

© The Author(s) 2025. This is an Open Access article licensed under a Creative Commons Attribution 4.0 International License

BY (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, sharing, adaptation, distribution and reproduction in
any medium or format, for any purpose, even commercially, as long as you give appropriate credit to the original author(s) and the source, provide a
link to the Creative Commons license, and indicate if changes were made.


mailto:seulqm@163.com
https://doi.org/10.70401/jbde.2025.0005
https://crossmark.crossref.org/dialog?doi=10.70401/jbde.2025.0005&domain=pdf
https://creativecommons.org/licenses/by/4.0/

J Build Des Environ. 2025;3:202518 | https://doi.org/10.70401/jbde.2025.0005 Page 2 of 12

enhances model performancel’3l. However, the stringent need for high-quality EEG data for model training presents significant
challenges. Due to experimental costs and other constraints, prior explorations for EEG-based cognitive state recognition for
construction workers typically involve insufficient participants, averaging around 15, with a median of 12[!!l. Moreover, previous data
labeling has heavily relied on subjective tools, such as questionnaires based on National Aeronautics and Space Administration Task
Load Index!!l, with only a few adopting objective physiological indicators like skin temperaturel'‘l. Notably, accurate data labeling
methods, combined with sufficient sample size, are crucial for ensuring data quality and model performancel!!l.

The data scarcity for EEG- and deep learning-based cognitive state recognition of construction workers has become a significant
limitation. This scarcity severely hinders training efficiency and model performance in recognition tasks!(!*). However, there are
abundant publicly available datasets for EEG-based cognitive research, such as Dataset for Emotion Analysis using Physiological
Signals (DEAP)!'°l, SJTU Emotion EEG Dataset (SEED)!'), Brain-Computer Interface (BCI), PhysioNet EEG Motor Movement/Imagery
Dataset!'®l, and others. These datasets hold potential to address challenges posed by data scarcity through utilization of transfer
learning, which leverages established domain knowledge from source tasks to improve model performance in relevant tasks('"l.
Transfer learning, as a sophisticated technology to enhance model performance in the context of data scarcity!?l, has been
extensively investigated in construction, improving tasks like object recognition!'®l and text classification?!l. However, the
exploration of this technology in EEG-based recognition for workers’ cognitive states remains an unexplored area. Unlike
image-related studies that adopt pre-trained models like EfficientNet!>?l and VGG!??, there is a lack of appropriate pre-trained models
for EEG-based tasks in construction, given the notable differences between EEG and image data formats. Therefore, developing pre-
trained models based on established EEG datasets can effectively bridge the research gap, laying a solid foundation for various
cognitive state recognition tasks in construction using EEG and transfer learning.

This study aims to develop pre-trained deep learning models applicable for various EEG-based cognitive state recognition tasks in
construction. The development process includes the following steps: 1) extracting extensive and accurately labeled data from DEAP
dataset; and 2) determining suitable deep learning network architectures tailored to the extracted data and implementing model
training. Following model development, an indoor experiment will be conducted to collect EEG data for model evaluation. A rigorous
analysis will comprehensively compare performance metrics, including Accuracy, Macro-Precision, Macro-Recall, and Macro-F1, to
validate the effectiveness of the pre-trained models in enhancing performance for specific tasks like mental fatigue recognition.

2. Methodology

This section provides details on the preparation of EEG data, the architectures of considered networks, the parameters and settings
for model training, as well as the design of the indoor experiment and the model evaluation process. Figure 1 presents a
comprehensive overview of the research framework, encompassing data preparation, network architecture, and the model
development process, along with the implementation of indoor experiments and the evaluation of model performance.

1.Data preparation 2 Networlc architectures and model 3.Indoor experiment and model evaluation
development
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Figure 1. Research framework of this study. EEG: electroencephalogram.

2.1 Data preparation

EEG data from the DEAP dataset are utilized to develop pre-trained models in this study!'®). Compared to other publicly available
databases such as SEED, BCI, and PhysioNet EEG Motor Movement/Imagery Dataset, the well-established DEAP dataset encompasses
EEG data collected from a sufficient number of participants, and offers verified labels for recognition tasks like vigilance, arousal, and
dominancel?!l. The high-quality EEG data provided by this dataset greatly facilitates the development of pre-trained models that
capture useful feature representations. Moreover, these data labels align well with the valence-arousal-dominance (VAD) modell?>>],
which comprehensively describes various cognitive states, such as alertness, anxious, dejection, and others, by collectively utilizing
these data labels.


https://doi.org/10.70401/jbde.2025.0005

J Build Des Environ. 2025;3:202518 | https://doi.org/10.70401/jbde.2025.0005 Page 3 of 12

The EEG data from DEAP dataset have been preprocessed with a downsampling rate of 128 Hz, along with the removal of
electrooculography artifacts and the application of band-pass frequency filtering (from 4.0 to 45.0 Hz) to ensure the purity of data. The
resulting data shape is 32 x 40 x 32 x 7,680, where each dimension corresponds to the number of participants, trials, EEG channels,
and involved data points, respectively. EEG data from 14 channels have been extracted to align with the experimental EEG data
collected by Emotiv Epoc device for model evaluation (refer to Section 2.4). Subsequently, each trial’s data (size: 14 x 7,680) have been
segmented into 119 parts using a sliding window technique, featuring a 0.5-second step and a 2-second window length?°l, This
windowing technique ensures continuous yet partially overlapping data segments within each window, minimizing data leakage by
preventing future information from influencing the model during training. The three-dimensional numerical labels from DEAP have
accordingly been transformed into three discrete levels, based on the ranges of 1-3 for low, 4-6 for medium, and 7-9 for high[?7..

2.2 Network architectures

This paper focuses on using a multi-task CNN-LSTM architecture for pre-trained model development. The involved CNN layers
effectively extract features from input data and contribute to relevant tasks!’!l. The LSTM layer captures long-term dependencies in
data series for each individual task?l. A dense layer along with a dropout layer, enhances the robustness of model and mitigate
potential overfitting. Finally, an output layer with three units is set up, utilizing a softmax activation function. Considering the
three-dimensional data labels provided by DEAP dataset, as well as the VAD model for cognitive state recognition, the multi-task
networks are primarily employed for model development. Unlike single-task learning, architectures based on multi-task learning
leverage shared critical information from various recognition tasks and enhance generalizabilityl*l. The considered multi-task
network architectures are described as follows.

Multi-task CNN-LSTM: Figure 2 illustrates the proposed architecture, which comprises multiple components. It begins with three sets
of 1D convolutional layers (each consisting of 128 units), followed by max pooling layers with a pooling size of 2 x 1. These layers are
then followed by three parallel LSTM cells, each containing 64 units. After each LSTM cell, three sets of dense layers (64, 32, and 16
units) are implemented, each followed by a dropout layer (rate: 0.2). Finally, a dense layer with three units and employing a softmax
activation function produces the output for each recognition task.

Dense D
64 Unit ense
( +n1 s) (32 Units) Dense
Dropout + (16 Units)
0.2 Dropout +
o (0.2) Dropout Dense
1D-cov LSTM cell (64 Units) = (02) (3 Units)

1D-cov 1D-cov
(128@3x1)  (128@3x1) (128@3x1)
+ + +

MaxPool MaxPool MaxPool |_| softmax Output:
Ex l)_ f Xl_) fx 2 |_| Valence

Input: EEG data |_| softmax  Qutput:
(batch_sizex256x14) U Arousal

LIl L[| 1L |_| softmax Output:
|_| Dominance

Figure 2. Multi-task CNN-LSTM network architecture. CNN: convolutional neural network; LSTM: long short-term memory network; EEG: electroencephalogram.

Multi-task CNN: This network is driven from the multi-task CNN-LSTM architecture by removing the LSTM cells. It retains the same
CNN layers, including three sets of 1D convolutional layers and max pooling layers. Following these layers are three sets of dense
layers (64, 32, and 16 units), each followed by a dropout layer (rate: 0.2). Finally, an output layer with the same configurations is
included.

To demonstrate the performance superiority achieved by multi-task architectures, the single-task versions of the above networks are
tested.

Single-task CNN-LSTM: This architecture retains the same CNN layers as its multi-task version but includes only a single LSTM cell.
The subsequent layers consist of dense layers (64, 32, and 16 units), each followed by a dropout layer (rate: 0.2). Finally, an output
layer with three units utilizing a softmax activation function, generates the final predictions.

Single-task CNN: This network maintains the same CNN layers as the multi-task version but excludes LSTM cells. It features dense
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layers (64, 32, and 16 units), each followed by a dropout layer (rate: 0.2). Finally, this architecture incorporates an output layer
identical to the one used in the single-task CNN-LSTM.

2.3 Development of pre-trained models

The EEG dataset is divided into three subsets: training, validation, and testing, with proportions of 80%, 10%, and 10%, respectively. To
ensure consistent data partitioning, a random state of 2022 is set. The labels for the recognition tasks-valence, arousal, and
dominance-are encoded using one-hot encoding. For model training, a batch size of 256 is selected, with a learning rate of 0.001, and
the Adam optimizer is employed to facilitate rapid convergence. The model undergoes 100 epochs of training from scratch,
incorporating an early stopping criterion based on validation loss, with a patience setting of 12 epochs. Training is conducted on a
high-performance GPU (NVIDIA RTX A4000) using TensorFlow, with CUDA framework support to accelerate GPU processing. The
development process is carried out using Python. To evaluate the performance of the trained models, test accuracy for the
recognition tasks of valence, arousal, and dominance is computed and compared, enabling the identification of the best-performing
architecture for future enhancements.

2.4 Indoor experiment and model evaluation

(1) Indoor experiment

The previous sections have outlined the development of pre-trained models and their performance evaluation using four metrics on
the training dataset. This section focus on validating the effectiveness of these models in facilitating specific cognitive state
recognition tasks, particularly addressing the scarcity of high-quality EEG data through transfer learning. The focus is on the mental
fatigue recognition task, as fatigue is included in the VAD model and can be accurately labeled using electrocardiography (ECG)
datal!l.

An indoor experiment was conducted to collect EEG data for model evaluation, utilizing an interactive virtual reality (VR)
environment that simulates the task of moving concrete blocks on scaffold. A total of ten participants were involved in this EEG
experiment, with ethical approval granted by the Institutional Ethics Committee of Southeast University (number: 2024ZDKYSB423).
Before the formal experiment, each participant signed the Informed Consent Form. The Emotiv Epoc X device and HTC VIVE Pro VR
headset were employed, while a heart rate monitor simultaneously recorded ECG data to evaluate the participants’ mental fatigue
levels. Throughout the experiment, participants were tasked with transferring bricks back and forth for a duration of 10 minutes,
intentionally inducing a decrease in their fatigue levelsPl. Figure 3 depicts the real-world experimental procedure involving a
participant, as well as the layout of the constructed interactive VR scene.

Figure 3. VR-based experiment for collecting EEG data. (a) A participant during experimental procedure; (b) VR scene layout. VR: virtual reality; EEG: electroencephalogram.

(2) Data processing

The collected data were preprocessed using EEGLAB, applying a finite impulse response bandpass filter (4.0 Hz to 45.0 Hz) and
independent component analysis to remove both extrinsic and intrinsic artifacts!*’l. The R-R interval (RRI) data were extracted from
the synchronously collected ECG data and transformed into two-dimensional data by calculating heart rate variability indicators,
including the standard deviation of RRI (SDNN) and the root mean square of successive RRI differences (RMSSD)I*3l. Following this, the
ECG data were clustered through adaptive Gaussian Mixture Model (A-GMM) approach to accurately identify levels of mental fatiguel®l.
Compared to other clustering algorithm like K-means!®*¥, A-GMM does not require predefining the number of clusters, aligning better
with the objective to learn directly from the data with minimal intervention. This approach, based on Gaussian distribution
assumption, is particularly suited to the variability and distribution characteristics of the data collected in our study. The EEG data
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were then segmented through a uniform sliding window technique, as detailed in Section 2.1. For the probability density function of
variables x; (SDNN) and x, (RMSSD), denoted as P(x;, x;), A-GMM transforms it into a superposition of M Gaussian distributions, as
formula (1).

M
P(xl’ xZ) - Zizl(a)iG(xl’ xz; 'ull; lul'29 COVil’ COViZ)) (1)
In formula (1), each GD can be represented as:

G(xl, X9 My o COV Covl-z)
IR X1~ 1,1 [Covyy O TX1 HT ! @
2m|Cov] 21X 4, 0 Covp|h2™ 4

Among these parameters, W, W, Hix, COvjy, and Covj, signify the amplitude, the expectation of variables x; and x,, and the variances of
variables x; and x,, of the i-th Gaussian distribution. Cov, refers the covariance of variables x; and X, in the i-th Gaussian distribution.

(3) Target model development and evaluation

Several modifications were made to the pre-trained models’ architectures are made, in order to transfer the knowledge from source
domain and tailor the models for target task. These modifications included the addition of three concatenation layers designed to
merge the outputs of Dense layers across varying dimensions, specially set to 192, 96, and 48 units. Following each concatenation
layer, a Dense layer with 32 units was incorporated. Finally, a concluding concatenation layer was established to combine the outputs
of the newly added Dense layers, leading to an output layer configured with units that match the total number of fatigue levels,
utilizing a softmax activation function.

The target model for mental fatigue recognition was developed through a fine-tuning approach, employing the same partition ratios,
hyperparameter settings, and optimizer as previously used. The layers in the pre-trained models were sequentially unfrozen,
including Dense, LSTM, and CNN layers, to identify the optimal configuration. Subsequently, the performance metrics of Accuracy,
Macro-Precision, Macro-Recall, and Macro-F1 were calculated to evaluate the developed target model. The computation process for
these metrics follows formulas (3) through (6), respectively.

12” (TP#TN)

Accuracy =7 - (TPATN+FP+FN)

(©)

n
.. ] TP;
Macro-Precision = ﬁz TPAFP, )
=1
n
1 TP;
Macro-Recall = zz TPAFN, ®)
=10

(2xMacro-PrecisionxMacro-recall)

Macro-F1= (6)

(Macro-Precision+Macro-Recall)

Where TP;, FP;, FP, and FN; refer to the True Positive, True Negative, False Positive, and False Negative for class i, respectively. The
value of n is equal to the number of divided fatigue levels.

3. Results

This section begins by presenting the development results of the pre-trained models. Following this, the evaluation results of the
models are discussed, highlighting their roles in enhancing specific tasks (i.e., mental fatigue recognition) through transfer learning.

3.1 Results of pre-trained models’ development

Figure 4 illustrates the training process of the pre-trained models, specifically highlighting the accuracy and loss trends of both the
multi-task CNN-LSTM and multi-task CNN across training iterations. Each line in the graph marks the accuracy and loss progression
over epochs, with the endpoint of each line indicating the epoch at which the early stopping mechanism was activated. This
mechanism was implemented to prevent overfitting, halting the training once the model’s performance on the validation set started


https://doi.org/10.70401/jbde.2025.0005

J Build Des Environ. 2025;3:202518 | https://doi.org/10.70401/jbde.2025.0005 Page 6 of 12

to deteriorate. The curves demonstrate that the multi-task CNN-LSTM model consistently achieves higher accuracy and lower loss
compared to the multi-task CNN model across source tasks, indicating that the former is more effective in learning meaningful
patterns from the data. Moreover, the multi-task CNN-LSTM model takes longer to reach early stopping, requiring over 60 epochs to
converge, which suggests that it undergoes more thorough learning and a deeper understanding of the underlying data compared to
the other model. This extended training time could indicate better generalization ability, as the model explores the data more
extensively before converging.

Task Valence Task Arousal Task Dominance
1.0 1.0 1.0
10 1.0
1.0
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Figure 4. Pre-trained model training process. CNN: convolutional neural network; LSTM: long short-term memory network.

Table 1 further compares the test accuracies of both multi-task and single-task models for the valence, arousal, and dominance tasks.
The multi-task models outperform the single-task models, achieving test accuracies of 88.34%, 88.76%, and 89.28% for each respective
task. These results are notably higher than those achieved by the single-task models, which underperformed in comparison.
Furthermore, the multi-task CNN-LSTM model exhibits a relatively balanced performance across the three cognitive state recognition
tasks, highlighting its ability to generalize well to different aspects of cognitive states. In contrast, other models show imbalanced
accuracies, with some tasks being significantly more difficult to classify than others.

Table 1. Pre-trained models' test accuracy on DEAP dataset.

Test accuracy

Pre-trained models

Task Valence Task Arousal Task Dominance
CNN-LSTM (multi-task) 88.34% 88.76% 89.28%
CNN (multi-task) 70.18% 70.40% 74.81%
CNN-LSTM (single-task) 75.25% 75.78% 77.28%
CNN (single-task) 72.23% 77.29% 78.00%

CNN: convolutional neural network; LSTM: long short-term memory network; DEAP: Dataset for Emotion Analysis using Physiological Signals.

3.2 Results of pre-trained models’ evaluation

Approximately 100 minutes of data were gathered from 10 participants during the indoor experiment. To analyze this data, we
employed an adaptive GMM algorithm for clustering, which identified six distinct fatigue levels and assigned them to the
corresponding data segments. These fatigue levels served as the foundation for developing target models focused on mental fatigue
recognition. These models were created by fine-tuning pre-trained multi-task models, which had previously been trained on a
large-scale dataset (such as DEAP) to recognize cognitive states.

The performance metrics of the fine-tuned models are shown in Table 2, alongside those of single-task models that were trained from
scratch using the target dataset. The inclusion of both pre-trained multi-task models and single-task models highlights the
effectiveness of using transfer learning to enhance model performance. The results indicate that the multi-task CNN-LSTM model
consistently outperforms all other models, achieving a peak accuracy of 92.29% when all layers are unfrozen. In contrast, the
single-task models, which did not benefit from transfer learning, achieved test accuracies of only 63.19% and 55.33%, respectively. This
stark difference clearly demonstrates the ability of pre-trained deep learning models to overcome challenges posed by limited EEG
data, significantly improving model performance in cognitive state recognition tasks.


https://doi.org/10.70401/jbde.2025.0005

J Build Des Environ. 2025;3:202518 | https://doi.org/10.70401/jbde.2025.0005 Page 7 of 12

Table 2. Performance metrics of target models on DEAP dataset.

Performance metrics

Pre-trained models Frozen layers
Accuracy Macro-Precision Macro-Recall Macro-F1
Multi-task CNN-LSTM CNN + LSTM + Dense layers 31.49% 29.58% 27.82% 26.44%
LSTM + Dense layers 38.27% 37.95% 35.12% 34.35%
Dense layers 64.49% 62.52% 62.87% 62.56%
None 92.29% 91.94% 91.73% 91.80%
Multi-task CNN CNN + Dense layers 26.64% 24.73% 19.88% 22.30%
Dense layers 59.72% 57.42% 55.81% 56.61%
None 79.82% 77.84% 78.65% 78.23%
None (CNN-LSTM) —_ 63.19% 52.13% 57.06% 54.48%
None (CNN) e 55.33% 54.02% 54.61% 54.23%

CNN: convolutional neural network; LSTM: long short-term memory network; DEAP: Dataset for Emotion Analysis using Physiological Signals.

These findings underscore the importance of transfer learning, particularly when high-quality, domain-specific data is scarce. The
use of pre-trained models enables the leveraging of knowledge learned from a larger, general dataset to improve performance on
smaller, more specialized datasets. Furthermore, the superior performance of the multi-task model suggests that multi-task learning
is an effective strategy for capturing complex patterns and relationships in EEG data, enhancing the model’s ability to generalize
across different cognitive states.

4, Discussion

This section provides an in-depth exploration of the pre-training and model evaluation processes, summarizes the core contributions
to the existing body of knowledge, and outlines the limitations of this research.

4.1 Discussion on pre-training process

Firstly, the CNN layers employed in this study autonomously extract relevant features for model training, allowing the original
segmented EEG data to be input directly into deep learning networks!'!l. This approach marks a significant advancement over prior
studies that relied on machine learning techniques and conventional feature extraction methods!®-*°, which often require extensive
manual feature engineering. Unlike traditional methods such as predefined solutions like PyEEG®], which rely on manually selected
features, the CNN-based approach eliminates the need for such interventions. By allowing the model to learn the most relevant
features directly from the raw data, this method ensures improved performance and better generalization to new, unseen data.

A substantial body of research has utilized the DEAP dataset for various cognitive state recognition tasks, with many studies
employing network architectures like CNN-LSTM and its variants®’l. In line with these established methodologies, our study focuses
on the multi-task CNN-LSTM architecture for developing pre-trained models. This approach yielded impressive results, with test
accuracies of 88.34%, 88.76%, and 89.28% for the valence, arousal, and dominance tasks, respectively. These results represent a notable
improvement compared to the performance ranges summarized by Liu, Ding!®*®], highlighting the robustness of our model and its
ability to capture complex cognitive state features. These results further demonstrate the strength of using pre-trained models in
EEG-based cognitive state recognition tasks. In summary, the pre-trained models in this study successfully extract essential features
from the original EEG data, which significantly enhances the performance of various cognitive state recognition tasks outlined in the
VAD model.

Moreover, prior studies on transfer learning have often focused on fine-tuning pre-trained models like VGG, EfficientNet, and
ResNet®l, which have primarily been developed for image-related tasks. However, EEG data does not have the same structure as
images, particularly due to the absence of depth dimensions. In this study, to better suit the nature of EEG data, we utilize
one-dimensional CNN layers, which are better aligned with the structure of time-series data. To assess the potential for transfer
learning, EEG data is converted into grayscale image format to fine-tune more traditional image models, such as EfficientNet B3I
and VGG-16[?°], The results of this experiment show an accuracy range of 70% to 80% for the mental fatigue recognition task, which,
while promising, underscores the need for models specifically tailored to EEG data. This finding highlights the importance of
developing dedicated pre-trained models that are optimized for EEG datasets, as such models would be more adaptable and effective
for the unique challenges posed by EEG-based cognitive state recognition tasks.
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4.2 Discussion on model evaluation process

According to the performance metrics presented in Table 2, models developed through transfer learning show significant
improvements in overall performance compared to those without transfer learning, with the greatest improvement observed from
63.19% to 92.29%. Figure 5 illustrates the training process of these models, highlighting the changes in accuracy and loss over epochs.
It is evident that models developed through transfer learning start at a higher performance level and converge more quickly,
reaching convergence in approximately 50 to 67 epochs, whereas models without transfer learning take about 85 to 150 epochs. This
faster convergence is a direct benefit of transfer learning, as it leverages prior knowledge learned from a large, general dataset to
improve the learning process for a specific task. In conclusion, aspects of model performance, such as improved accuracy, faster
convergence, and higher starting points, align with the key advantages of transfer learning, as summarized by Pan and Yang!'’l, who
emphasized the ability of pre-trained models to provide a strong foundation for more efficient learning.

1.0 20.0
09 17.5
0.8 15.0
B>0.7 12.5
g 2
= 0.6 10.0 @
8 -
<« 05 7.5
0.4 5.0
0.3 2.5
02 0.0
0 20 40 60 80 100 120 140
Epoch
—— CNN-LSTM (TL) accuracy —— CNN-LSTM accuracy -=== CNN-LSTM (TL) loss -=== CNN-LSTM loss
—— CNN (TL) accuracy —— CNN accuracy ==== CNN(TL) loss -=== CNN loss

Figure 5. Training process of the target models. CNN: convolutional neural network; LSTM: long short-term memory network.

Furthermore, a comparison of the confusion matrices shown in Figure 6 reveals varying degrees of performance imbalance among
the models developed using the pre-trained multi-task models. For instance, the multi-task CNN model exhibits notably low
performance when recognizing certain fatigue levels, such as level 2 (77.67%), level 4 (67.73%), and level 5 (69.78%). These instances of
underperformance can largely be attributed to inherent discrepancies in the data labels!*’), which arise from the adaptive GMM-based
clustering algorithm used for labeling, rather than from the developed pre-trained models themselves. These discrepancies may
result from the clustering process, which can sometimes produce inaccurate or inconsistent labels, particularly when the data
exhibits significant variability. This highlights a key challenge in EEG-based cognitive state recognition, namely the significant
influence that the quality of EEG data and the accuracy of the assigned labels have on model performance. As such, improving the
labeling process, and ensuring data consistency, will be crucial for future model development!'!l. Additionally, it underscores the
importance of incorporating advanced data preprocessing techniques, such as more robust noise reduction methods, to enhance the
reliability of the input data used for training.
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Figure 6. Confusion matrices of the target models developed by transfer learning. (a) Model developed on multi-task CNN-LSTM; (b) Model developed on multi-task CNN.

CNN: convolutional neural network; LSTM: long short-term memory network.


https://doi.org/10.70401/jbde.2025.0005

J Build Des Environ. 2025;3:202518 | https://doi.org/10.70401/jbde.2025.0005 Page 9 of 12

4.3 Contributions

Theoretically, this study contributes validated, effective pre-trained models based on the DEAP dataset, which have demonstrated
strong performance in cognitive state recognition tasks. These models extract valuable insights from large-scale EEG data, offering
significant potential to advance future research in EEG-based cognitive state recognition, particularly in the construction domain. By
leveraging large-scale datasets like DEAP, these models address the common challenge of data scarcity that often hinders the
application of EEG in real-world settings. This scarcity is typically compounded by constraints such as limited experimental budgets,
subjective labeling methods, equipment limitations, and the availability of participants. By overcoming these challenges, the
pre-trained models developed in this study offer a robust framework for transfer learning, enhancing the performance of target
models, especially when adapting to new, domain-specific data with minimal additional training.

Practically, the pre-trained models in this study provide a versatile solution for customizing cognitive state recognition systems
tailored to a variety of construction scenarios. These include real-time detection of cognitive states like fatiguel'?], stressl’l, and
distraction!*!l among construction workers, including scaffolders, bar fixers, and general laborers. By accurately and promptly
identifying workers’ cognitive states, these models enable the timely implementation of appropriate interventions!*?l, improving
overall workplace safety. For example, if a worker is detected as experiencing high mental fatigue, an automated safety alert can be
triggered, promoting a schedule adjustment to ensure they take short, restorative breaks. This proactive approach to managing
cognitive states in real time can significantly reduce safety risks on construction sites, fostering a safer and more productive working
environment.

Moreover, for practical deployment, integrating lightweight and non-intrusive EEG devices (such as Muse and OpenBCI) with edge
computing technology can facilitate real-time EEG monitoring. This combination allows for continuous tracking of workers’ cognitive
states, providing an efficient and scalable solution for real-time construction safety management. These advancements pave the way
for more dynamic and responsive safety protocols in the construction industry, helping to prevent accidents and promote a proactive
safety culture within the construction industry.

4.4 Limitations and future directions

Although the model development and evaluation processes are well-established, several limitations must be considered. This study,
informed by prior experience with deep learning models on the DEAP dataset!*®], primarily focuses on CNN-LSTM and relevant
architectures. While the pre-training and evaluation process has demonstrated excellent performance, the models’ effectiveness may
still be influenced by data quality and architecture choice. Future research could explore cutting-edge deep learning techniques,
such as utilizing Transformer layers, ResNet-1D architecture, Bayesian layers to enhance uncertainty estimation!'®], and artificial
neural networks deep learning auto-encoders!*’l. Additionally, domain adaptation techniques could be explored to improve the
transferability of models to new, domain-specific datasetsl*!l.

For the indoor experiments aimed at collecting EEG data for model evaluation, increasing the sample size of recruited participants is
essential for enhancing model generalizabilityl'!l. Moreover, the immersive experience of the constructed 3D VR scene could be
further enhanced to improve its effectiveness in simulating real-world scenarios!*>*°l, The recruitment of only 10 participants, with an
intentionally controlled sample size, may not be sufficient to account for the various conditions in construction-related EEG analysis.
Increasing the sample size in future studies would help determine optimal settings and provide more robust validation. Furthermore,
updating EEG signal noise removal techniques and combining diverse data labeling methods, such as expert annotation, hybrid
EEG-ECG models, and others, would further improve the reliability of EEG data and the accuracy of the developed models!*".

Considering the unfreezing strategy of multiple layers of CNN, LSTM, and Dense, the analysis of layer-specific effects on performance
remains incomplete, and a more in-depth exploration of the unfreezing strategy would be beneficial. It is also strongly recommended
to investigate other cognitive state recognition tasks included in the VAD model??, such as vigilance and anxiety recognition, to more
thoroughly evaluate the effectiveness and applicability of the pre-trained models. Despite the validated performance of the proposed
inductive transfer learning framework, notable risks of overfitting, computational costs, and constraints on real-time deployment
remain. Future studies could benefit from incorporating prevention mechanisms such as cross-validation, network simplification,
and the adoption of edge computing and lightweight EEG devices to address these challenges!*sl.

5. Conclusion

This study primarily contributes pre-trained models designed to EEG-based safety management for construction workers. The model
development effectively leverages the well-established DEAP dataset, addressing the challenge of data scarcity for cognitive state
recognition through transfer learning. The scarcity of high-quality EEG data often arises from constraints like limited experimental
costs, subjective labeling methods, equipment limitations, and participant availability. To achieve the research objectives, this study
involves: 1) extracting extensive and accurately labeled EEG data from DEAP dataset; 2) selecting appropriate network architectures
and implementing pre-trained model development; and 3) collecting EEG data for mental fatigue recognition during indoor
experiments, followed by evaluating the effectiveness of the pre-trained models. The evaluation results demonstrate the efficacy of
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these models in enhancing target model performance, as evidenced by a significant increase in accuracy from 63.19% to 92.29%, along

with higher starting points and quicker convergence.

This study provides valuable guidance for future research and practical applications aimed at improving performance in various

EEG-based cognitive state recognition tasks, particularly in addressing the scarcity of high-quality EEG data. Given the limitations in

network architecture selection, experimental settings, and considered recognition tasks, future studies can address these constraints

to achieve further advancements.
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